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Introduction: LMRES

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

HM - Munich University of Applied Sciences
* 14 departmens

= o + >18.000 students
titgor A «  ~480 professors
Misnboy « 3 campuses
e,
ISES - Institute for Sustainable Energy Systems
o '!" « 8 research labs (8 professors)
T R N + 39 PhD candidates
— LMRES - Laboratory for Mechatronic and Renewable Energy

.
SRt Systems
Cologne ¢ .
oms ‘ * International team
« 15 PhD candidates (status 2025)
S « >150 publications / >9.2 Mio. € raised
= GISES
*b 7 b) g ‘
‘ LMRE S P ‘. \ | h
g F, s O
’ N El‘i n
H \d Artificial neural networks in electrical drive systems
Y

LMRES Prof. Dr.-Ing. habil. Christoph M. Hackl 3/85



https://www.hm.edu/en/index.en.html
https://ises.hm.edu
https://lmres.ee.hm.edu/en/?L=0

Introduction: LMRES

Research projects and research goals
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Introduction: LMRES

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

(= T = System Y - Fric- wh_ge . .., Non-identifier based
e identification tion R Z— adaptive control
= [9-26] W [27-29] wnez,  [14, 27, 30—46]
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- N\ .. ;

Paper T Supervision & 2. Mechatronics &
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Introduction: LMRES

Used hardware setups (selection)
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Introduction: Artificial intelligence (Al)

Al: Buzzwording and bullshitting? Even here?

AlLIS
EVERYWHERE
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Introduction: Artificial intelligence (Al)

Comprehensive overview of Al in electrical drives [166, 167] (> 250 references)
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Introduction: Artificial intelligence (Al)

Common applications of Al in electrical drives [24, 166—169]

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

design

modeling

identification | | control | | observation FDD

OPP

o

LMRES
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Introduction: Artificial intelligence (Al)

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. Schréder 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 /nte///gence in Electric Machine Drives: Advances and Trends. Techrxiv, 2022
(hffx s:// .techrxiv g/articles/j )I(llllf/‘— tificial_ Intelligence_in_
Electric_Machi weiﬁr _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/10.1109/0JIA.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 (Al)

Interesting podcast about Al in general: “Robot Brains” Podcast by Pieter Abbeel
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Preliminaries: The approximation problem

Problem statement (illustration)

y=—x>+42%> — 22+ 2

10 T T T T T T T T T
q
5 -
>
>
(U i
Yy= [(—1,4,—2,2) (z)
= f(70.9,3.9,72.1,1.9)(95)
5| O (z[k],ylk])
| | | | | | | | | \>
=1 —0.5 0 0.5 1 1.5 2 2.5 3 3.5 4
x
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Preliminaries: The approximation problem

Problem statement (formal description)
The unknown function f,: R™ — R™ with unknown parametrization 6 € R”, p € N, mapping

= (21,...,70) Y= yn) = fo(T) (1)
shall be approximated by a known function }5: R™ — R", with unknown parametrization HeR?,

p € N, mapping

~

= é(sr:) ~ fe(ac). (2)

Example 0

Consider R R L

@y = folz) = 012° + 6, and § = fy(x) = O,2° + O,z + 05 or

(b) y = fo(z1,75) = 011'% + 0325 + 05 and § = f5(wq,25) = 9195? + 92I? + ‘93133 + 0.
What can we observe? Which problems may arise?

o Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Problem statement

The unknown function f,: R™ — R"™ with unknown parametrization 6 € R”, p € N, mapping

€T = (xlv' c 7xm)T = Y= (yh s 7yn)T = f@(x) (3)

shall be approximated by a known function }5: R™ — R", with unknown parametrization 0 eR?,
p € N, mapping

T = (x17"' azm)—r = :/y\ = (@\17"'7@\71)—'— = @(m) ~ f@(m) (4)

Remark 1

Best-case: (motivates for structered or physics-informed ANNSs, e.g. flux linkage prototype
functions)

e fo(x) = fy(x) (functions equal for same parametrization) and

«0=10 (parametrizations equal, including p = p).

Worst-case: (usual case to be dealt with!)

e fo(x) # fo(x) (functions not equal for same parametrization) and

A~

«0+0 (parametrizations not equal, including p # p)

o Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Principle solution approach

Approximation error vector R
e=y—g=y— fa(z)eR"
Error surface (e.g., squared error or Mean Squared Error (MSE))

E:RP R, 0 — E(a) = E(@,yﬂ:) = %eTe = %[yTy - 2yT}'§(:E) + }é(:l:)TAa(w)]

Goal: Solve optimization problem to find minimizer 0 (%)
0 = arg min E(6)
6

H \d Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Typical challenges during optimization: “Wrong” initialization = global minmum not reached [170, Abb. 4.12])

5©) 1

lokales Minimum

globales Minimum

@

H \d Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Typical challenges during optimization: Flat plateaus = no progress [170, Abb. 4.13]

E©)4

flaches Plateau

globales Minimum

H \d Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Typical challenges during optimization: Non-convergence (e.g., oscillations) [170, Abb. 4.14]

lokales Minimum

globales Minimum

H o Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Typical challenges during optimization

Optimization

[

Deterministic optimization

[

1

Zero-order
methods

First-order
methods

Second-order
methods

1

Stochastic optimization

!—‘—\

Heuristic Metaheuristic
methods

methods

[

l

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
IS S g I

M [ MRES
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Preliminaries: The approximation problem

Deterministic optimization: Optimality conditions

Necessary condition:
o LAE®) _ dfp@)  1[df() 2@+ F (w)Td}g@c)
a6 46 2| a9 “° 0 a0
dfs(x)" 5
=— = — fa(x
5 o)
df;(z)" 5 _ . : -
= O~ e =: gp € R (gradient of E with Jacobian J; of f) (5)
de
=3 ;E]Rﬁxn
Sulfficient condition:
L d dE(6) d (.1, 4 d .1 T d -
0<77A :770.”\ 'yff’\m :7f¢]’\e 7J’\fy7f’\m
46’ db déT[f( o) dOT[f] deT[ o)
= —% [J;e] + J;J} —: Hp e RP*?  (Hessian of E) (6)
de
20/85
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Preliminaries: The approximation problem

Parameter adaption: Derivation of general adaption law

Error surface approximation (Taylor expansion)

E(0 + AD) ~ E(0) + ghAB + 1A0 HAD

which we want to minimize with respect to A8 := @[b +1] — @[b] (“b-th batch”), i.e.

dE(6 + AB) ~ - . T

— I x + HpAO =0, <= A0 =—Hp g, =Hp J;e, (7)
FIN 9E E i3 E 9E E Y%

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

Ob+1] = 6[b) — Hy'gp, = 6[b] + Hy' J] e[b]

H o Artificial neural networks in electrical drive systems
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Preliminaries: The approximation problem

Parameter adaption: Different approximations of H,,;l yield different parameter adaption laws (all following . € (0, 1])
= Gradient descent (GD):

Hp' ~ pgplb] = 8[b + 1] = 6[b] + pcp[b]J7 e[b]
= Gradient descent with weighted momentum term (MT):

Hg' ~ piep[b] & par[b](8[b] — 8[b — 1]) = 8[b + 1] = 6[b] + pian[b]J7 e[b] + paar [b] (O[b] — O[b — 1])
= Newton method (NM):

Hp' ~ pnu[b]Hg' = 8[b+ 1] = 8[b] + punn[b] Hp ' J7 e[b]

= Gauss-Newton method (GN):
Hy' ~ pex[b)J; J; = 8[b+ 1] = 6[b] + pax[b](JF J3) " T] e[0]
= Levenberg-Marquardt (LM):
Hp' ~ [J] J; + poa[blIp]) = 8[b+ 1] = 8[b] + [JF T3 + prm[blT5] " JF e[b]
= modified Levenberg-Marquardt (mLM; Fletcher 1971):
Hg' ~ [J] J; + pmpu[b] diag(J7 J3)] = 6[b+ 1] = 8[b] + [J] J; + prouraa[b] diag(JF J3)] ' 7 e[b]
= ... (for more adaption laws and stochastic approaches, see [170, Chapter 10 & 11] or [171, Chapter 3])

H . Artificial neural networks in electrical drive systems
| MRES Prof. Dr.-Ing. habil. Christoph M. Hackl 22/85



Outline

Preliminaries

m Artificial neural networks (ANNSs)

H ‘ Artificial neural networks in electrical drive systems
M| MRES Prof. Dr.-Ing. habil. Christoph M. Hackl

22/85



Preliminaries: Artificial neural networks (ANNS)

Motivation and analogy to human nervous system [171, Fig. 1.1]

DENDRITES WITH
(O sYNAPTIC WEIGHTS

(a) Biological neural network (b) Artificial neural network

Figure 1.1: The synaptic connections between neurons. The image in (a) is from “The Brain:
Understanding Neurobiology Through the Study of Addiction [598].” Copyright (©2000 by
BSCS & Videodiscovery. All rights reserved. Used with permission.

H \d Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

Typical ANN structure with m =m; inputs, L layers (L —2 hidden layers) & n=m, outputs

Input Hidden e Hidden Output
layer layer (more hidden layers) layer layer
@3 op

Artificial Neural Network (ANN; w/o red loops) or Recurrent Neural Network (RNN; w/ red
loops including unit delay =~ for estimation of dynamics as well). The I-th layer has m, inputs
and m, neurons with activation functions @}, . .. ;" feeding m;,, neurons of the I+ 1-th layer.

o Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

ANN properties [170]

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

(P,) 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. = 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. = 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 f,(-) € C'(K;R™) with compact set K « R™ and any ¢ > 0, there exists an artificial
neural network (ANN) such that || fo — f3ll <.

o Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

Artificial neurons: lllustration of i-th artificial neuron in the i-th layer

:Cll_l — w;’l . .
activation
) 2 summation function

xy =@y ((wi) zpy + )
(S S——

) —ui
Tj—1 — W
xﬁlfl wlz’,ml,l b%
inputs weights bias
Remark 3
The neuron’s weighted and biased input is u} := (w})'x,_; + b} € R with input

my_1

@y = (x]_q,. .20 e R™-1, weights w) = (w)”',...,w, ™ )" e R™- and bias b] € R.

| Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

Artificial neurons: lllustration of typical activation functions

2 2
- 2'(z) - 2'(2)
-2 | | I —92 I | T
2 -1 0 1 2 2 -1 0 12
(a) Sigmoid @, (). (b) Tangens hyperbolicus @1, ().
2 2
L e e R/ (e 1+ G —
of i 0 s
i — () || - — () ||
-/ (x) - ® ()
72 | Il T 727

-2 -1 0 1 2 2 -1 0 1 2

(d) Identity @;4(x). (e) Rectified Linear Unit @y, ().
H o Artificial neural networks in electrical drive systems
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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

=y
=lUg
g- <I>L(WL<I>L_1(WL_1<I>L_2(--~<I>2(W2<I’1(W1¥;bl) by ) )+ by ) +by ).
)
- )
=T

Please note that per definition,  =: x, with dimensions m =: m represents the input to the
(first) input layer.

o Artificial neural networks in electrical drive systems
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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 u, bof the i-th layer as

(’wll)TfBl—1 + bll

u; = Wlwl_l + bl = : (9)
(wrl)—rﬂ?l_l + b;nl
T T T
Tl Oy, o Oh 10 0] [
T T T
0, , x4 ...0, 01 ..0[] .
my
. . ’LUl
Op, . Oh . oo =y 00 ... 1|\b
— — ~
X yemmmm ) — 0, R

where @l e RP: comprises all parameters (weights and biases) of the i-th layer, with
pyi=my - (my_y +1),

o Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

Representing ANNs as parametrized functions: Rewriting the neuron input vector (cont'd)
yields
G- (Wi (W @ s(- @ (Wo@ (Wimtb1) +by) ) +by 1) +by )

| S
TA
=wx;=%,(X(0,)

TA
=y =P,(X, 0,)

T A
=y =P (X 305 5)

=@y = (XL 20, 1)
= ®,(X] ,0,)
= fy(x) (11)
with all p parameters (weights and biases) of the ANN collected in

L L

~ AT AT ~T 5

0:=(6,.0,,....0,) €R” where p:=> 5 =Y my(m_,+1).
=1 =1

H o Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

Training (learning) and validation: Overview

Prepro- Artificial Neural

input cessing Network Output
A
Training Set
(Y; Xp)
1 Yy
Prepro- ANN Arcrtecture R R
cessing /. (Ay)
?‘ 2
Validation Set
(Y\N Xv)
3 Approximation
e T T L T > .
! ermore=y—17y
Parameter
__ adaption (MeanE)rrSc:qruared
0[b] = 0[b — 1] + By e
a(ufb]. 7;.e) ;

H o Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)
Training (learning) and validation: Adaption of ANN parameters (i.e., weights and biases)
Input Hidden e Hidden Output
layer layer (more hidden layers) layer layer
L

@7,

— How can we train the ANN and adapt its weights and biases? 8[b] = 8[b — 1] + a(u[b], J 7, )

— To do so, we need parameter adaptation (as introduced above) ... and Backpropagation!

o Artificial neural networks in electrical drive systems
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Preliminaries: Artificial neural networks (ANNS)

Training (learning) and validation: Backpropagation

For number of outputs n =: my,, number of inputs m =: mq, number of parameters of [-th layer
Dy = my - (m;_; + 1) and number of all parameters p := Zle Dy, one obtains for each layers
le{l1,...,L} the sub-Jacobian matrix

dfg(z) d®p(ur) duy, dey duy_, d; duy
/\T = T . T . T . T ..... 7"’ . ﬁ
de,; dup, dey dup_; dey o duy, de,
— — —— —— ——
ER™MLXML  cRMLXML-1 gR™L—1XML-1 cR™L—1%XML_2 eR™1 XM cR™ X1
1 1 I ! T XD
:éLWLéL_le_lﬁL_QWL_Q"'@le_leRn pl. (12)
Hence, parameter adaption (e.g., using Gradient Descent) is given by
~ df, (@)’
0,[b+1] do,
0[b+1]:= : = 0[b] + pap : e
6.[b+1] dfs(@)"
| — dé;,
5 [ —
<K afy@) "
o'® pXn
- edé eR”
H o Artificial neural networks in electrical drive systems
M | MRES Prof. Dr.-Ing. habil. Christoph M. Hackl 33/85



Preliminaries: Artificial neural networks (ANNS)

Training (learning) and validation: Validation (often in parallel to training) to avoid overfitting

6 neurons per hidden layer; Best ||eg|| = 0.3879, epoch 178 12 neurons per hidden layer; Best ||e;2|| = 0.2710, epoch 58
10° 10°
= Training L == Validation
= Validation [ === Training
Best | Best,
< lleol —— Best all < — Best all
s L
~ ~
— — [[ea] -
o llexll o lell
10! . . . . . I . | 107 . . . . . I . |
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
epochs epochs
20 neurons per hidden layer; Best ||ezo|] = 0.2428, epoch 52 24 neurons per hidden layer; Best ||ez4|| = 0.2612, epoch 45
10° 10°
== Validation == Validation
= Training == Training
Best Best
< < i — Best all
~ ~
— __ lleall
o llesll < ezl
107" : . . . I I . | 1071 I I . . . I . |
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
epochs epochs
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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)

DIE NACHSTE
STUFE DER
EVOLUTION
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Outline

Example applications
m ANN-based modeling

= Flux linkage prototype functions (= structered / physics-informed ANNs for flux linkage
approximation)
m ANN-based identification
m Simultaneous identification of inverter and machine nonlinearities
m ANN-based control

= Optimal feedforward torque control (OFTC) of electrical drives

H . Artificial neural networks in electrical drive systems
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Example applications

Common applications of Al in electrical drives [24, 166—169] (recap)

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

design

modeling

identification | | control | | observation FDD

OPP

o

|
LMRES
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Outline

Example applications
m ANN-based modeling
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs for flux linkage approximation) [25]

Received 26 February 2022; revised 17 March 2022; accepted 22 March 2022. Date of publication 25 March 2022;
ate of current version 12 May 2022. Th review of this paper was artanged by Associate Editor Haitham Abu-Ru
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Analytical Prototype Functions for
Flux Linkage Approximation
in Synchronous Machines
SHIH-WEI SU ©, CHRISTOPH M. HACKL ©2 (Senior Member, IEEE),

AND RALPH KENNEL ©' (Senior Member, IEEE)

| s of Bl D Sy Poer s Tt Uity o M, 8035 Mo
* Deparmentof “AppiedScien

Gemnany
50335 Maich, Germany

ABSTRACT  Physically motivated and analytical prototype functions are proposed to approximate the
nonlinear flu linkages of nonlinear synchronous machines (SMs) in generals and reluctance synchronous
Ms) and interior permanent magnet synchronous machines (IPMSMs) in particular. Such
analytical functions obviate the need of huge lookup tables (LUTS) and e beneficial for optimal operation
‘management and nonlinear control of such machines. The proposed flux linkage prototype functior
capable of mimicking the nonlinear self-axis and cross-coupling saturation effects of SMs. Moreover, the

prototype f llow to easily d alytical expressions for inductances
by simple differentiation of the analytical flux linkage provizpe functions. In total, two types of flux linkage
prototype functions are developed. The first flux linkage appro

conservation rule for “symmetric” flux linkages of RSMs. Withthe gained knowledge, the second type of
prototype functions is derived in order 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 obey the energy rule and. as fitting

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

INDEX TERMS  Analvtical flux linkage prototvpe functions. interior permanent magnet svnchronous ma-

‘.« ‘-‘ O
NI

JRE 10. Approximation results of the proposed analytical flux linkage  FIGURE 11. Approximation errors of the proposed analytical flux linkay
otype functions (40), (41), (46) and (47): (a) fitted d-axis flux linkages ploto!ype functions (40), (41), (46) and (47) compared to the real flux
b) fitted q-axis flux linkages §7; zero locus LY(L=0) I 1is ed d-axis error <{; (b) norm: rror 5.
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs for flux linkage approximation) [25]

Observation: Flux linkages can be separated into self-axis and cross-axis flux linkage terms:

B (iday <w%self8§;) <¢s Cross(.g g)) (13)

q
s,self ws,cross (zs y ls )
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs 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.

¥ o tanh (i) + 199,

s,self

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.

et = (cosh(i2/) or Yt uox exp(— (i2/%)?)

seems appropriate for RSMs and for IPMSMs, respectively.

= Physically motivated, structured function approach for ANN (flux linkage prototype) design!

H o Artificial neural networks in electrical drive systems
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs for flux linkage approximation) [25]

il / p-u. -1 -1 ig / p-u. if / p.u. -1 -1 isd / p-u.
Figure: Differential cross-coupling inductances L = L% of RSM (left) and IPMSM (right).

Due to conservation of energy, we have -4, (i, i?) = ﬁpg(iz, i) = —F'(i1)G'(if), since

-7
dig

AW, (id, i) = f (¥ e (id) — e (id, i) ) dif = J (92 (i) — pl(id i) ) did = F(i$)G(id).

d .d . ’,.d . .d . .d .
=14 cross (16,88 )=F (15) G (5) =0 crons (6 ,88) =F (i$) G (if)
(14)
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs for flux linkage approximation) [25]

Analytical flux linkage prototype functions:

’(/}s<sv s) wsself( ) ’(/}scross(s g) (15)
and
ws(sa s): gqelf(’ ) ql)scross(s g) (16)
where R
ws(,i,cross(iga Zg) = lell(Zg)Gl(Zg) +oeet knFI/l(Zg)Gn(Zg) (17)
and
'l/}s cross(zga s) =k Fl( )G ('Ltsl) +ee knFn(Z(si)Gil(Zg) (18)

d,.d ,d\\?
with cross-coupling saturation constants k,,--- , k, and e.g. Fk(ig) =1- e_(ak(ls _bk)) and
q,.q\2
Gp(i) =1 — e~ (@ri)",
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 orn =4
usually give satisfactory fitting accuracies.
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs for flux linkage approximation) [25]

/%

&1/%

Flgure RSM apprOX|mat|on results of the proposed analytical flux linkage prototype functions: (left) fitted
ws (i¢,i%) and ws (i¢,49) (including zero locus L2%(L =0) in red) and (right) relative approximation errors.
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Example applications: ANN-based modeling

Flux linkage prototype functions (= structered / physics-informed ANNSs for flux linkage approximation) [25]

/%

it/ pa

T i/ pa. ¢/ pu. - i pa

Flgure IPMSM apprOX|mat|on results of the proposed analytical flux linkage prototype functions: (left) fitted
1/;5 (i¢,i%) and 1/;5 (i¢,49) (including zero locus L2%(L =0) in red) and (right) relative approximation errors.
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Outline

Example applications

m ANN-based identification

H ‘ Artificial neural networks in electrical drive systems
M| MRES Prof. Dr.-Ing. habil. Christoph M. Hackl

43/85



Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

IEEE TRANSACTIONS ON ENERGY CONVERSION, VOL. 35, 0. 3, SEPTEMBER 2023 161

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
‘multancous estimation of nonlinear output voltage deviations in

1. INTRODUCTION

) lumpunmn of deis. . Bknge ofied

ODERN control methods and observer architec- 3
i) and i

‘models. Based on the identified characteristics with the help of tres of electrical machines rely mostly on accurate

Shysicalyinspired siuctured arilal neural networks (AN i fthe

n effcient tuning of the current control system can be performed

and the nnnlmaur oltge devations cawsed by parasic cfcs
The

(6) Comparingn of graxis flx linkage V(67 41) s s

linear machine model such as the phase resistances and induc-
tances can be utilised to tune the current controllers [1], [2], [3

rately
identification is performed o positon sensor o vl therutoe
rrents and

ment magnet synceonous machine (PMSD) and a euctance
ronous machine (RS od i

synchy that the prop
capable of ifying the Carsent ¢ dependent slbaxs and cros
s flux linkages, dll’gnnlml inductancesand the nalnear Vsl

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 uilisation of nonlinear flux
linkage maps usually expressed in the synchronously rotating
(d,q)-reference frame [2]. [41. [S]. [6]. (7). [8] which allow
0 compute the differential inductances (in the following. the

ellas
The proposed method is ast and geneic. Bsids the e ma
chine current, voltage and frequency, no prior system knowledge
s equired making A applicable for the sef-comimisioning of any
electrical synchronous machine drive.

Index Terms—Identification, self-commissioning, auto-tuning,
synchronous machine, inverter dead-time, machine characteri-
" i i rtifical

encoderless.

qstands forthe d-or g-axis, fesp.). The automatic

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 10 a lack of ex-
pertise and time of the control engineers might lead to im-
precise results and poor control dyn: as well as an

(eh Relative g flux Finkage e

Cney inclicient opeaton 9] The imporance of an utomatc

Nomation commissioning beapmes obvious if one considers that around ig. 9. ntification results: (a) Time series: (b) & () flux linkages: (¢) & (f) relative flux linkage errors.
. 53 % of the globally generated energy is consumed by electrical ~ ~
N, R: natural, real numbers; @:=(x1,....0,) " € RInJ:col-  pachines 101 v increased model as for which it is  _49 t0 3% for 4i¢(i¢, i7) and —4% to 6% for ¢ (i, i?). Fig. |
sfton amittad (ench ac in [IAN Tha hise K ac chawn in e T e Y B
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Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

‘—e—Real voltage error Auf(i?)

Ideal voltage error My, sign(i) ‘ 6

Low-Current

High-Current
Region

Region

Current Increase

iation Au? / V
w

High-Current
Region

I . ) 6 . .
—4 -3 -2 —1 0 1 2 3 4 5 0 0.005
phase current i / A

0.015 0.02

0.01
time ¢ /s

Figure: Ideal vs. real voltage deviation over 5% (left); real voltage deviation Awf (:¥) over one period of a
sinusoidal phase current i¥ with different amplitudes 7; (right).

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

. p_,P p ;P
Vpe{ab,c}: ug = uf oo — Aud(May,, i, ... ). (19)
H o Artificial neural networks in electrical drive systems
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Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

Input layer Hidden layer Output layer
(Layer 0) (Layer 1) (Layer 2)
D, | =Dgg;

By =dyy Dy =Dy

. P 5o =Dg g .
|Z§| 1,2 Sosi ann(zé))

Figure: ANN for approximation of VSI voltage deviation Aw? of phase p € {a, b, c} by AGE

Resulting ANN structure for VSI identification:

AP (DY . pVSiop
Aus (15) T ann(ls)
w3 (wi 32 |+677) Lo (wisfi?|+o7%) | (")
= i f - i T sign(2g
L |wyTy ig [+67 71 Lt |wy T lig [+67 2 | A
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Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

Input layer Hidden layer Output layer
(Layer 0) (Layer 1) (Layer 2)

D=2y Dy =Dy

is)

xT
Vs self /-

Figure: Approximating ANN for self-axis flux linkage s .1 (i ) of axis = € {d, ¢} by sz,self(i;”) = fann " (12).

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

et 1—exp (—2(wi57 82 +575°)) Lt (1)

z,self .x | ,x,se 2
1+exp (—2(1”1,'2 lfls +b1)3 lf))

x,self .z | x,self
—2(wyy  ig+biy ))

o .z z,self 1—exp ( T,s
X 1 = W
'1/15,se1f( s) 2,1 Ltexp (_Q(wf,iclfi:+bi,;elf)) 2,2

or (for rather linear machines)
U (i) == w3 i — wy3™ (1 + exp(—i)) + 05" (22)
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Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

Input layer Hidden layer Output layer
(Layer 0) (Layer 1) (Layer 2)
(I)l,l

Qo =Piq
q CI)Q - (I)ld
s
1/}:,cross .d -q
ann ( s s)
—>
iq

Figure: ApprOX|mat|ng ANN for cross-axis flux linkage 2 cmss(zs ,id) of axis z € {d, q} by

d
1/Js cross (Zs ’ Zs) = fanblfmbs (Zs ’ 7's)'
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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

( d .q cross/  d,cross\2 -d d,cross -d\2 q,cross -q\2
"/}s cross (s, 43) = 2wy ; (wl,l )7ig exp ( — (wl,l is) 1 —exp (wl 1)
cross /. d,cross\2 -d d,cross -d\2 q,Cross -q\2
+2ws3 5 (w1,2 )" ig exp ( - (w1,2 ig) (1 — €Xp ( (wf ,2 id) ))
RSMs:
q _ Cross/ q,cross\2 .q q,Cross -q\2 d,cross -d\2
1/)5 cross( s s) = 2w W31 (wl,l ) ls €Xp ( - (wl,l ls) ) (1 — €Xp ( - (wl,l Zs)
Cross /. q,cross\2 .q q,cross -q\2 d,cross -d\2
28 (w5 il exp (= (wisi)?) (1 - exp (= (wis™if)?)).
(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

~d .d .
Vg cross (s 1a) =

IPMSMs:
D cross(i8,i8) =

d,cross
cross (wd,cross o deross ;d w113 )
2,1 1,1,1 1,1,2 s 5 :
N s S 1+ex]>(7(id d,cruss)>
q,Cross . q q,Ccross ,.q\2 q,cross q, cros:.
(wl 1,1 s tWilio (id) +wi 3 ln(exp(z + b7 )+1))
4 4 4 wd,cross
cross l,cross l,cross . 1,2,3
+ws o ( 121 t2wias i + d - d,cross )
1+exp(—(ig+bylgy )

q,cross .q q,Ccross ,.q\2 q,cross q, croas
(w1,2,1 ig +wis 5 (ig)” + wils3 ln(exp(z + by )+ 1))
d,cross
d,cross .d w1,3,3

cross (| d,cross
+ws 3 (wl 31 t2wizas i+ 4, d,cross )
texp(— (i +6057°%))

(Wh55i2 + wf5E7 67 + wl5E mexp(l + 6157 + 1))

wd>Ecross
cross q,cross q,cross .q 1,1,3

w + 2w ig + —)
2,1 ( 1,1,1 1,1,2 s Troxn(— (i +bngiross))

d,cross .d d,cross ,.d\2 d,cross d,cross
<w1,1,1 is +wy1e () twins ln(exp( +b10 )+ 1))

wdsCross
cross g,cross q,cross .q 12,3
+w ('w + 2w iq + —)
2,2 12,1 1.2,2 Trexp(— LTI
dyerossd | d.cross weross d,cross
(w1,2,1 is +wip ( Wi2 3 ln(exp(z +bis )+ 1))
g,cross
cross q,cross .q w1,3,3

q,cross
+wgy 3 (wl 1+ 2wi'3 5 g + )
»35 235 s 1+exp(_(ig+btli:cross))

(wt5mEeid w57 w55 n(exp(ad + 65 + 1)),
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HM®
M| MRES Prof. Dr.-Ing. habil. Christoph M. Hackl

(24)

50/85



Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

p
us,ref
Buffer
—p- ﬁﬁ:: System VSI /
1P| Identification
Asdq ¢ =0°
1 P
s = [\, |
[ | Steady-State abe |e—

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 Iy 4.07 A s 354 A, s
Rated Torque m,, r 2.06 Nm 9.60 Nm
Poles 8 (np, =4) 4 (n, =2)
Rated Speed n,, p 6000 rpm 1500 rpm

H \d Artificial neural networks in electrical drive systems
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Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

10 -

voltage deviation / V
S

# /A

Figure: IPMSM and RSM identification results: Comparison of VSI voltage deviations Au? (i%) and their
estimates A%? (i%) (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]

Aul(al') (reference) Remark 4 (Dependency On
P Adr(at) (model) 7 -
: dc-link voltage)

To consider a varying ug,, the
ANN structure in (20) has to be
extended by replacing the terms
xy := wy || + b7 and

VS1

-
o

(2]

vsi

voltage deviation Auf / V
o

@y 1= wy5ig| + b3 by _
- 1 == wii|if] + wizuac + 011 and
i 7y = wYS]iE] + wiug + b,
e ; = respectively. Then, the VSI-ANN
250~ ' ey depends not only on the phase
200 e g 2 current i but also on the dc-link
1sut‘“‘“w-.x%_,,__,-c-z"""-1 9 voltage u,. and has two more
uge |V 100 -3 i) A weights w73 and wy’;.
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Example applications: ANN-based identification

Simultaneous identification of inverter and machine nonlinearities [138]

——il / 12.6A
aeen i/ 211A
e [ 17.5V
—il [ 21.1A
wenn i/ 211A
—_—l ) 175V

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]

—— i1 / 95A
aennil [ 9.5A
g ) 54V
—i/10.7A
eann il /10.7A

;g o.s. :
1Bl
10
Figure: RSM identification results: Time series (top) and flux linkage maps (bottom)
e
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Outline

Example applications

m ANN-based control
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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

! .d 2 o . Fd Fq\ -d - T .g\2 .d\2 .d, T
Mmref = Mm (qu) = 3"?1) |:’¢me7’g + (Ls - Lg)zslg + Ls,m((lg) - (ZS) )] nd ”'s,qref = (?7?)
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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!

Nonlinear IPMSM (3.9 kW@5 500 rpm) Nonlinear IM (3 kW@1 445 rpm)

510 15 -5
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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" Niklas Monzen and 2™ 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

Abstraci—sn Artifcal Neural Network (ANN) based Optiml

o produce the desired (or mnxlmnll) Teasibie) machine torque.
Voltage and currents constraints of stator and exciter are con-
sidered as well. In contrast to conventional OFTC, the proposed
ANN-tased OFTC sirtegy dues mot rem
deciion tree 10 find the optimal current triple while machine
nonlincarites, magnetic oross-coupling, aturaion. and speed
ependent iron Toscs are taken nto sccount. In addition, the
proposed ANN design procedure allows to consider measurable
OFTC goals and computational resources that ensures a real-
time capable mplementtion, Comprebensive simultion result
a real and nnnlmur EESM clearly show these beneflts
mmpanng the proposed ANN-based OFTC with results '
optimiration umbum (NLP) solver (which cannot be

sed In rea-time).
*idex Torms—Artifcal neural network (ANN), copper &
iron losss, efficency, dlectrically excted synchronous machine
learning, nonlinear m: ‘model, optimal
Fedforward torque control (OFTC), optimal reference current
computation, optimization.

g

4 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.

1 online OFTC approaches are presented that are

Meas

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.
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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
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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 Hidden Hidden Output
layer layer 1 layer m layer

m o~ —~
m7refm Yo,1 Ym,1
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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

2
o, = % 2 max (0, @[k ]||—us,mxm) :

e, =
1 K , 2
eiﬁ =K Zk:l max (O ||7’€ ref Zs,max[k]> )
1 K 2
Cu, = K —1 max 07 — Ue max k )
e Zl;—l ( [%]) 2 26
eie = % Zkzl max (07 ‘ e, ref - Ze,ma»x[k]) ’

~ — 2
€m = % Zszl (mm[k] - mm,ref[k]) ’

€L = % ZkK=1 (ﬁL[k] —Z)L[k])2

in order to find Pareto optimal ANN architecture as trade-off between the three OFTC criteria:

e e s .d ~d . B . N T
= minimizing each error above and eoprc := (ig ret — %s refs ig ror — borefs be,ref — foref) s

= minimizing the number N,,..., of parameters (storage equivalent) and
= minimizing the number Nj,,, 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
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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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Figure: Implementation results for the proposed ANN-based OFTC for a real, nonlinear EESM.
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Conclusion

To take home

= Artificial neural networks are

o a (very) powerful tool (but imho not the solution to everything in contrast to many statements)
o (or might be) beneficial (in particular with respect to memory usage or computational time)

o applicable in electrical drives (e.g., for OFTC, self-commissioning, control)

o to be handled with care (optimization not trivial, recall non-convergence, local minimum, etc.)

= Artificial neural networks require

o experience (data set generation, selection of topology, activation functions, etc.)

o computational power (in particular for meta studies)

o high storage capabilities (at least during off-line training)

o physical understanding (imho good models are crucial for proper (i.e., structured) ANN design)

= Enjoy using ANNs and Al,

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

o 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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