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Motivation & applications
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Motivation
Reasons for Artificial Intelligence for electrical drive systems

* Problem:
— Machine’s nonlinearities lead to iterative and computationally intensive algorithms
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* ldea:
— Use ANNSs as approximation (interpolation and extrapolation)
— Fixed and feasible execution time
— Accaptable storage requirement
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Motivation
ANN-based OFTC for IPMSM
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Abstract: A novel Artificial Neural Network (ANN) Based Optimal Feedforward Torque Control
(OFTC) strategy is proposed which, after proper ANN design, training and validation, allows
to analytically compute the optimal reference currents (minimizing copper and iron losses) for
Interior Permanent Magnet Synchronous Machines (IPMSMs) with highly operating point dependent
nonlinear electric and magnetic characteristics. In contrast to conventional OFTC, which either utilizes
large look-up tables (LUTs; with more than three input parameters) or computes the optimal reference
currents numerically or analytically but iteratively (due to the necessary online linearization), the
proposed ANN-based OFTC strategy does not require iterations nor a decision tree to find the
optimal operation strategy such as e.g., Maximum Torque per Losses (MTPL), Maximum Current
(MC) or Field Weakening (FW). Therefore, it is (much) faster and easier to implement while (i) still
machine nonlinearities and nonidealities such as e.g., magnetic cross-coupling and saturation and
speed-dependent iron losses can be considered and (ii) very accurate optimal reference currents
are obtained. Comprehensive simulation results for a real and highly nonlinear IPMSM clearly
show these benefits of the proposed ANN-based OFTC approach compared to conventional OFTC
strategies using LUT-based, numerical or analytical computation of the reference currents.

Keywords: electrical drive control system; operation management; optimal feedforward torque
control; optimal reference current computation; transformer-like nonlinear machine model;
artificial neural network; synchronous motor; interior permanent magnet synchronous machine;
machine learning
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Figure 9. Illustration of the two implemented ANN architectures: Each architecture has four in
layer neurons and two output layer neurons; Architecture (A;) has one hidden layer, wher
Architecture (A,) has two hidden layers with 20 hidden layer neurons each.




. . 30 - ' [ ' ' N
Motivation S ~— 1
H i - et esresecscses k‘w’y—ﬂlls O
ANN-based OFTC for IPMSM £ 1o/ — Lo :
o “s,ref ,ORCC s.ref, ANN s,ref NLP
0 | | I T I I | |
| i] T 1 | T T |
—»mm,ref ig ref fi -10 Py e ) i:,ri.!l',()ﬂ(_f(_' "'-f,;-f-{,A.\'N e ":::-er'..\'LP —
Wy ' 5 20 frrrrrsrerrrrerrrreveeana, & f'-w%., s
— X = ——
—>us’max OFTC igref © 30 | E | ﬂsl_&a“’"wﬁ | 7
_ ) >
ls max < pmem—————- B e e e e a S — s o T e
> 30 | E'; -
: 3 e e s g e : B
':: ZU —’f K : : g g I Tonandil —
. 1 - _I - = = lymax — ||’.r,-,.-f;‘|',LmC(‘|| ||1:-i,rv|',ANN|| el ||?’.-+,rf-I'.N'LI-‘|| |
- 4 OFTC for IPMSM feasible, , | j |
. . I B AP S R e P T A SIS SU S g PED A OISR DD s heeira ]
considering = 2N e :
— Nonlinear flux |inkageS § '38 - - _....%,.,..,.,.*.-.m,.;""""-r. = = = g max || 1o orcc | I|U’:,{1{arf,.'\N.-\'|| | [l -
. et 1 T
f— Copper Iosses and nonllnear g‘ 8_ ElllllllIls-IlllllllIIlJlIIllll..-lllllI-:!;:r';_h:;ggm—w—mﬂstﬂ:;-c::ul:-:-d-r-.‘aro:m:r-v.:s
iron losses g : e ]
— Voltage and current limits T 2 " - [2eeeeet s —— nmonce M ANN ®®0e s NN |
0 P aiiam I T
= 8 . ! | | ] - LL 1 Y4 I =1
' . Zc: 6L f ,':m»:w;xh.mh___nmm‘ (e \'. ]
* ¢ Only afew and simple ANN < ° e oSy
I 1 E—' : = My, 0RCC Ty ANN semmn s My NLP il a1
arCh IteCtu reS tral ned ﬁ g ’- I| — = == Mmref,ORCC "= " 288 TNy, rof ANN == ====== Mmn ref NLP | N
0s 0.1s 0.2s 0.3s 04s

= Execution time reduced from
440 us (MTPX) to 6 us Performance measure X=OFTC,yr X=OFTCyyy X=OFTC,na X=OFTC,y\y

. 2734.782s  448.745 s 439.671 pis 5.855 s

. Artificial Intelligence for electrical drive systems
M | MRES 12.+13.06.2023 / Prof. Dr.-Ing. habil. C.M. Hackl und N. Monzen, M.Sc. 5



Motivation
ANN-based OFTC for EESM

n

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

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 putation 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

li ities, gnetic 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), hine learning, li hine model, optimal
feedforward torque control (OFTC), optimal reference current
computation, optimization.

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 offfine 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
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Motivation

Control of an electrically-excited synchronous machine (EESM) with optimal feedforward torque control (OFTC)
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Motivation
ANN-based OFTC for EESM
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ANN-based OFTC of EESM
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ANN-based OFTC of EESM
ANN Training

Neuron’s output (i-th neuron of the j-th layer):
yj,i = (Dj’i(W]-I:ix]' + bj,i) ER
Layer’s output (j-th layer):
()7,',1 ) ®; 1 (W1 x; + bj1)

y]= = : Ean

.
Pjn, (Wj,njxj T bj.nj)
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Training:

K

1

(w',b") = argmin= > [[ylk] - FLk]ll
(wb) Kk:1

Different ANN architectures can be trained
- Which one is the best trained ANN?
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ANN-based OFTC of EESM
Choice and validation of an optimal ANN design
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ANN-based OFTC of EESM
Simulation results
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Motivation
ANN-based OFTC for EESM

Input Hidden Hidden Output
- 4 ANN-based OFTC for EESM feasible, considering layer layer 1 layer m layer
— machine nonlinearities, Iron and copper losses M ref —~ Fo,1 U1

— stator and exciter voltage and current limits
— real-time capable implementation

« &4 Complete framework to design ANN-based OFTC
— dataset creation based on the nonlinear
machine model
— training (and validation) of suitable ANN architectures
— optimal ANN design and choice as result of
trade-off between the OFTC goals

. ! Meta-study:
— Number of hidden layers: 1...4 .
— Numbers of neurons per hidden layer: 2...200 Yo,6
— FLOPs limit: 1000...2000
—1.282.176 ANN architectures
—>only 200 ANN architectures chosen (50 with maximum number of FLOPs per number of hidden layers)
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Motivation
ANN-based OFTC for RSM

Multi-objective optimization for artificial neural
network based optimal feedforward control with
application to optimal feedforward torque control of
nonlinear synchronous machines

Work in progress...

H . Artificial Intelligence for electrical drive systems
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Motivation

ANN-based OFTC for RSM RSM ANN Architecture Study - Target Space

 Multi-Objective Optimization (MOOQO) 0.01
Number of Hidden Layers
1
» Target space: o | (pareto)
— Number of FLOPs 0.008 ool 2
- MSE Of Outputs : y ; ;;f}“!lil";fi:."?
« Hyperparameters: 0,006 *% o 00,08 So0cteg 4
— Numbers of neurons per hidden = . 5
layers = : , (
0.004 ;
» Goal: i
— minimize all targets simultaneously %
0.002 'i
% -» 500 1000 1500 2000 2500 3000
Number of Flops
H g Artificial Intelligence for electrical drive systems
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Motivation
ANN-based OFTC for RSM
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ANN-based OFTC for RSM
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ANN-based OFTC for RSM
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Motivation
ANN-based OFTC for RSM
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—~>Experimental validation of ANN-based OFTC for
RSM

—>best ANN architecture is trade-off between
execution time and MSE

—>execution time and MSE is significantly lower
compared to MTPX-approach
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Hands-on example 1: System identification

Hands-on example 2: ANN-based Maximum Torque per Losses (MTPL)

Hands-on example 3: ANN-based Optimal Feedforward Torque Control (OFTC) of an IPMSM

Artificial Intelligence for electrical drive systems
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Design of ANNs for electrical drive systems
Overview

ANN o

H . Artificial Intelligence for electrical drive systems
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Design of ANNs for electrical drive systems

Overview
ANN
* The data must be created by measurements, For the k-th input sample
FEA or model-based computations. T
« Collecting all individual input-output sample sets x[ = (M, rerlk], wm k], tis max (K], is max [ K], Ue max [K], iemax[K])
(x[k]; y[k]) forall k € {1,...,K} the corresponding output vector
7 . . T
- Leads to the overall, trainings and validation ylk] = (idreelk], i e[k, ic reelk])
input-output dataset is the solution of the nonlinear optimization problems (NLP)
X, Y) = (X1, Y1) U Xy, Yy) ii‘éief[k] = arg min pL(ldqe[k]) M max k] = ma[x] mm(ldqe[k])
dqe[k] lse k
» Normalization: scaling to a range of usually 0...1 s.t. |[u®7 (29 [k])|| < ttg mag K] dq /da
i - Smaxtrl - L ¢ k s, max
(or sometimes -1 to +1) 0 T 2 1
— ) |ue(lg,ge [k])l < ue,max[k]r dqe
xy = ————min ielll < iemax!K, )

|le[ Il < lemax[k]
Xmax — Xmin K mm(ldqe ) = sat My rer [k] /
Mm,max
H . Artificial Intelligence for electrical drive systems
= Y
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Design of ANNs for electrical drive systems
Overview

ANN
architectures

« The ANN architecture is defined by Input Hidden — Hidden — Output
. layer layer 1 layer m layer
— Number of input neurons . ~ R
m,refm Yo,1 v Ym,1
N\ L( d

Validation

Dataset

— Number of output neurons

— Number of hidden layers

— Numbers of neurons per hidden layers
— Activation functions

Layer’s output (j-th layer):

Vin ®; 1 (W], x; + bj1)
y] = ,\3 = S (= an
Vimn; D, (ijnjxj + bj,nj)
. —~ . . - y0,6 ym,nm
ANN output: ylk] = f(x[k],0) | ,

e o o
1 A T T T g a T T T ]
0 o (1) S — - = B
— P(z) — ®(x) — ®(2)
e RV @/(x) Nl @/(x) L/ ()
Artificial Intelligence for electrical drive systems L0 1 S0 1 0 1
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Design of ANNs for electrical drive systems
Overview

ANN o

Define the error function (or loss function) | epoch

Optimization

Compute gradients (backpropagation)

lterative optimization of error

Prevent overfitting

B
& | MRES

E(@) Training
0 = argmain E (5)

gradients: g = %

Compute prediction 1 = f5(xt)

Compute loss (e.g., MSE):
Ex(8): = =X Lllynlk] = 9okl

Compute gradients: g = %T

Adapt paIameters (Ae.g. Gradient Descent):
Ole + 1] = 8[e] — ugp grle]

6[b + 1] = 9[b] + H;'J] e[t]

Compute validation loss Ey(8): = %Z’,j;’lﬂyv[k] — Fa(xv[kD) ||2

Artificial Intelligence for electrical drive systems

validation loss

12.+13.06.2023 / Prof. Dr.-Ing. habil. C.M. Hackl und N. Monzen, M.Sc.  increased
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Design of ANNs for electrical drive systems

Overview

ANN o

Define the error function (or loss function)  epoch
E(@) Training
Ootimizat 52;[r(:ir|]‘1-g Compute prediction y = f5(x)
ptimization
0" = argmin E 0 CoAmpute loss (e.g., MSE): N
i F0) E(8):= 3 3fllylk] - Sl g PR
Compute gradients (backpropagation) O w y[b] =
ont i Compute gradients: g = — (yo[(b = 1)B + 11, ..., y[b B])
gradients: g = —
_ o _ Adapt paArameters (Ae.g. Gradient Descent):
lterative optimization of error 8[b + 1] = 8[b] — ucp ge[b]
6[b + 1] = 9[b] + H:'J] e[t]
Prevent overfitting Compute validation loss Ey(8): = %Z’,j;’lﬂyv[k] — FoaxyIkD |I°

Batched-training with batch-size B

B
& | MRES

Artificial Intelligence for electrical drive systems yalldatlon loss
12.+13.06.2023 / Prof. Dr.-Ing. habil. C.M. Hackl und N. Monzen, M.Sc. increased
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Design of ANNs for electrical drive systems
Overview

ANN

Dataset Validation

architectures

» Compute MSE of test dataset

« Computational resources:
— Number of parameters p

— Number of floating-point-operations: N s
gp P flop Nﬂop = 277,0 -+ 2nm+1 n., -+ an (2 Ng_1q =} 1)
k=1

* Dynamic simulation

« Experimental validation

. Artificial Intelligence for electrical drive systems
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Design of ANNs for electrical drive systems
Overview

ANN o

Parameter Study
Multi-objective Optimization

» Targets: * Hyperparameters
— MSE of all outputs — architectures
— MSE of each output — Numbers of neurons per hidden layers
— Application motivated MSE — Number of hidden layers
(e.g., torque, voltage, current) — Activation functions
— Number of parameters: Ny,ram — Optimization
— Number of floating-point-operations: N, — Initialization of parameters
— Optimizer & optimizer parameters
— Dataset

— Sampling (e.qg., grid, latin-hypercube sampling)
— Normalization

H . Artificial Intelligence for electrical drive systems
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Design of ANNs for electrical drive systems
Tools

ANN
architectures

Dataset

Validation

Pros: Pros:
Distributed training, Azure Distributed computing and GPU T AB
integration’ mu|ti_|anguage acceleration, hlgh/lOW-level APls ) W
support (Python, C#, C++), ' (e.g. Keras) ]
production deployment. S | _JINK
. Steeper learning curve, compatibilit :
Smaller co(r:n?rrllzﬁity, limited i igsues. i ’ Deep Learning Toolbox

resources, Azure-centric, T F I Pros:
advanced customization e nso r OW Wide range of built-in functions,

user-friendly interface.

O PyTorch .

Can be slow, limited support for

Microsoft Dynamic computation graph . distributed computin_g, _
Cognitive allows flexibility, GPU limited adva_nced customization,
Toolkit acceleration, Pythonic syntax proprietary software
s Microsoft
Cons:
" Less optimized for production

Artificial Intelligence for electrical drive systems
M | MRES 12.+13.06.2023 / Prof. Dr.-Ing. habil. C.M. Hackl und N. Monzen, M.Sc. 8



Design of ANNs for electrical drive systems

Overview
ANN o
Dataset T e U Validation
Dataset creation - Create ANN model - Loss function - Compute MSE - Parameter-Study4) [}
Normalization ) (&) - Number of hidden - Backpropagation Compute number of - MOO

layers - Optimization parameters and
- Numbers of neurons - Overfitting floating-point-
per hidden layers - Batch-training ﬁ operations
- Activation functions - Test: steady-state
simulation
ﬁ a ﬁ - Export trained ANN
model to

MATLAB&Simulink

W Hands-on example 1: System identification
&) Hands-on example 2: ANN-based Maximum Torque per Losses (MTPL)
&) Hands-on example 3: ANN-based Optimal Feedforward Troque Control (OFTC) of an IPMSM

. Artificial Intelligence for electrical drive systems
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Hands-on examples
Getting started

Install Python 3.X:
https://www.python.org/downloads/

Download and extract Workshop files:
https://monzen.pages.qitlab.lrz.de/data-sharing/Workshop CPM LMRES.zip

Set up virtual environment [optional]
- Open a terminal in Workshop_CPM_LMRES folder.
- Create a virtual environment env:

python -m venv env

- and activate the environment by

source env/bin/activate // MAC
env/Scripts/activate.bat // In CMD (WINDOWS)
env/Scripts/Activate.ps1 // In Powershell (WINDOWS)

Installation of python packages:

pilip install -r requirements.txt

Start Jupyter Notebook jupyter notebook

| 'l ]
—d I\ /] ®

M | MRES

Artificial Intelligence for electrical drive systems
12.413.06.2023 / Prof. Dr.-Ing. habil. C.M. Hackl und N. Monzen, M.Sc.

Alternative: Google Colab
- Google account required
- Open the shared notebooks

Hands-on example 1: System
identification

Hands-on example 2: ANN-based

Maximum Torque per Losses

(MTPL)

Hands-on example 3: ANN-based

Optimal Feedforward Torque
Control (OFTC) of an IPMSM
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https://www.python.org/downloads/
https://monzen.pages.gitlab.lrz.de/data-sharing/Workshop_CPM_LMRES.zip
https://colab.research.google.com/drive/19sIhFYf6jCoVQ5l431EGjv49Y5lmwgo8?usp=sharing
https://colab.research.google.com/drive/1z6h8TbSTBwkpwgsTeugtAH4f3L-CjmE9?usp=sharing
https://colab.research.google.com/drive/1hNytcMyrzXcI6ezpNEdvEZI3haJakIfM?usp=sharing

