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Introduction: LMRES
Research environment: HM (www.hm.edu), ISES (ises.hm.edu) and LMRES (lmres.ee.hm.edu)

HM – Munich University of Applied Sciences 
• 14 departmens
• >18.000 students

• ~480 professors
• 3 campuses

ISES – Institute for Sustainable Energy Systems
• 8 research labs (8 professors)
• 39 PhD candidates

LMRES – Laboratory for Mechatronic and Renewable Energy 

Systems
• International team 

• 15 PhD candidates (status 2025)
• >150 publications / >9.2 Mio. € raised
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Introduction: LMRES
Research projects and research goals

Intelligent 
components & systems

(efficient, functional,  modular, fault-tolerant, 
reliable & robust, safe & secure)

Specification, design 
& (construction)

(generic, easy, fast, optimal, multi-
objective optimization)

Modelling
(nonlinear, switching, hybrid, 
dynamic, physics-based state 

space modelling)

System identification 
& self-commissioning

(real-time applicable, robust, fault-
aware, self-learning)

Control
(linear, nonlinear, adaptive, 
fault-tolerant, self-learning, 

optimal, predictive)

Operation 
management

(intelligent, optimal, 
efficient self-learning)

Additional 
functionality

(e.g. active noise 
cancellation/suppression)

Generic development 

framework (tool chain) 

for: 

• Electrical machines

• Electrical drives 

• Power electronics 

• Mechatronics

• Renewable energy  

  systems

• Digital twins of  

  systems of systems 

• …
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Introduction: LMRES
Interdisciplinary expertise & publications (for more details see https://lmres.ee.hm.edu)

Mechatronic and

renewable energy

systems

Electro-active
polymers
[1–3]

Paper
coating
machines
[4–8]

System
identification
[9–26]

junctions

part A

part B

mixed (or partially fluid) lubrication

Fric-
tion
[27–29]

ep¨q

ep0q ψp¨q “ BFψp¨q

ψp0q

´ψp0q

eptq

ψptq

´λ
t

funnel Fψ

time t

Non-identifier based
adaptive control
[14, 27, 30–46]

yE
y
ref,E Mechatronics &

robotics
[27, 28, 40, 46–58]

Power
electronics
[19–21, 46, 58–88]

Electrical machines
& drives [13, 15, 17, 23–
27, 30, 32, 33, 45, 46, 51,
55, 57, 69, 77, 78, 80, 89–
140]

Wind energy, renewables
& smart grid [13–15, 44, 46, 57,
58, 60, 61, 67, 68, 70–72, 74, 79, 85,
93–95, 98, 100, 107, 112, 120, 132,
136, 141–158]

Supervision &
teaching (Award)
[159–165]
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Introduction: LMRES
Used hardware setups (selection)

Real-time
system
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Introduction: Artificial intelligence (AI)
AI: Buzzwording and bullshitting? Even here?
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Introduction: Artificial intelligence (AI)
Comprehensive overview of AI in electrical drives [166, 167] (ą 250 references)

Artificial Intelligence in Electric Machine Drives:

Advances and Trends
Shen Zhang

Abstract—This review paper systematically summarizes the
existing literature on applying classical AI techniques and ad-
vanced deep learning algorithms to electric machine drives. It
is anticipated that with the rapid progress in deep learning
models and embedded hardware platforms, AI-based data-driven
approaches will become increasingly popular for the automated
high-performance control of electric machines. Additionally,
this paper also provides some outlook towards promoting its
widespread application in the industry, such as implementing
advanced RL algorithms with good domain adaptation and
transfer learning capabilities and deploying them onto low-cost
SoC FPGA devices.

Index Terms—Artificial intelligence; electric machine drives;
deep learning; reinforcement learning; embedded systems; field-
programmable gate array (FPGA).

Fig. 1. A vision of future electric machine drives powered by artificial
intelligence.
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Machine Learning for the Control and
Monitoring of Electric Machine Drives:
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ABSTRACT This review article systematically summarizes the existing literature on utilizing machine learn-

ing (ML) techniques for the control and monitoring of electric machine drives. It is anticipated that with the
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Introduction: Artificial intelligence (AI)
Common applications of AI in electrical drives [24, 166–169]

AI-based or Artificial Neural Network (ANN)-based ...

design modeling identification control observation FDD OPP ...
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Introduction: Artificial intelligence (AI)
Additional materials

Besides symposium slides, following references may be of help:

[1] C.C. Aggarwal, Neural Networks and Deep Learning: A Textbook. Springer International Publishing:
Cham, Switzerland, 2018
(https://link.springer.com/book/10.1007/978-3-319-94463-0).

[2] D. Schröder and M. Buss, Intelligente Verfahren – Identifikation und Regelung nichtlinearer Systeme.
Springer-Verlag, 2017 (https://link.springer.com/book/10.1007/978-3-662-55327-5).

[3] S. Zhang, Artificial Intelligence in Electric Machine Drives: Advances and Trends. Techrxiv, 2022
(https://www.techrxiv.org/articles/preprint/Artificial_Intelligence_in_
Electric_Machine_Drives_Advances_and_Trends/16782748https:

//doi.org/10.36227/techrxiv.16782748.v1)

[4] M. Zhang, O. Wallscheid and M. Porrmann, Machine Learning for the Control and Monitoring of Electric
Machine Drives: Advances and Trends. IEEE Open Journal of Industry Applications, 2023
(https://doi.org/10.1109/OJIA.2023.3284717).

[5] M.A. Buettner, N. Monzen and C.M. Hackl, Artificial Neural Network Based Optimal Feedforward Torque
Control of Interior Permanent Magnet Synchronous Machines: A Feasibility Study and Comparison with
the State-of-the-Art. MDPI Energies, 2022 (https://doi.org/10.3390/en15051838).
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Introduction: Artificial intelligence (AI)
Interesting podcast about AI in general: “Robot Brains” Podcast by Pieter Abbeel
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Preliminaries: The approximation problem
Problem statement (illustration)
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Preliminaries: The approximation problem
Problem statement (formal description)

The unknown function fθ : R
m Ñ R

n with unknown parametrization θ P R
p, p P N, mapping

x :“ px1, . . . , xmqJ ÞÑ y :“ py1, . . . , ynqJ
:“ fθ

`
x

˘
(1)

shall be approximated by a known function pfpθ : R
m Ñ R

n, with unknown parametrization pθ P R
p̂,

p̂ P N, mapping

x :“ px1, . . . , xmqJ ÞÑ py :“ ppy1, . . . , pynqJ
:“ pfpθ

`
x

˘
« fθ

`
x

˘
. (2)

Example 0
Consider
(a) y “ fθpxq “ θ1x

2 ` θ2 and py “ pfpθpxq “ pθ1x2 ` pθ2x` pθ3 or
(b) y “ fθpx1, x2q “ θ1x

2
1 ` θ2x2 ` θ3 and py “ pfpθpx1, x2q “ pθ1x31 ` pθ2x21 ` pθ3x22 ` pθ4.

What can we observe? Which problems may arise?
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Preliminaries: The approximation problem
Problem statement

The unknown function fθ : R
m Ñ R

n with unknown parametrization θ P R
p, p P N, mapping

x :“ px1, . . . , xmqJ ÞÑ y :“ py1, . . . , ynqJ
:“ fθpxq (3)

shall be approximated by a known function pfpθ : R
m Ñ R

n, with unknown parametrization pθ P R
p̂,

p̂ P N, mapping

x :“ px1, . . . , xmqJ ÞÑ py :“ ppy1, . . . , pynqJ
:“ pfpθpxq « fθpxq. (4)

Remark 1
Best-case: (motivates for structered or physics-informed ANNs, e.g. flux linkage prototype
functions)
‚ fθpxq “ pfθ

`
x

˘
(functions equal for same parametrization) and

‚ θ “ pθ (parametrizations equal, including p “ pp).
Worst-case: (usual case to be dealt with!)
‚ fθpxq ‰ pfθ

`
x

˘
(functions not equal for same parametrization) and

‚ θ ‰ pθ (parametrizations not equal, including p ‰ pp).
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Preliminaries: The approximation problem
Principle solution approach

Approximation error vector
e :“ y ´ py “ y ´ pfpθpxq P R

n

Error surface (e.g., squared error or Mean Squared Error (MSE))

E : R
pp Ñ R, pθ ÞÑ Eppθq :“ Eppθ,y,xq :“ 1

2
e

J
e “ 1

2

“
y

J
y ´ 2y

J pfpθpxq ` pfpθpxqJ pfpθpxq
‰

Goal: Solve optimization problem to find minimizer pθ‹
( )

pθ‹
:“ argmin

pθ
Eppθq
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Preliminaries: The approximation problem
Typical challenges during optimization: “Wrong” initialization ñ global minmum not reached [170, Abb. 4.12])
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Preliminaries: The approximation problem
Typical challenges during optimization: Flat plateaus ñ no progress [170, Abb. 4.13]
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Preliminaries: The approximation problem
Typical challenges during optimization: Non-convergence (e.g., oscillations) [170, Abb. 4.14]
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Preliminaries: The approximation problem
Typical challenges during optimization

Optimization

Deterministic optimization

Zero-order
methods

First-order
methods

Second-order
methods

Stochastic optimization

Heuristic
methods

Metaheuristic
methods

Trajectory-based
methods

Population-based
methods

For more details, see [170, Chapter 10 & 11] or [171, Chapter 3] or
https://en.wikipedia.org/wiki/Global_optimization.
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Preliminaries: The approximation problem
Deterministic optimization: Optimality conditions

Necessary condition:

0pp
!

“
dEppθq

dpθ
“ ´

dpfpθpxqJ

dpθ
y `

1

2

«
dpfpθpxqJ

dpθ
pfpθpxq ` pfpθpxqJ dpfpθpxq

dpθJ

ff

“ ´
dpfpθpxqJ

dpθ
`
y ´ pfpθpxq

˘

“ ´
dpfpθpxqJ

dpθloooomoooon
“:J

J
pf PR

ppˆn

e “: gE P R
pp (gradient of E with Jacobian Jpf of pf ) (5)

Sufficient condition:

0
!

ă
d

dpθJ

dEppθq

dpθ
“ ´

d

dpθJ

”
J

J
pf

`
y ´ pfpθpxq

˘ı
“ ´

d

dpθJ

”
J

J
pf e

ı
´ JJ

pf
d

dpθJ

”
y ´ pfpθpxq

ı

“ ´
d

dpθJ

”
J

J
pf e

ı
` JJ

pf Jpf “:HE P R
ppˆpp (Hessian of E) (6)
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Preliminaries: The approximation problem
Parameter adaption: Derivation of general adaption law

Error surface approximation (Taylor expansion)

Eppθ ` ∆pθq « Eppθq ` gJ
E∆

pθ ` 1
2
∆pθJ

HE∆
pθ

which we want to minimize with respect to ∆pθ :“ pθrb` 1s ´ pθrbs (“b-th batch”), i.e.

dEppθ ` ∆pθq

d∆pθ
« gE `HE∆

pθ !
“ 0pp ðñ ∆pθ “ ´H´1

E gE “ H
´1
E J

J
pf e, (7)

from which a general parameter adaption law can be deduced (if problem is convex)

pθrb` 1s “ pθrbs ´H´1
E gE “ pθrbs `H´1

E J
J
pf erbs
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Preliminaries: The approximation problem
Parameter adaption: Different approximations of H´1

E yield different parameter adaption laws (all following µ P p0, 1s)
‚ Gradient descent (GD):

H
´1
E « µGDrbs ùñ pθrb` 1s “ pθrbs ` µGDrbsJ

J

pf erbs

‚ Gradient descent with weighted momentum term (MT):

H
´1
E « µGDrbs & µMTrbs

`pθrbs ´ pθrb´ 1s
˘

ùñ pθrb` 1s “ pθrbs ` µGDrbsJ
J

pf erbs ` µMTrbs
`pθrbs ´ pθrb´ 1s

˘

‚ Newton method (NM):

H
´1
E « µNMrbsH

´1
E ùñ pθrb` 1s “ pθrbs ` µNMrbsH

´1
E J

J

pf erbs

‚ Gauss-Newton method (GN):

H
´1
E « µGNrbsJ

J

pf Jpf ùñ pθrb` 1s “ pθrbs ` µGNrbspJ
J

pf Jpf q
´1

J
J

pf erbs

‚ Levenberg-Marquardt (LM):

H
´1
E «

“
J

J

pf Jpf ` µLMrbsI pp
‰

ùñ pθrb` 1s “ pθrbs `
“
J

J

pf Jpf ` µLMrbsI pp
‰

´1
J

J

pf erbs

‚ modified Levenberg-Marquardt (mLM; Fletcher 1971):

H
´1
E «

“
J

J

pf Jpf ` µmLMrbsdiagpJ
J

pf Jpf q
‰

ùñ pθrb` 1s “ pθrbs `
“
J

J

pf Jpf ` µmLMrbsdiagpJ
J

pf Jpf q
‰

´1
J

J

pf erbs

‚ . . . (for more adaption laws and stochastic approaches, see [170, Chapter 10 & 11] or [171, Chapter 3])
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Preliminaries: Artificial neural networks (ANNs)
Motivation and analogy to human nervous system [171, Fig. 1.1]
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Preliminaries: Artificial neural networks (ANNs)
Typical ANN structure with m“m1 inputs, L layers (L´2 hidden layers) & n“mL outputs

Input
layer

Hidden
layer

¨ ¨ ¨
(more hidden layers)

Hidden
layer

Output
layer

...

Φ
1
1

Φ
m1

1

x1

xm

z
´1

z
´1

...

Φ
1
2

Φ
m2

2

z
´1

z
´1

z
´1

...

Φ
1
L´1

Φ
mL´1

L´1

z
´1

z
´1

z
´1

...

Φ
1
L

Φ
mL

L

z
´1

z
´1

py1

pyn

Artificial Neural Network (ANN; w/o red loops) or Recurrent Neural Network (RNN; w/ red
loops including unit delay z´1 for estimation of dynamics as well). The l-th layer has ml inputs
and ml neurons with activation functions Φ

1
l , . . .Φ

ml

l feeding ml`1 neurons of the l`1-th layer.
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Preliminaries: Artificial neural networks (ANNs)
ANN properties [170]

(P1) Representation capability means that the chosen network topology with the chosen activation
functions is capable of fulfilling the approximation task. ùñ Proper choice of topology and activation
functions is crucial (e.g., structered or physics-informed ANN design)!

(P2) Learning capability describes the learning process by which the parameters of an ANN are adapted
by an appropriate learning method, such that it exhibits the desired approximation later during
validation and test phases. In practice, criteria such as learning speed, convergence, parameter
uniqueness, stability, and online capability of the learning method play an important role. ùñ Proper
choice of learning method (deterministic vs. stochastic) is crucial!

(P3) Generalization capability describes the ability of the trained ANN to accurately represent value pairs
that are not included in the training set during the validation and test phases. Specifically, it
distinguishes between interpolation and extrapolation behavior, which characterize the network’s
approximation capability within and outside the input range of the training data. ùñ Validation (parallel
to training) and proper choice of input data (e.g., Latin Hyper Cube Sampling) is crucial!

Remark 2 (Universal approximation theory [172])

For any fθp¨q P C1pK;R
nq with compact set K Ă R

m and any ε ą 0, there exists an artificial
neural network (ANN) such that ∥fθ ´ pf pθ∥8 ă ε.
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Preliminaries: Artificial neural networks (ANNs)
Artificial neurons: Illustration of i-th artificial neuron in the l-th layer

Φ
i
l

activation
function

x
i
l :“ Φ

i
l

`
pwi

lq
J
xl´1 ` b

i
lloooooooomoooooooon

“u
i
l

˘

ř u
i
l

summation

b
i
l

bias

w
i,3
lx

3
l´1

...
...

w
i,ml´1

l
x
ml´1

l´1

w
i,2
lx

2
l´1

w
i,1
lx

1
l´1

inputs weights

Remark 3

The neuron’s weighted and biased input is uil :“ pwi
lq

J
xl´1 ` b

i
l P R with input

xl´1 :“ px1l´1, . . . , x
ml´1

l´1 qJ P R
ml´1 , weights wi

l :“ pwi,1l , . . . , w
i,ml´1

l qJ P R
ml´1 and bias bil P R.
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Preliminaries: Artificial neural networks (ANNs)
Artificial neurons: Illustration of typical activation functions
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(a) Sigmoid Φsigpxq. (b) Tangens hyperbolicus Φtanhpxq. (c) Signum (sign) Φsgnpxq.
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(d) Identity Φidpxq. (e) Rectified Linear Unit ΦReLUpxq. (f) Saturation Φsatpxq.
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Preliminaries: Artificial neural networks (ANNs)
ANN output: Recursive definition

For an ANN with L layers (i.e. one input layer, one output layer and L´ 2 hidden layers), its
output is recursively defined and given by

py “ ΦL

´

“:uLhkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkj

WLΦL´1

´

.

.

.hkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkj

WL´1 ΦL´2

´
¨ ¨ ¨Φ2

´

“:u2hkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkj

W 2 Φ1

´ “:u1hkkkkkikkkkkj
W 1x` b1

¯
looooooooomooooooooon

“:x1

`b2

¯

loooooooooooooooooooomoooooooooooooooooooon
“:x2

¯
` bL´1

looooooooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooooooon
.
.
.

¯

loooooooooooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooooooooooon
“:xL´1

`bL

¯
. (8)

Please note that per definition, x “: x0 with dimensions m “: m0 represents the input to the
(first) input layer.
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Preliminaries: Artificial neural networks (ANNs)
Representing ANNs as parametrized functions: Rewriting the neuron input vector

Rewriting the weighted and biased (but not activated) input ul bof the l-th layer as

ul :“ Wlxl´1 ` bl “

¨
˚̋

pw1
l qJ
xl´1 ` b

1
l

...

pwml

l qJ
xl´1 ` b

ml

l

˛
‹‚ (9)

“

»
————–

x
J
l´1 0

J
ml´1

. . . 0
J
ml´1

1 0 . . . 0

0
J
ml´1

x
J
l´1 . . . 0

J
ml´1

0 1 . . . 0

. . .
. . .

0
J
ml´1

0
J
ml´1

. . . x
J
l´1 0 0 . . . 1

fi
ffiffiffiffifl

loooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooon
“:X

J
l´1PR

mlˆml¨pml´1`1q

¨
˚̊
˚̋

w
1
l

...

w
ml

l

bl

˛
‹‹‹‚

looomooon
“:pθlPR

ppl

, (10)

where pθl P R
ppl comprises all parameters (weights and biases) of the l-th layer, with

ppl :“ ml ¨ pml´1 ` 1q,
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Preliminaries: Artificial neural networks (ANNs)
Representing ANNs as parametrized functions: Rewriting the neuron input vector (cont’d)

yields

py “ ΦL

´
WLΦL´1

´
WL´1 ΦL´2

´
¨ ¨ ¨Φ2

´
W 2 Φ1

´
W 1x` b1

¯
looooooooomooooooooon

“:x1“Φ1pX
J
0

pθ1q

`b2

¯

looooooooooooooooooomooooooooooooooooooon

“:x2“Φ2pX
J
1

pθ2q
.
.
.

¯
` bL´1

¯

looooooooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooooooon
“:xL´2“ΦL´2pX

J
L´3

pθL´2qlooooooooooooooooooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooooooooooooooooon
“:xL´1“ΦL´1pX

J
L´2

pθL´1q

`bL

¯

“ ΦLpXJ
L´1

pθLq

“: pf pθpxq (11)

with all pp parameters (weights and biases) of the ANN collected in

pθ :“ ppθJ

1 ,
pθJ

2 , . . . ,
pθJ

LqJ P R
pp where pp :“

Lÿ

l“1

ppl “
Lÿ

l“1

ml pml´1 ` 1q.
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Preliminaries: Artificial neural networks (ANNs)
Training (learning) and validation: Overview

1

2

py
Prepro-
cessing

Validation Set
pYV;XVq

Training Set
pYT;XTq

ANN Architecture
(A1), . . . , (AN )

Input
Prepro-

cessing
Artificial Neural

Network
Output

y

´
Approximation
error e “ y ´ py

(Mean) Squared
Error

Eppθq :“ 1
2
e

J
e

Parameter
adaption

pθrbs “ pθrb´ 1s `
apµrbs,J pf , eq
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Preliminaries: Artificial neural networks (ANNs)
Training (learning) and validation: Adaption of ANN parameters (i.e., weights and biases)

Input
layer

Hidden
layer

¨ ¨ ¨
(more hidden layers)

Hidden
layer

Output
layer

...

Φ
1
1

Φ
m1

1

x1

xm

z
´1

z
´1

...

Φ
1
2

Φ
m2

2

z
´1

z
´1

z
´1

...

Φ
1
L´1

Φ
mL´1

L´1

z
´1

z
´1

z
´1

...

Φ
1
L

Φ
mL

L

z
´1

z
´1

py1

pyn

ùñ How can we train the ANN and adapt its weights and biases? pθrbs “ pθrb´ 1s ` apµrbs,J pf , eq

ùñ To do so, we need parameter adaptation (as introduced above) ... and Backpropagation!
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Preliminaries: Artificial neural networks (ANNs)
Training (learning) and validation: Backpropagation

For number of outputs n “: mL, number of inputs m “: m0, number of parameters of l-th layer
ppl :“ ml ¨ pml´1 ` 1q and number of all parameters pp :“

řL

l“1 ppl, one obtains for each layers
l P t1, . . . , Lu the sub-Jacobian matrix

dpfpθpxq

dpθJ

l

“
dΦLpuLq

du
J
Lloooomoooon

PR
mLˆmL

¨
duL

dx
J
L´1loomoon

PR
mLˆmL´1

¨
dxL´1

du
J
L´1loomoon

PR
mL´1ˆmL´1

¨
duL´1

dx
J
L´2loomoon

PR
mL´1ˆmL´2

¨ ¨ ¨ ¨ ¨
dxl

du
J
lloomoon

PR
mlˆml

¨
dul

dpθJ

lloomoon
PR

mlˆ ppl

“ Φ
1
LWLΦ

1
L´1WL´1 Φ

1
L´2WL´2 ¨ ¨ ¨ Φ1

lX
J
l´1 P R

nˆppl . (12)

Hence, parameter adaption (e.g., using Gradient Descent) is given by

pθrb` 1s :“

¨
˚̋

pθ1rb` 1s
...

pθLrb` 1s

˛
‹‚

loooooomoooooon
PR

pp

“ pθrbs ` µGD

¨
˚̊
˚̋

dpfpθpxq
J

dpθ1

...
dpfpθpxq

J

dpθL

˛
‹‹‹‚

looooomooooon

“:
dpfpθpxq

J

dpθ PR
ppˆn

e
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Preliminaries: Artificial neural networks (ANNs)
Training (learning) and validation: Validation (often in parallel to training) to avoid overfitting
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Preliminaries: Artificial neural networks (ANNs)
Key challenges

‚ Appropriate data set generation (and meaningful separation into training
and validation set)

‚ Appropriate choice of ANN topology (e.g., number of inputs & outputs,
hidden layers and activation functions)

‚ Appropriate choice of learning algorithm (e.g., Gauss-Newton,
Levenberg-Marquardt, ADAM)

‚ Appropriate integration of HI (human intelligence, e.g. see distopian or
utopian book by Ray Kurzweil)
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Outline

3 Example applications
ANN-based modeling

Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage
approximation)

ANN-based identification
Simultaneous identification of inverter and machine nonlinearities

ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives
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Example applications
Common applications of AI in electrical drives [24, 166–169] (recap)

AI-based or Artificial Neural Network (ANN)-based ...

design modeling identification control observation FDD OPP ...
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Outline

3 Example applications
ANN-based modeling

Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage
approximation)

ANN-based identification
Simultaneous identification of inverter and machine nonlinearities

ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]
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ABSTRACT Physically motivated and analytical prototype functions are proposed to approximate the

nonlinear flux linkages of nonlinear synchronous machines (SMs) in general; and reluctance synchronous

machines (RSMs) and interior permanent magnet synchronous machines (IPMSMs) in particular. Such

analytical functions obviate the need of huge lookup tables (LUTs) and are beneficial for optimal operation

management and nonlinear control of such machines. The proposed flux linkage prototype functions are

capable of mimicking the nonlinear self-axis and cross-coupling saturation effects of SMs. Moreover, the

differentiable prototype functions allow to easily derive analytical expressions for the differential inductances

by simple differentiation of the analytical flux linkage prototype functions. In total, two types of flux linkage

prototype functions are developed. The first flux linkage approximation is rather simple and obeys the energy

conservation rule for “symmetric” flux linkages of RSMs. With the gained knowledge, the second type of

prototype functions is derived in order to achieve approximation flexibility necessary for SMs with permanent

(or electrical) excitation with “unsymmetric” flux linkages due to the excitation offset. All proposed flux

linkage prototype functions are continuously differentiable, obey the energy conservation rule and, as fitting

results show, achieve a (very) high approximation accuracy over the whole operation range.

INDEX TERMS Analytical flux linkage prototype functions, interior permanent magnet synchronous ma-

GURE 10. Approximation results of the proposed analytical flux linkage
prototype functions (40), (41), (46) and (47): (a) fitted d-axis flux linkages

; (b) fitted q-axis flux linkages xxψ
q
s ; zero locus L

dq
s (L=0) [ ] is

FIGURE 11. Approximation errors of the proposed analytical flux linkage
prototype functions (40), (41), (46) and (47) compared to the real flux
maps: (a) normalized d-axis error εd

s
; (b) normalized q-axis error ε

q
s .
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]
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Observation: Flux linkages can be separated into self-axis and cross-axis flux linkage terms:

ψ
dq
s pidqs q “

ˆ
ψ
d
s,selfpi

d
s q

ψ
q
s,selfpi

q
s q

˙
´

ˆ
ψ
d
s,crosspi

d
s , i

q
s q

ψ
q
s,crosspi

d
s , i

q
s q

˙
(13)
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]

Further key observations:

To describe the self-axis saturation effects of the flux linkages, the sum of a hyperbolic function
and a straight line, i.e.

ψ
d{q
s,self9 tanhpid{q

s q ` i
d{q
s ,

seems very well suited for RSMs and also for IPMSMs, whereas to approximate the
cross-coupling saturation effects, a (shifted) bell-shaped or Gaussian-like function, i.e.

ψ
d{q
s,cross9 ´ ln

`
coshpid{q

s q
˘

or ψd{q
s,cross9 exp

`
´pid{q

s q2
˘

seems appropriate for RSMs and for IPMSMs, respectively.

ùñ Physically motivated, structured function approach for ANN (flux linkage prototype) design!
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]
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Figure: Differential cross-coupling inductances Ldqs “ L
qd
s of RSM (left) and IPMSM (right).

Due to conservation of energy, we have d

di
q
s

ψ
d
s pids , i

q
s q “ d

di
d
s

ψ
q
s pids , i

q
s q “ ´F 1pids qG1piqs q, since

∆Wcpids , i
q
s q “

ż `
ψ
d
s,selfpi

d
s q ´ ψ

d
s pids , i

q
s qloooooooooooomoooooooooooon

“ψ
d
s,crosspi

d
s ,i

q
s q“F

1
pi

d
s qGpi

q
s q

˘
di
d
s “

ż `
ψ
q
s,selfpi

q
s q ´ ψ

q
s pids , i

q
s qloooooooooooomoooooooooooon

“ψ
q
s,crosspi

d
s ,i

q
s q“F pi

d
s qG

1
pi

q
s q

˘
di
q
s “ F pids qGpiqs q.

(14)
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]

Analytical flux linkage prototype functions:

pψds pids , i
q
s q “ pψds,selfpids q ´ pψds,crosspids , iqs q (15)

and
pψqs pids , i

q
s q “ pψqs,selfpi

d
s q ´ pψqs,crosspids , iqs q (16)

where
pψds,crosspids , iqs q “ k1F

1
1pids qG1piqs q ` ¨ ¨ ¨ ` knF

1
npids qGnpiqs q (17)

and
pψqs,crosspids , iqs q “ k1F1pids qG1

1piqs q ` ¨ ¨ ¨ ` knFnpids qG1
npiqs q (18)

with cross-coupling saturation constants k1, ¨ ¨ ¨ , kn and e.g. Fkpids q “ 1 ´ e
´

`
a
d
kpi

d
s ´b

d
kq

˘2

and

Gkpiqs q “ 1 ´ e
´pa

q

ki
q
s q

2

.

The number n of cross-coupling saturation terms in (17) and (18) may be chosen arbitrarily to
meet given accuracy requirements. With adequately chosen prototype terms, n “ 3 or n “ 4

usually give satisfactory fitting accuracies.
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]
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Figure: RSM approximation results of the proposed analytical flux linkage prototype functions: (left) fitted
pψds pi

d
s , i

q
s q and pψds pi

d
s , i

q
s q (including zero locus L

dq
s pL“0q in red) and (right) relative approximation errors.
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Example applications: ANN-based modeling
Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage approximation) [25]
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Figure: IPMSM approximation results of the proposed analytical flux linkage prototype functions: (left) fitted
pψds pi

d
s , i

q
s q and pψds pi

d
s , i
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s q (including zero locus L

dq
s pL“0q in red) and (right) relative approximation errors.
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Outline

3 Example applications
ANN-based modeling

Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage
approximation)

ANN-based identification
Simultaneous identification of inverter and machine nonlinearities

ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

IEEE TRANSACTIONS ON ENERGY CONVERSION, VOL. 38, NO. 3, SEPTEMBER 2023 1767

Simultaneous Identification of Inverter and Machine

Nonlinearities for Self-Commissioning of Electrical

Synchronous Machine Drives
Simon Wiedemann and Christoph Michael Hackl , Senior Member, IEEE

Abstract—The proposed identification method allows for a si-
multaneous estimation of nonlinear output voltage deviations in
voltage source inverters (VSIs) and nonlinear synchronous machine
models. Based on the identified characteristics with the help of
physically inspired structured artificial neural networks (ANNs),
an efficient tuning of the current control system can be performed
and the nonlinear voltage deviations caused by parasitic effects
and dead-time distortions can be accurately compensated for. The
identification is performed without position sensor while the rotor
is mechanically locked by utilising measured phase currents and
reference machine voltages only. Experiments for an interior per-
manent magnet synchronous machine (IPMSM) and a reluctance
synchronous machine (RSM) show that the proposed method is
capable of identifying the current dependent self-axis and cross-
axis flux linkages, differential inductances and the nonlinear VSI
voltage deviations as well as the phase resistance at the same time.
The proposed method is fast and generic. Besides the rated ma-
chine current, voltage and frequency, no prior system knowledge
is required making it applicable for the self-commissioning of any
electrical synchronous machine drive.

Index Terms—Identification, self-commissioning, auto-tuning,
synchronous machine, inverter dead-time, machine characteri-
sation, flux linkage map, machine model, artifical neural network,
encoderless.

NOTATION

N,R: natural, real numbers; x :=(x1, . . . , xn)
⊤ ∈ R[n]: col-

umn vector, N where “⊤” and “ ” mean “transposed” and

I. INTRODUCTION

M
ODERN control methods and observer architec-

tures of electrical machines rely mostly on accurate

information of drive characteristics. Identified parameters of the

linear machine model such as the phase resistances and induc-

tances can be utilised to tune the current controllers [1], [2], [3]

or observers and to compute the optimal reference currents for

an energy efficient operation [2], [4]. This tuning can be further

improved by the identification and utilisation of nonlinear flux

linkage maps usually expressed in the synchronously rotating

(d, q)-reference frame [2], [4], [5], [6], [7], [8] which allow

to compute the differential inductances (in the following, the

superscriptdor q stands for thed- or q-axis, resp.). The automatic

identification and tuning of the machine drive can be considered

as self-commissioning/auto-tuning and is usually performed

before machine operation via offline identification [1], [2], [9].

Self-commissioning algorithms heavily decrease the time

required to characterise and tune an electrical machine drive

compared to a manual process which, due to a lack of ex-

pertise and time of the control engineers, might lead to im-

precise results and poor control dynamics [2] as well as an

energy inefficient operation [9]. The importance of an automatic

commissioning becomes obvious if one considers that around

53% of the globally generated energy is consumed by electrical

machines [10]. Despite several improvements on energy efficient

Fig. 9. RSM identification results: (a) Time series; (b) & (c) flux linkages; (e) & (f) relative flux linkage errors.

a significantly increased model complexity as for which it is

often omitted (such as in [16]). The bias b
q,self
2

as shown in
−4% to 3% for ψ̂d

s
(id

s
, iq

s
) and−4% to 6% for ψ̂q

s
(id

s
, iq

s
). Fig. 10

shows the identification results of the VSI voltage deviations for
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Figure: Ideal vs. real voltage deviation over ips (left); real voltage deviation ∆u
p
s pi

p
s q over one period of a

sinusoidal phase current ips with different amplitudes pıs (right).

Inverter nonlinearities (also depending on dc-link voltage):

@ p P ta, b, cu : u
p
s “ u

p
s,ref ´ ∆u

p
s pM∆us

, i
p
s , . . . q. (19)
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

|ips |

Φ0 “Φid

Φ1,1 “ΦSoSi

Φ1,2 “ΦSoSi

Φ2 “Φid

¨ signpi
p
s q

f
vsi
annpips q

Input layer
(Layer 0)

Hidden layer
(Layer 1)

Output layer
(Layer 2)

Figure: ANN for approximation of VSI voltage deviation ∆u
p
s of phase p P ta, b, cu by ∆pups :“ f

vsi
annpi

p
s q.

Resulting ANN structure for VSI identification:

∆pups pips q :“ f
vsi
annpips q

“

˜
w

vsi
2,1

`
w

vsi
1,1|i

p
s |`b

vsi
1,1

˘

1`|w
vsi
1,1|i

p
s |`b

vsi
1,1|

`
w

vsi
2,2

`
w

vsi
1,2|i

p
s |`b

vsi
1,2

˘

1`|w
vsi
1,2|i

p
s |`b

vsi
1,2|

¸
signpips q (20)
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

i
x
s

Φ0 “Φid

Φ1,1

Φ1,2

Φ2 “Φid

f
ψ

x
s,self

ann pixs q

Input layer
(Layer 0)

Hidden layer
(Layer 1)

Output layer
(Layer 2)

Figure: Approximating ANN for self-axis flux linkage ψxs,selfpi
x
s q of axis x P td, qu by pψxs,selfpixs q :“ f

ψ
x
s,self

ann pi
x
s q.

Resulting physics-informed ANN topology for self-axis flux linkage identification:

pψxs,selfpixs q “ w
x,self
2,1

1´exp

`
´2pw

x,self
1,1 i

x
s `b

x,self
1,1 q

˘

1`exp

`
´2pw

x,self
1,1 i

x
s `b

x,self
1,1 q

˘ ` w
x,self
2,2

1´exp

`
´2pw

x,self
1,2 i

x
s `b

x,self
1,2 q

˘

1`exp

`
´2pw

x,self
1,2 i

x
s `b

x,self
1,2 q

˘ ` b
x,self
2 (21)

or (for rather linear machines)
pψxs,selfpixs q :“ w

x,self
2,1 i

x
s ´ w

x,self
2,2 ln

`
1 ` expp´ixs q

˘
` b

x,self
2 (22)
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

i
d
s

i
q
s

Φ0 “Φid

Φ1,1

Φ1,2

Φ1,3

Φ2 “Φid

f
ψ

x
s,cross

ann pids , i
q
s q

Input layer
(Layer 0)

Hidden layer
(Layer 1)

Output layer
(Layer 2)

Figure: Approximating ANN for cross-axis flux linkage ψxs,crosspi
d
s , i

q
s q of axis x P td, qu by

pψxs,crosspids , iqs q :“ f
ψ

x
s,cross

ann pi
d
s , i

q
s q.
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Resulting physics-informed ANN topology for cross-axis flux linkage identification for

RSMs:

$
’’’’’’’&
’’’’’’’%

pψds,crosspids , iqs q “ 2w
cross
2,1 pwd,cross1,1 q2ids exp

´
´ pwd,cross1,1 i

d
s q2

¯´
1 ´ exp

´
´ pwq,cross1,1 i

q
s q2

¯¯

`2w
cross
2,2 pwd,cross1,2 q2ids exp

´
´ pwd,cross1,2 i

d
s q2

¯´
1 ´ exp

´
´ pwq,cross1,2 i

q
s q2

¯¯

pψqs,crosspids , iqs q “ 2w
cross
2,1 pwq,cross1,1 q2iqs exp

´
´ pwq,cross1,1 i

q
s q2

¯´
1 ´ exp

´
´ pwd,cross1,1 i

d
s q2

¯¯

`2w
cross
2,2 pwq,cross1,2 q2iqs exp

´
´ pwq,cross1,2 i

q
s q2

¯´
1 ´ exp

´
´ pwd,cross1,2 i

d
s q2

¯¯
.

,
///////.
///////-

(23)
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Resulting physics-informed ANN topology for cross-axis flux linkage identification for

IPMSMs:

$
’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’&
’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’%

pψd
s,crosspi

d
s , i

q
s q “ w

cross
2,1

´
w

d,cross
1,1,1 ` 2w

d,cross
1,1,2 i

d
s `

w
d,cross
1,1,3

1`expp´pi
d
s `b

d,cross
1,1 qq

¯
¨

´
w

q,cross
1,1,1 i

q
s ` w

q,cross
1,1,2 pi

q
s q

2
` w

q,cross
1,1,3 ln

`
exppi

q
s ` b

q,cross
1,1 q ` 1

˘¯

`w
cross
2,2

´
w

d,cross
1,2,1 ` 2w

d,cross
1,2,2 i

d
s `

w
d,cross
1,2,3

1`expp´pi
d
s `b

d,cross
1,2 qq

¯
¨

´
w

q,cross
1,2,1 i

q
s ` w

q,cross
1,2,2 pi

q
s q

2
` w

q,cross
1,2,3 ln

`
exppi

q
s ` b

q,cross
1,2 q ` 1

˘¯

`w
cross
2,3

´
w

d,cross
1,3,1 ` 2w

d,cross
1,3,2 i

d
s `

w
d,cross
1,3,3

1`expp´pi
d
s `b

d,cross
1,3 qq

¯
¨

´
w

q,cross
1,3,1 i

q
s ` w

q,cross
1,3,2 pi

q
s q

2
` w

q,cross
1,3,3 ln

`
exppi

q
s ` b

q,cross
1,3 q ` 1

˘¯

pψq
s,crosspi

d
s , i

q
s q “ w

cross
2,1

´
w

q,cross
1,1,1 ` 2w

q,cross
1,1,2 i

q
s `

w
q,cross
1,1,3

1`expp´pi
q
s `b

q,cross
1,1 qq

¯
¨

´
w

d,cross
1,1,1 i

d
s ` w

d,cross
1,1,2 pi

d
s q

2
` w

d,cross
1,1,3 ln

`
exppi

d
s ` b

d,cross
1,1 q ` 1

˘¯

`w
cross
2,2

´
w

q,cross
1,2,1 ` 2w

q,cross
1,2,2 i

q
s `

w
q,cross
1,2,3

1`expp´pi
q
s `b

q,cross
1,2 qq

¯
¨

´
w

d,cross
1,2,1 i

d
s ` w

d,cross
1,2,2 pi

d
s q

2
` w

d,cross
1,2,3 ln

`
exppi

d
s ` b

d,cross
1,2 q ` 1

˘¯

`w
cross
2,3

´
w

q,cross
1,3,1 ` 2w

q,cross
1,3,2 i

q
s `

w
q,cross
1,3,3

1`expp´pi
q
s `b

d,cross
1,3 qq

¯
¨

´
w

d,cross
1,3,1 i

d
s ` w

d,cross
1,3,2 pi

d
s q

2
` w

d,cross
1,3,3 ln

`
exppi

d
s ` b

d,cross
1,3 q ` 1

˘¯
.

,
////////////////////////////////////////.
////////////////////////////////////////-

(24)
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

dq

3

V

n

u
car .

i
s

dq

n

S
1..6

u
dc

abc

dq

abc

DC

AC

PWM

Mains

Steady−State

VSI

ϕ
p
=0°

Buffer

System

Identification

ϕ
p
=0°

u
s ,ref

dq

u
s ,ref

p

Figure: Simplified block diagram of the excitation and identification process.
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Table: Considered machines and key data.

Machine Type

M1: IPMSM M2: RSM

Manufacturer EMP Stellenbosch

Designation Prototype Prototype

Rated Phase Current IR 4.07Arms 3.54Arms

Rated Torque mm,R 2.06Nm 9.60Nm

Poles 8 pnp “ 4q 4 pnp “ 2q

Rated Speed nm,R 6 000 rpm 1 500 rpm
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Figure: IPMSM and RSM identification results: Comparison of VSI voltage deviations ∆u
p
s pi

p
s q and their

estimates ∆pups pi
p
s q (d and q axis give very similar results).
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Remark 4 (Dependency on
dc-link voltage)
To consider a varying udc, the
ANN structure in (20) has to be
extended by replacing the terms
x1 :“ w

vsi
1,1|ips | ` b

vsi
1,1 and

x2 :“ w
vsi
1,2|ips | ` b

vsi
1,2 by

x1 :“ w
vsi
1,1|ips | ` w

vsi
1,3udc ` b

vsi
1,1 and

x2 :“ w
vsi
1,2|ips | ` w

vsi
1,4udc ` b

vsi
1,2,

respectively. Then, the VSI-ANN
depends not only on the phase
current ips but also on the dc-link
voltage udc and has two more
weights wvsi

1,3 and wvsi
1,4.
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Figure: IPMSM identification results: Time series (top) and flux linkage maps (bottom)
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Example applications: ANN-based identification
Simultaneous identification of inverter and machine nonlinearities [138]

Figure: RSM identification results: Time series (top) and flux linkage maps (bottom)
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Outline

3 Example applications
ANN-based modeling

Flux linkage prototype functions (“ structered / physics-informed ANNs for flux linkage
approximation)

ANN-based identification
Simultaneous identification of inverter and machine nonlinearities

ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): Problem statement

´5´4´3´2´1 0 1 2 3 4 5
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s

˘
“
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2
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rψpmi

q
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˘
i
d
s i
q
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`
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): Problem similar for all machines!
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs

Artificial neural network based optimal feedforward

torque control of electrically excited synchronous

machines

1
st

Niklas Monzen and 2
nd

Christoph M. Hackl

Laboratory for Mechatronic and Renewable Energy Systems (LMRES)

HM Munich University of Applied Sciences

Munich, Germany

{niklas.monzen, christoph.hackl}@hm.edu

Abstract—An Artificial Neural Network (ANN) based Optimal
Feedforward Torque Control (OFTC) strategy for electrically
excited synchronous machines (EESMs) is proposed. After design,
data set creation, training and validation of the ANN, the
analytical computation of the optimal stator and exciter currents
is achieved which allows to minimize copper and iron losses and
to produce the desired (or maximally feasible) machine torque.
Voltage and currents constraints of stator and exciter are con-
sidered as well. In contrast to conventional OFTC, the proposed
ANN-based OFTC strategy does not require iterations nor a
decision tree to find the optimal current triple while machine
nonlinearities, magnetic cross-coupling, saturation and speed-
dependent iron losses are taken into account. In addition, the
proposed ANN design procedure allows to consider measurable

OFTC goals and computational resources that ensures a real-
time capable implementation. Comprehensive simulation results
for a real and nonlinear EESM clearly show these benefits by
comparing the proposed ANN-based OFTC with results of a
nonlinear optimization problem (NLP) solver (which cannot be
used in real-time).

Index Terms—Artificial neural network (ANN), copper &
iron losses, efficiency, electrically excited synchronous machine
(EESM), machine learning, nonlinear machine model, optimal
feedforward torque control (OFTC), optimal reference current
computation, optimization.

I. I

a unified theory was presented that covers different operat-

ing strategies such as Maximum-Torque-per-Ampere (MTPA;

or Maximum-Torque-per-Current (MTPC)), Field Weakening

(FW), Maximum Current (MC) and Maximum-Torque-per-

Voltage (MTPV) and allows to compute the optimal stator

reference currents for RSM and PMSM analytically without

simplifying assumptions on flux linkage nonlinearities or stator

resistances. However, iron losses were neglected. This has

been overcome by the extended analytical approach presented

in [17, 24]. But EESMs, with additional exciter current, are

not covered.

In [28–30] numerical identification and search algorithms

are proposed as offline OFTC approaches for EESM that are

not suitable for a real-time implementation.

In [31], the MTPA problem for stator and exciter currents is

solved by the use of a Lagrangian. However, electromagnetic

cross-coupling and iron losses are not considered. Further-

more, the reference currents are computed offline and stored

in look-up tables (LUTs) due to the computationally expensive

solution of the MTPA problem.

In [32–36] online OFTC approaches are presented that are

based on the linear machine model with constant inductances,

Figure 6: Implementation results for the proposed ANN-based

OFTC for a real, nonlinear EESM (from top to bottom): Time

series of stator currents, current magnitude, voltage norm/limit,

exciter current, angular velocity and torque.

[10]

[11]

[12]

[13]
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs

optimal feedforward torque
control (OFTC)

mm,ref

us,max is,maxωm
ue,max ie,max

i
d
s,ref

i
q

s,ref

ie,ref

Equivalent circuit:

i
dq
s

R
dq
s

ωpJψ
dq
s

d
dt
ψ

dq
s

u
dq
s

i
dq

s,Fe
R

dq

s,Fe

ωpJψ
dq

s,Fe

d
dt
ψ

dq

s,Fe

02

ie
Re

d
dt
ψe

ue

Nonlinear optimization problem:

i
dqe
s,e,ref rks “ arg min

i
dqe
s,e rks

pLpidqes,e rksq

s.t. ∥udqs pidqes,e rksq∥ ď us,maxrks,

∥idqs rks∥ ď is,maxrks,

|uepidqes,e rksq| ď ue,maxrks,

|ierks| ď ie,maxrks,

mmpidqes,e rksq “ mm,refpi
dqe
s,e rksq

(25)
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs

What is the best ANN topology (number of hidden layers, neurons, activation functions, etc.)?

Input

layer

Hidden

layer 1

Hidden

layer m

Output

layer

mm,ref

ωm

is,max

us,max

ue,max

ie,max

ŷ0,1

ŷ0,6

.

.

.

.

.

.

.

.

.
. . .

. . .
. . .

.

.

.

.

.
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î
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs

Multi-objective optimization considering additionally physical constraints, such that

eus
“ 1

K

řK

k“1 max
´
0, ∥pudqs rks∥ ´ us,maxrks

¯2

,

eis “ 1
K

řK

k“1 max
´
0, ∥pidqs,ref rks∥ ´ is,maxrks

¯2

,

eue
“ 1

K

řK

k“1 max
`
0, |puerks| ´ ue,maxrks

˘2
,

eie “ 1
K

řK

k“1 max
´
0, |pie,ref rks| ´ ie,maxrks

¯2

,

em “ 1
K

řK

k“1

`
pmmrks ´mm,ref rks

˘2
,

eL “ 1
K

řK

k“1 pppLrks ´ pLrksq2

,
///////////////.
///////////////-

(26)

in order to find Pareto optimal ANN architecture as trade-off between the three OFTC criteria:
‚ minimizing each error above and eOFTC :“ pi

d
s,ref ´ pids,ref , iqs,ref ´ piqs,ref , ie,ref ´ pie,refqJ,

‚ minimizing the number Nparam of parameters (storage equivalent) and

‚ minimizing the number Nflop of FLOPs (execution time equivalent).
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs

ùñ Pareto optimal design ( ) of the ANN with three hidden layers with n1 “ 39, n2 “ 4 and
n3 “ 83 neurons per hidden layer as trade-off between the OFTC criteria (i.e., Nflop “ 2000,
Nparam “ 1071, eus

“ 10.4 ¨ 10´5, eis “ 3.8 ¨ 10´5, eie “ 5.8 ¨ 10´5, em “ 4.1 ¨ 10´5, eL “ 0.1 ¨ 10´7)
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Example applications: ANN-based control
Optimal feedforward torque control (OFTC) of electrical drives (see, e.g., [24, 173, 174]): ANN-based OFTC of EESMs

Figure: Implementation results for the proposed ANN-based OFTC for a real, nonlinear EESM.
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Outline

4 Conclusion
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Conclusion
To take home

‚ Artificial neural networks are

˝ a (very) powerful tool (but imho not the solution to everything in contrast to many statements)
˝ (or might be) beneficial (in particular with respect to memory usage or computational time)
˝ applicable in electrical drives (e.g., for OFTC, self-commissioning, control)
˝ to be handled with care (optimization not trivial, recall non-convergence, local minimum, etc.)

‚ Artificial neural networks require

˝ experience (data set generation, selection of topology, activation functions, etc.)
˝ computational power (in particular for meta studies)
˝ high storage capabilities (at least during off-line training)
˝ physical understanding (imho good models are crucial for proper (i.e., structured) ANN design)

‚ Enjoy using ANNs and AI,

˝ but always know and understand what you are doing and exploit engineering knowledge for (e.g.,
structured) ANNs!

˝ and, if engineering knowledge is not available, use Pareto optimal ANN topologies accounting for limited
resources for real-time implementation (avoid trial-and-error approaches)!
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