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Motivation — Thermal Management

= |nitial Situation -

— DISC-O: Novel Schaeffler e-motor -
. T DISC-O
prototype cooling at windings directly E‘

— Temperature knowledge is critical for
safe and efficient operation

— Virtual sensing by thermal model
- Use Physics Informed Al

Directly Injected Slot Cooling

/

A

Y Cilodet il outet et
- Requirements on thermal model e
— Fast & accurate temperature estimates ot S o
— Trust in model = _ Marked example measuring points
- Stator joke which have been fitted with a PT100

Winding head Oil outlet sensor

— Initialization strategy Ol outet
— Variable sample rate
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Test Setup

= Dataset £ -y
— 12 PT100 temperature W AT i fl ~ &
sensors bU'It |nt0 “ Oil mIettemperature sensor
prototype Cooling unit o'clock /12 unr __ Oiliflet
— Various drive cycles ="

are recorded and their
selection and control
are targeted for Al
model training

— 300h total recording

— K. Wolter et al., VVDI-
Berichte 2445, 367

(2024)

PT100 sensor
connection :
T A = B .

6 o’Clock /6 Uhr
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Thermal Neural Network (TNN)

W. Kirchgassner et al., Eng. Appl. Artif. Intell., vol. 117 (2023)

- Combines engineering know-how and machine learning
- Lumped Parameter Thermal Networks

= Temperature can change due to:
1. Heat produced in region = Power loss

2. Heat flow from/to neighbours - Proportional to temperature
difference

Example

T, T+ KO AP+ G - I

TNN procedure
1. Initialize temperatures
2. Estimate power losses P and conductances C via neural nets
3. Use update equation (with inverse capacitances K)
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https://www.sciencedirect.com/science/article/pii/S0952197622005279
https://www.sciencedirect.com/science/article/pii/S0952197622005279
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Workflow In MATLAB / Simulink

= Steps o -

— Prepare data and define model

dlnetwork with properties:

— Run model training Hyperparameter oo o e
— Evaluate model Optimization ey 0vn oy,
InputNames: {'layer/inl' 'layer/in2'}

OutputNames: {'layer/outl' 'layer/out2' 'layer/out3' 'layer/out4'}
Initialized: 1

— Export trained model to Simulink
— Evaluate the model in Simulink
— Run code generation

View summary with summary.

MEAN XGl_Temp Wickelkopf OelEinlass_12Uhr XG2 Temp Wickelkopf OelEinlass_3Uhr
Training Curve - runName: 2025-06-18_093155__ train
TrainingLoss
T i i i MAX 2.5051 1.78 2.2953
10 -y 3 RMSE 0.577 0.33267 0.36611
15h Tralnlng MAE 0.4515 0.26063 0.28163
R2 0.99825 0.999¢61 0.99952
CPK 3.2484 5.1608 4.545
" ValidationLoss
10 T . T .
- [8x1] {_ O [12x1]
inputData P input, R 1 FHSE R b routput P : ) prediction
/\ [8x1] | [12x1] P
\///X w&y!/{&\ ¢ }
105k L L L . . . . e
0 2000 4000 6000 8000 10000 12000 14000 16000
TrainSteps TNN
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TNN Results
Prediction Accuracy

XG1_Temp_Wickelkop!_OelEinlass_12Uhr

Actual & Predicted Temperatures
Cycle: WLTP_Class3_Group2_10sec_Toil_70_90_TInit_80_TestRig_results_movmean

XG2_Temp_Wickelkopl_OelEinlass_3unr

XG3_Temp_Wickelkop!_OelEinlass_sUnr

XG4_Temp_Statorjoeh_OeiEinlass_3Uhr

a @ a
a5 as a5
@ @ o
T
L] L ] /
70 w 7 Ed —Wr,{—\\
a5 a5 a5 85
a 500 1000 1500 2000 2500 a 500 1000 1500 200 2500 a 500 1000 1500 20 2500 00 1000 1500 2000 2500
XB5_Temp_Statorjoch_OeIEinlass_6Uhr XB6_Temp_Statorzshn_OeiEinlass_3Uhr XG7_Temp_Wickelkopf_OelAuslass_12Uhr XGB_Temp_Wickelkopf OelAusiass_IUhr
@[ € €[ €
as as as as
a a a a
= N sl = s
N
mn 70 L B
s =TT
a5 5 a5 85
a 00 1000 1500 2000 250 a 00 100 1500 alin) 2500 a s00 100 150 20 2500 s10 100 1500 2000 2500
- MG9_Temp_Wickelkop! OelAuslass_6Uhr w XG10_Temp_Statorjoch_OelAuslass_12Uhr w XG11_Temp_Statorjoch_OelAusiass_3Uhr w MG12_Temp_Statorjoch_OelAuslass 6Uhr
a5 a5 a5 &5
a a y, - 0
5 i j 3 M\/ f
g
0 0 e ﬂ
a5 a5 a5 85
a 500 1000 1500 2000 2500 a 500 1000 1500 200 2500 a 500 1000 1500 20 2500 00 1000 1500 2000 2500

= Excellent temperature prediction, meets requirements of +/- 5°C

- Better accuracy than pure ML approaches like MLP or LSTM

INTERNAL

MATLAB BXPPO



TNN Results
Interpretable / Explainable Components

Power Losses
Cycle: WLTP_Class3_Group2_10sec_Toil_70_90_Tinit_80_TestRig_results_movmean LGty —
XG1_Temp_Wickelkopf_OelEinlasa_12Uhr XG62_Temp_Wickel kopf_OeiEinlasa_3Uhr XG3_Temp_Wickelkopl_OelEiniass_6Uhr XG4_Temp_Statorjech_OelEiniass 3Uhr F
| T T, ]| Sensors XG1 & XG2 L T,
25 25 25 .y e o
12 o'Clock /12 Uhr  Oilinlet located close to oil inlet!
2 2 2
- ) ] 1 TaE i3 [} 1] 0
1.5 15/’ 1.5
'{ Aﬂqulmlwﬂxlpﬁ ! ' 0 016 | 53 o |oomet | o 0 0 0
9 . AL % T . 88 0 0 14 0 0 0
500 1000 1500 200 25m a 500 1000 1500 2000 2500 a 500 1000 1500 200
XG5 _Temp_Staterjoch_OelEiniass 6Uhr XG6_Temp_Staterzahn_Oel Einlass_3Uhr AGT Temp Wickelkopf_ OelAusiass 1201
0 072 (1] 0 75 0 12
2 2 2 11 31 0 0 0 0
15 15 _,A-W 15
. ‘// d 15 13| oooes | 19 0
) ‘MMWFM : “[
. 44 0 [1] 10
EIJ_ a a
500 1000 1500 2000 2500 a 500 1000 1500 2000 2500 a 500 1000 1500 2000 ‘ , 0
XGO_Temp_Wickelkop{_OelAusiass_6Uhr XG10_Temp_Statorjoch_OelAuslass_12Uhr XG11_Temp_Statorjoch_OelAusiass_3Uh (— o (1] 57 (i} i3
Sensors XG8 & XG9 show large
conductance and are located close to . s | o | )0,
s s each other! W
RTTTIE  L AE RO M O R [+
— SR R &
‘ ‘ ‘ ‘ XG1 XG2 XG3 XG4 XG5 XGE XGT KGR pic:) XG10 XG1 XG12 Luft Oel
5 @ m W em 6 m U0 @ £9 BN 0 m m W em D 0 M W o o

- Power losses and thermal conductances (heat flow) yield
additional insights and trust in ML model - Explainable Al
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TNN Results
Other Advantages

88

86 1

84

Temperature
2] [}
(=] N

~
@

76 1

74 -

72

Initialization

— Robust to initialization errors
— Hard for black box ML (LSTM, ...)

Wrong initial state - Artemis_Motorway_130kmph_Group2_30sec_Toil_70_90 TInit_80_TestRig_results movmean

XG1_Temp_Wickelkopf OelEinlass_12Uhr

— frue
== pred

— wrong init -20°
—— wrong init -12°

—— wrong init -4°
—— wrong init 4°

wrong init 12°
= wrong init 20

T
250

T
500

T
750

seconds

T
1000

T
1250

T
1500

T
1750

Residual

= Variable sample time

— E.g., use 1 sec trained model on
other inference sampling time At

Inference at different sample times - Artemis_Motorway_130kmph_Group2_30sec_Toil_70_90_TInit_80_TestRig_results_movmean

XG1_Temp_Wickelkopf OelEinlass_12Uhr

Temperature
@ 0 @
=) ~ B
L L

~
@
L

— true

—— pred 1s
—— pred 5s
— pred 10s

2.0

151

104

0.5 1

0.0 1

—0.5 4

-1.0 1

~1.54

-2.0

— resid 1s-55
— resid 1s-10s

T T T T T T T
0 250 500 750 1000 1250 1500
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Simulink Implementation

Temperature differences

prev_out

(] )
Txu

O™

inp
8x1
input ]
7 N
- mycond net  Yiq4,4) o1 ~pzx
input out1 |u| conducts ‘ temp_diffs
20 [90x, [ROx1] f
N cn
onductance net P+ [12x1] [12x1]
= 1Bx14 12y, K- [12x1 [12x1]
. - B adi_mat [12x1] 12% f 1
[8x1] [20xt] (1¥x14] = 12x1] + [12x1] [12;417D
- - 12x1] output
[12x1] 1 adj_mat
281
C- G il temp_idcs
2x1]
temp_idcs “
N
. myploss_net [12x1] [12x1]
input out1 ||
20| [12x

powerloss_net 1 R
]

~

[ex]

Tl(—T1—|-K1At[ -+ Q—Tl)-l—@r—Tl)—F...]
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MATLAB / Simulink Code — How To Try It Yourself?

o wkirgsn / thermal-nn Q Type (/] to search 8 - +~ @@ na

> Code (O Issues Il Pullrequests Y Discussions () Actions () Security |~ Insights

[ Files thermal-nn / matlab; (0
' main - Q Christoph Stockhammer initial commit of MATLAB implementation folesec- last month  ¥T) History
Q Gotafile L
Name Last commit message Last commit date
> img
|+ & matian
. .
> ref_images ref_images nitial commit of MATLAB im ast month
. IoUtl
> resources/project .
resources/project nitial commit of MATLAB implementation ast month
~ sre . . . .
STC nitial commit of MATLAB implementation st month
> helper
[ DiffegLayerm [ .gitignore initial commit of MATLAB implementation st month
. .
I ]
[ TNNCell.m [ READMEmd initial commit of MATLAB implementation 25t month O rl g I n a I N N pa pe r re po
.
[ TMN_matiab.m
[} secumiTY.md initial commit of MATLAB implementation ast month
[ TNN_modelsix - - .
[ optimizedTNNLayer.m 3 TNM.pr initial commit of MATLAB implementation ast month pS - q I u - Col I l W I rq Sl I
[ tnnwitnBackward.m [ licensetxt initial commit of MATLAB implementatior a5t manth
D stoner /thermal-nn
D READMEmd README.md =

[} SECURITY.md /tree/ma I n/m atla b

[ TNM.prj . - -
A e Thermal neural network for electric motor temperature estimation
cense.tx
D gitignore This is 3 MATLAB® implementation of the thermal neural network as introduced by Kirchgassner et al. [1]. The code is the result of 2
[ CITATION.cff collaboration with Schaeffler Technologies AG & Co. KG. The underlying application is a virtual sensor for estimating the temperature within an
[ Lcense electric motor based on other available sensor data. The code in this repo requires that the data file [2] (measures_v2.csv) has previously been
i downloaded into a folder data/input relative to the project root. During the project startup, the location of the data file is checked, and if not . .
(3 NeuralOrdinanyDifferentz £q_tor... present, you have the option to download the data automatically from the MathWorks Supportfiles. | O e I S I l I I p e l I I e n S e
[ READMEmd . . o R ’
. R i I . . .
- A\ original example and does
[ TNN_tensorflow.ipynb e '\\ .‘/\’HI : :"’“.‘ \"\\ Iﬂ'\f“
[ requirements.txt - - = = t t . I | f t
M " NOt contain all rfeatures
\ T
NN

. shown here
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https://github.com/wkirgsn/thermal-nn/tree/main/matlab
https://github.com/wkirgsn/thermal-nn/tree/main/matlab
https://github.com/wkirgsn/thermal-nn/tree/main/matlab
https://github.com/wkirgsn/thermal-nn/tree/main/matlab
https://github.com/wkirgsn/thermal-nn/tree/main/matlab

Discussion

= TNN can be interpreted as Neural Ordinary Differential Equation
— Fit first derivative to data

I(t) = fT(0),1:0),  T(ten) = T(t) + AF(T(E), 1:0)

— W. Kirchgassner et al., PEC-Himeji 2022- ECCE Asia, 2746

= Virtual temperatures
— Add unobserved / const. temperature nodes to structure - Acts as temporal delay
— TNN is stupid if there is no heat sink, e.g., 1 temperature with power loss only
— N. Wiese et al., IEEE Trans. Transp Electrification, vol 11, 870, (2024)
— A. l. Ramones et al., Energy Conversion and Management: X 27, 101140 (2025)

= TNN approach applicable to other scenarios (power electronics, ...)
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https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.23919/IPEC-Himeji2022-ECCE53331.2022.9807209
https://doi.org/10.1109/TTE.2024.3397720
https://doi.org/10.1109/TTE.2024.3397720
https://doi.org/10.1016/j.ecmx.2025.101140
https://doi.org/10.1016/j.ecmx.2025.101140

12

Summary

Thermal Neural Network

— W. Kirchgassner et al., Eng. Appl. Artif. Intell., vol. 117 (2023)

— Hybrid model mixing engineering know-how and machine learning

— Estimates power losses and conductances of

Lumped Parameter Thermal Networks T < Th + K1 At |

Advantage

— Excellent temperature estimates

— Explainable components

— Robust initialization by interpretable states

— Variable inference sample rate

Try the MATLAB implementation yourself!

— https://github.com/wkirgsn/thermal-nn /tree/main/matlab

Contacts
— Dr. Tobias MORODER, Innovation Cluster Digital Solutions, morodtbi@schaeffler.com

— Dr. Georg GOPPERT, Concepts R&D E-Mobility, georg.goeppert@schaeffler.com
— Dr. Jonas FUCHS, Innovation Cluster Digital Solutions Jonas.Fuchs@schaeffler.com
— Marcel ADRIAN, Concepts R&D E-Mobility, adriamrc@schaeffler.com
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