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Al models for engineered systems

ARTIFICIAL INTELLIGENCE
Any technique that enables

MACHINE LEARNING

_ . Statistical met hods t hat enabl e machines
machines to mimic human _
_ _ programming
intelligence
UNSUPERVISED LEARNING SUPERVISED LEARNING
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DEEP LEARNING
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(Interaction Data)
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Integrate Al models into Model-Based Design
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Al for component modeling Al for algorithm development

A Virtual sensor modeling

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

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

A Control

A Sensor fusion

A Obiject detection
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Al-driven system design

Data Preparation Al Modeling Simulation & Test Deployment
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Al for Electrification

Reduced order modeling
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Reduced Order Modeling

A What

I Technigues to reduce the computational complexity
of a computer model

I Provide reduced, but acceptable fidelity

A Why

" Enable simulation of FEA models in Simulink
Perform hardware-in-the-loop testing
Develop virtual sensor, Digital twins

Perform control design

Enable desktop simulations for order-of-magnitude
longer timescales
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High-fidelity model
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Reduced Order Modeling

Physics-based

: % Simulink, Simscape products, Simulink Design
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Example: Temperature Excursions in motors

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

A Motivation

| temperature excursions leads to loss of
torque efficiency and failures

I need to test over possible thermal regimes

I dyno-testing is expensive, may lead to
degradation

| faster simulations are essential

A Solution
I Reduced Order Modeling
I Preprocess collected data
I Create Al model

I 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
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Data Preparation

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

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



Testing on a short profile

PM temp
'z
&= ™~
0 o~ - test
% [vH predict
-2
0 5000 10000 15000
5 Stator yoke
] /\J/ «M\ “/A
-2
5000 10000 15000
9 Stator tooth
M" .,»'*/\
'20 500 10000 15000
2 Stator winding
O{M\f“ﬂ \W“'N’/A
-2

0 5000 10000 15000

1

PM temp error

0.5

o
——

l”"W"va_uw ‘\-W‘»w‘\w_,

0 5000 10000 15000

Stator yoke error

0.4

o

"*"'*'“'u'&‘\.ww'“m&%"t

0 5000 10000 15000

Stator tooth error

PM“"‘*“MMIN‘"WN

0 5000 10000 15000

Stator winding error

§ ylw%’ *"NL\W*VMWW

0 5000 10000 15000

PM temp

predicted

predicted

predicted

predicted

-1 0 1
measured
-1 0 1 2
measured
. 0.99564
-1 0 1 2
measured
1 0 1
measured

e

£l
£ HUMUSOFT
PM temp error
500 “ﬂ l
0 |
0.4 02 0 02 04
Stator yoke error
500 I'“h
0 ]
04 0.2 0 02 04
Stator tooth error

1000
500 ‘M. I
0

04 02 0 02 04

Stator winding error

500 II‘.
0 |

04 02 0 02 04
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Deployment to Simulink
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Nonlinear Modeling Capabillities
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Reduced Order Modeling Support Package

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

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

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

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

A Mimics a physical sensor using data from other measurements

I 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 A physical sensor may be:
I Expensive
I Slow
I Noisy
I Unreliable
I Not feasible
I Degrading over time
I Requiring redundancy
I 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

k_Valtage
Vout_Chgr
Vot _ vt
MaxGalfvol < MaxCellvolt
MinCallVol == » '—W

BMS_State

SOC_Estmati
Pack_Current
eeeeeee " P Cell_Temperatures

Call_Voltages

R BMS_Info

SOC

estimation \

Why Al over Kalman filtering?

A No need of an internal battery model

A Training directly on measured data

A Capture very complex data relationships

[
&D . PR BN
[ [ . “ EKFNN SOC_EKF1
EKF_SOC —
Extended
Kalman filter
Inputs Outputs
Voltage
Current EEp Al ) Battery SOC

Temperature
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Example: State of Charge estimation -/

0.8} [ i [
Curremoe_ H
A Task Wi
I create a virtual sensor model o I A A

I test multiple machine learning models S S WO
I test LSTM network

pimins |GET STARTED

r Origins!dsta set: ssmpleX e ﬁ“‘
. HARHERHEHMEUEHIIHE - =

A Solution

I loading and partitioning of data

T creation of an Al model

3000 000

I model training

I evaluate the model's accuracy ‘ — —
sequenceinpu {n :ZErTLaver ] [ EtiltnﬂLayer } ?u:ny(:annected

v

dropout
X dropoutlayer

h 4
x || dropout [ /|| sigmoid
dropoutlayer sigmoidLayer
A vy \.
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Data Preparation
. 1 1\ 7%
Data source: McMaster University Efficient
voltage labeling in the
CUITENT e “lab (Coulomb
(EMPErature  — Al SOC Counting )
Computed moving avg. voltage — > P
: Yo® = opan
over a 500 moving avg. current — 0
sec window _
[Predlctors } Response
F 1 2 3 J\\\/d\/—\/s\’\
Voltag Current Temperature Moving Average Voltage Moving Average Current  SOC

1 0.3851 03031 0.7510 03851  0.2064
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 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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Control strategy
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Reinforcement learning

A How it works

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

A Goal ~ ~gent N\

I maximize reward in the long term ——

A POIlcy observations poIicy actions

. update
I deep neural network (most common) g
reinforcement

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

I for difficult to interpret signals (e.g. image)

environment
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Reinforcement Learning vs Controls
Control system Reinforcement learning system

RLalgorithm reward / agent \

tuningalgorithm +tuning criterion
. \ policy

observatiors (policy ! \action( ldisturbance observations Egg‘;ﬁe actions
g D v
referene error lcontrol behavior reinforcement
controller plant learning
algorithm
-’/ \ j
measurement reward T
environment j environment
"
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Reinforcement Learning Workflow

ASimulation models or real hardware ADeep network? Table? Polynomial?

AVirtual models are safer and cheaper ASelect training algorithm

ATune hyperparameters
ATrained policy is a standalone

*}. ” function —

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

representation

_ _ ALarge number of simulations needed
ANumerical value that evaluates goodness policy _ o
AParallel & GPU computing can speed up training
AReward shaping can be challenging o _
ATraining could still take hours or days
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Reinforcement Learning Designer

ccccccccccccc

mmmmmmmmmm

A Design, train, and simulate agents using . —

Batch Size.

Experience Bufer Lengh

a visual interactive workflow s

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

A Import existing MATLAB/Simulink ERE ¢
environments or create a predefined one : |

A Create or import agents

Episode Number

A 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.

A Analyze simulation results and refine
agent parameters coromn [oson caeue_+

A Export the final agent to the MATLAB -
workspace for further use and e [
deployment

RL Agent

Paolicy
Compatible algorithm | DQN v r‘-il cy
Update

Algorithm ‘

Help 0K | | Cance




Example: FOC with Reinforcement Learning

A Motivation

I nonlinear systems, single controller for

multiple operation conditions

I multiple inputs multiple outputs

A Solution

I create Simulink model (environment)

T create reward function
T define actor and critic networks

I train RL agent

I simulate policy and compare with Pl speed

controllers

&
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Field Oriented Control Architecture
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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
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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
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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
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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
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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 ’ -
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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 ¢ »
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Why Perform Predictive Maintenance?

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

A Wind turbines cost millions of dollars

A Failures can be dangerous

A Maintenance also very expensive and
dangerous
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What Does a Predictive Maintenance Algorithm Do?
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Predictive Maintenance Algorithm Development Workflow
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Failure data generation from a Digital Twin

Leverage the engineering knowledge to enhance predictive maintenance

A Generate failure data from Simulink
models

A Identify root cause of fault via
parameter estimation

A Verify predictive maintenance
algorithm in new scenarios with a
digital twin



