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Agenda

• Motivation & applications

• Framework for design of ANN-based approches for electrical drive systems

• 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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Motivation
Reasons for Artificial Intelligence for electrical drive systems

• Problem:
‒ Machine’s nonlinearities lead to iterative and computationally intensive algorithms

• Idea:

‒ Use ANNs as approximation (interpolation and extrapolation)
‒ Fixed and feasible execution time

‒ Accaptable storage requirement

𝒚 = 𝒇(𝒙)
or

𝒇 =?

𝒙

(𝒚 ≈ 𝒚

𝒚

…
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Motivation
ANN-based OFTC for IPMSM
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Motivation
ANN-based OFTC for IPMSM

• ✅ OFTC for IPMSM feasible, 

considering

‒ Nonlinear flux linkages
‒ Copper losses and nonlinear 

iron losses
‒ Voltage and current limits

• ❗ Only a few and simple ANN 
architectures trained

• à Execution time reduced from 

440 𝜇s (MTPX) to 6 𝜇s

OFTC

𝑖!,#$%&

𝑖!,#$%'

𝑚(,#$%

𝜔(
𝑢!,()*
𝑖!,()*
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Motivation
ANN-based OFTC for EESM
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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

Short-period overload

Prevent overheating

Operation within voltage limit

Most efficient 
operation

Satisfy reference torque

Real-time capable 

implementation

⇒ computationally intensive nonlinear 

optimization problem (NLP)

Proposed Solution: 

ANN-based OFTC for EESM

1. Dataset creation

2. Training of suitable ANN-architectures
3. Validation and choice of an optimal ANN
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ANN-based OFTC of EESM
Dataset creation i
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For the 𝑘-th input sample

the corresponding output vector

is the solution of the nonlinear optimization problems (NLP)

àNLP can not be solved online in real-time!

àBut offline to create a dataset with 𝑘 ∈ 1,… , 𝐾 samples.

𝒙 𝑘 ≔ 𝑚(,#$% 𝑘 , 𝜔( 𝑘 , 𝑢!,()* 𝑘 , 𝑖!,()* 𝑘 , 𝑢$,()* 𝑘 , 𝑖$,()* 𝑘 +

𝒚 𝑘 ≔ 𝑖!,#$%& 𝑘 , 𝑖!,#$%' 𝑘 , 𝑖$,#$% 𝑘 +

𝒊!,$,#$%&', 𝑘 = arg min
𝒊!,#
$%&

.

𝑝/ 𝒊!,$&', 𝑘

s. t. 𝒖0&' 𝒊!,$&', 𝑘 ≤ 𝑢!,()* 𝑘 ,
𝒊0&' 𝒊!,$&', 𝑘 ≤ 𝑖!,()* 𝑘 ,
𝑢$ 𝒊!,$&', 𝑘 ≤ 𝑢$,()* 𝑘 ,

𝑖$ 𝑘 ≤ 𝑖$,()* 𝑘 ,
𝑚( 𝒊!,$&', 𝑘 = sat

1','()

𝑚(,#$% 𝑘

𝑚(,()* 𝑘 = max
𝒊!,#
$%&

.

𝑚( 𝒊!,$&', 𝑘

s. t. 𝒖0&' 𝒊!,$&', 𝑘 ≤ 𝑢!,()* 𝑘 ,
𝒊0&' 𝒊!,$&', 𝑘 ≤ 𝑖!,()* 𝑘 ,
𝑢$ 𝒊!,$&', 𝑘 ≤ 𝑢$,()* 𝑘 ,

𝑖$ 𝑘 ≤ 𝑖$,()* 𝑘 .

𝒖𝐬&' = 𝑹!&'𝒊!&' +𝝎3 𝑱𝝍!
&' + d

d𝑡𝝍!
&'

𝟎4 = 𝑹!,5$&' 𝒊!,5$&' +𝝎3 𝑱𝝍!
&' + d
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2
3𝜅4 𝒊!,5$&' +𝑹!,5$&' 𝒊!,5$&'

𝑚( = 2𝑛3
3𝜅4 𝒊!&' + 𝒊!,5$&' +𝑱𝝍!

&'

copper losses               iron losses
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ANN-based OFTC of EESM
ANN Training

Neuron’s output (𝑖-th neuron of the 𝑗-th layer):

Layer’s output (𝑗-th layer):

ANN output:

Training:

Different ANN architectures can be trained

à Which one is the best trained ANN?
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G𝑦6,7 = Φ6,7 𝒘6,78 𝒙6 + 𝑏6,7 ∈ ℝ

N𝒚6 =
G𝑦6,9
⋮
G𝑦6,:*

=
Φ6,9 𝒘6,98 𝒙6 + 𝑏6,9

⋮
Φ6,:* 𝒘6,:*8 𝒙6 + 𝑏6,:*

∈ ℝ:*

𝒘∗, 𝒃∗ = arg min
𝒘,𝒃

1
𝐾S
.>9

?

𝒚 𝑘 − N𝒚 𝑘 4

N𝒚 𝑘 ≔ ̂𝚤!,#$%& 𝑘 , ̂𝚤!,#$%' 𝑘 , ̂𝚤$,#$% 𝑘 + = 𝑓 𝒙,𝒘, 𝒃



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

11

ANN-based OFTC of EESM
Choice and validation of an optimal ANN design

𝑒@! =
1
𝐾S
.>9

?

max 0, G𝑢0&' 𝑘 − 𝑢!,()* 𝑘
4

𝑒@# =
1
𝐾S
.>9

?

max 0, 𝑢$ 𝑘 − 𝑢$,()* 𝑘 4

𝑒A! =
1
𝐾S
.>9

?

max 0, ̂𝚤0&' 𝑘 − 𝑖!,()* 𝑘
4

𝑒A# =
1
𝐾S
.>9

?

max 0, 𝑖$ 𝑘 − 𝑖$,()* 𝑘 4

𝑒( = 1
𝐾S
.>9

?

N𝑚( 𝑘 − sat
1','()

𝑚(,#$% 𝑘 4

𝑒/ =
1
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.>9

?

𝑝̂/ 𝑘 − 𝑝/ 𝑘 4

Number of parameters: 𝑝̂
Number of floating-point-operations: 𝑁BCD3

!𝑝
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ANN-based OFTC of EESM
Simulation results

✅ reference torque satisfied

no voltage and current limitation stator voltage and current limitation voltage limitation

✅ reference torque satisfied

✅ stator current limited

✅ exciter current limited

✅ voltage limited

✅ voltage limited
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Motivation
ANN-based OFTC for EESM

• ✅ ANN-based OFTC for EESM feasible, considering

‒ machine nonlinearities, Iron and copper losses

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

• ✅ 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
‒ FLOPs limit: 1000…2000

à1.282.176 ANN architectures
àonly 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

Work in progress…
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Motivation
ANN-based OFTC for RSM

• Multi-Objective Optimization (MOO)

• Target space:
‒ Number of FLOPs

‒ MSE of outputs

• Hyperparameters:
‒ Numbers of neurons per hidden 

layers

• Goal:
‒ minimize all targets simultaneously
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Motivation
ANN-based OFTC for RSM
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Motivation
ANN-based OFTC for RSM
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Motivation
ANN-based OFTC for RSM
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Motivation
ANN-based OFTC for RSM

àExperimental validation of ANN-based OFTC for 
RSM

àbest ANN architecture is trade-off between 
execution time and MSE

àexecution time and MSE is significantly lower 
compared to MTPX-approach
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Agenda

• Motivation & applications

• Framework for design of ANN-based approches for electrical drive systems

• 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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Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study
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Design of ANNs for electrical drive systems
Overview

For the 𝑘-th input sample

the corresponding output vector

is the solution of the nonlinear optimization problems (NLP)

𝒙 𝑘 ≔ 𝑚(,#$% 𝑘 , 𝜔( 𝑘 , 𝑢!,()* 𝑘 , 𝑖!,()* 𝑘 , 𝑢$,()* 𝑘 , 𝑖$,()* 𝑘 +

𝒚 𝑘 ≔ 𝑖!,#$%& 𝑘 , 𝑖!,#$%' 𝑘 , 𝑖$,#$% 𝑘 +

𝒊!,$,#$%&', 𝑘 = arg min
𝒊!,#
$%&

.

𝑝/ 𝒊!,$&', 𝑘

s. t. 𝒖0&' 𝒊!,$&', 𝑘 ≤ 𝑢!,()* 𝑘 ,
𝒊0&' 𝒊!,$&', 𝑘 ≤ 𝑖!,()* 𝑘 ,
𝑢$ 𝒊!,$&', 𝑘 ≤ 𝑢$,()* 𝑘 ,

𝑖$ 𝑘 ≤ 𝑖$,()* 𝑘 ,
𝑚( 𝒊!,$&', 𝑘 = sat

1','()

𝑚(,#$% 𝑘

𝑚(,()* 𝑘 = max
𝒊!,#
$%&

.

𝑚( 𝒊!,$&', 𝑘

s. t. 𝒖0&' 𝒊!,$&', 𝑘 ≤ 𝑢!,()* 𝑘 ,
𝒊0&' 𝒊!,$&', 𝑘 ≤ 𝑖!,()* 𝑘 ,
𝑢$ 𝒊!,$&', 𝑘 ≤ 𝑢$,()* 𝑘 ,

𝑖$ 𝑘 ≤ 𝑖$,()* 𝑘 .

• The data must be created by measurements, 
FEA or model-based computations.

• Collecting all individual input-output sample sets

• Leads to the overall, trainings and validation 
input-output dataset

• Normalization: scaling to a range of usually 0…1 
(or sometimes -1 to +1)

𝒙 𝑘 ; 𝒚 𝑘 for all 𝑘 ∈ {1, … , 𝐾}

𝕏, 𝕐 = 𝕏!, 𝕐! ∪ 𝕏", 𝕐"

𝑥# =
𝑥 − 𝑥$%&

𝑥$'( − 𝑥$%&

Dataset
ANN 

architectures
Training Validation Meta-Study
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Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study

• The ANN architecture is defined by
‒ Number of input neurons

‒ Number of output neurons
‒ Number of hidden layers

‒ Numbers of neurons per hidden layers

‒ Activation functions

Layer’s output (𝑗-th layer):

ANN output:
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N𝒚6 =
G𝑦6,9
⋮
G𝑦6,:*

=
Φ6,9 𝒘6,98 𝒙6 + 𝑏6,9

⋮
Φ6,:* 𝒘6,:*8 𝒙6 + 𝑏6,:*

∈ ℝ:*

N𝒚 𝑘 = 𝑓 𝒙 𝑘 , [𝜽



epoch

Training

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

24

Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study

• Define the error function (or loss function)

• Optimization 

• Compute gradients (backpropagation)

• Iterative optimization of error

• Prevent overfitting

𝐸 [𝜽

gradients: 𝒈E = FE

&G𝜽

[𝜽∗ = argmin
G𝜽
𝐸 [𝜽

Compute prediction #𝒚! = &𝒇"#(𝒙!)

Compute loss (e.g., MSE): 

𝐸+ "𝜽 :=
,

-!
∑
./,

-! 𝒚+ 𝑘 − *𝒚+ 𝑘
0

Compute gradients: 𝒈1 =
21!

34𝜽

Adapt parameters (e.g. Gradient Descent):
"𝜽 e + 1 = "𝜽 e − 𝜇67 𝒈$ 𝑒

Compute validation loss 𝐸8 "𝜽 :=
,

-"
∑
./,

-" 𝒚8 𝑘 − "𝒇49(𝒙8 𝑘 )
0

validation loss 
increased



epoch

Training

Batch-
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Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study

• Define the error function (or loss function)

• Optimization 

• Compute gradients (backpropagation)

• Iterative optimization of error

• Prevent overfitting
• Batched-training with batch-size 𝐵

𝐸 [𝜽

gradients: 𝒈E = FE

&G𝜽

[𝜽∗ = argmin
G𝜽
𝐸 [𝜽

Compute prediction #𝒚 = &𝒇"#(𝒙)

Compute loss (e.g., MSE): 

𝐸 "𝜽 :=
,

:
∑./,
: 𝒚 𝑘 − *𝒚 𝑘 0

Compute gradients: 𝒈1 =
21

34𝜽

Adapt parameters (e.g. Gradient Descent):
"𝜽 b + 1 = "𝜽 b − 𝜇67 𝒈$ 𝑏

Compute validation loss 𝐸8 "𝜽 :=
,

-"
∑
./,

-" 𝒚8 𝑘 − "𝒇49(𝒙8 𝑘 )
0

validation loss 
increased

𝒙 𝑏 =

𝒙+ 𝑏 − 1 𝐵 + 1 ,… , 𝒙+ (𝑏 𝐵

𝒚 𝑏 =

𝒚+ 𝑏 − 1 𝐵 + 1 ,… , 𝒚+ 𝑏 𝐵
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Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study

• Compute MSE of test dataset

• Computational resources:
‒ Number of parameters 𝑝̂

‒ Number of floating-point-operations: 𝑁)*+,

• Dynamic simulation

• Experimental validation
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Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study

• Parameter Study
• Multi-objective Optimization

• Targets:

‒ MSE of all outputs

‒ MSE of each output
‒ Application motivated MSE 

(e.g., torque, voltage, current)
‒ Number of parameters: 𝑁,'-'$
‒ Number of floating-point-operations: 𝑁)*+,

• Hyperparameters

‒ architectures

‒ Numbers of neurons per hidden layers

‒ Number of hidden layers
‒ Activation functions

‒ Optimization

‒ Initialization of parameters

‒ Optimizer & optimizer parameters

‒ Dataset
‒ Sampling (e.g., grid, latin-hypercube sampling)

‒ Normalization
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Design of ANNs for electrical drive systems
Tools

Dataset
ANN 

architectures
Training Validation Meta-Study

Deep Learning Toolbox

Pros: 

Wide range of built-in functions, 
user-friendly interface.

Cons: 
Can be slow, limited support for 

distributed computing,

limited advanced customization, 
proprietary software

Pros: 

Dynamic computation graph 
allows flexibility, GPU 

acceleration, Pythonic syntax

Cons: 
Less optimized for production

Pros: 

Distributed computing and GPU 
acceleration, high/low-level APIs 

(e.g. Keras)

Cons: 
Steeper learning curve, compatibility 

issues.

Pros: 

Distributed training, Azure 
integration, multi-language 
support (Python, C#, C++), 

production deployment.

Cons: 

Smaller community, limited 
resources, Azure-centric, 
advanced customization
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Design of ANNs for electrical drive systems
Overview

Dataset
ANN 

architectures
Training Validation Meta-Study

- Dataset creation
- Normalization

- Create ANN model
- Number of hidden 

layers

- Numbers of neurons 

per hidden layers

- Activation functions

- Loss function
- Backpropagation

- Optimization

- Overfitting

- Batch-training

- Compute MSE
- Compute number of 

parameters and 

floating-point-

operations

- Test: steady-state 

simulation

- Export trained ANN 

model to 

MATLAB&Simulink

- Parameter-Study
- MOO

1⃣ Hands-on example 1: System identification

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

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

1⃣2⃣3⃣

1⃣
2⃣

3⃣

2⃣3⃣

2⃣3⃣
2⃣3⃣
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Hands-on examples
Getting started

Install Python 3.X:

Download and extract Workshop files: 

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

- and activate the environment by

Installation of python packages: 

Start Jupyter Notebook

https://www.python.org/downloads/

https://monzen.pages.gitlab.lrz.de/data-sharing/Workshop_CPM_LMRES.zip

python -m venv env

source env/bin/activate // MAC

env/Scripts/activate.bat // In CMD (WINDOWS)

env/Scripts/Activate.ps1 // In Powershell (WINDOWS)

pip install -r requirements.txt

jupyter notebook

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

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

