PHYSICS INFORMED MACHINE LEARNING
HEAT TRANSFER

Kinetics

Diffusion

Navid Zobeiry, Associate Professor

Email: navidz@uw.edu
Materials Science & Engineering UNIVERSITY of

https://composites.uw.edu/Al/ WASHINGTON



mailto:navidz@uw.edu
https://composites.uw.edu/AI/

Background

> Consider an epoxy-based part curing on a steel tool,
subjected to a temperature cycle in a convection oven.
Three competing physical phenomena occur:

Polymerization Convective
heat generation heat transfer
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Background

> |nitially, the part lags behind the air temperature.
As polymerization peaks, the part becomes hotter
than the air.
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> 100 tests are conducted with two
variables:

— Tool thickness (L)

— Airflow velocity (correlated with
convective heat transfer coefficient, h)

> Test Output:

— Maximum part temperature (T}, qx)

heat/data.csv

Dataset

heat_transfer_coefficient|tool_thickness| max_temperature
W/mA2.K m °C
13.33 0.046 161.3
32.28 0.043 178.9
23.81 0.040 177.5
16.31 0.046 167.7
19.94 0.047 172.2
26.21 0.050 175.5
36.45 0.037 179.9
20.25 0.041 1751
12.57 0.048 157.7
21.13 0.049 172.0




Problem Statement

> 100 data points are provided for specific ranges.
Our goal is to train a ML model and generalize it
to areas bevond the provided training data.
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100 training data

® @

® CT‘Q’A._ L L

O @g& ~~~~~~~~~
PR - heat/data.csv

O(.)OZ 0

[ ]
O ®, R ® -0
o &% °® OOO %
® o Q0 ®o9 ® ® O
@) QO dm
@)
OQ)O O 80 ® oo %o
@ OOO
@) ® ® ¢ =
A q
& ° o®
0.025 ED EE 0.040 0.045

Tool Thickness (m)

0.050



Machine Learning Approaches

> We will start with a neural network and
progressively introduce physics-informed methods:

1. Traditional ML with a Neural Network heat/heat 1.py
2. Physics-Informed Features heat/heat 2.py
3. Physics-Informed Loss heat/heat_3.py

4. Physics-Informed Domain Transformation RiEETAEEE s,

5. Physics-Informed Neural Network Not provided



Python Implementation

> We use two standard Python libraries to train the
neural network: TensorFlow and scikit-learn (sklearn).

3

S
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25




Python Implementation

> Load the data from the CSV file into a pandas
DataFrame. Scale the data, then split it into 75% for
training and 25% for testing.
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Approach 1: traditional ML
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Approach 1: Training

> 98.6% accuracy on test data. We predict linear
extrapolation beyond the training boundary.
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Approach 1: Extrapolation

> Model predictions are incorrect, especially at high heat
transfer and low tool thickness.
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Approach 2: Physics-informed Feature

> At large thicknesses, the tool's thermal mass caps the
temperature at 180°C. Low heat transfer coefficients
further reduces the max temperature.

> This suggests an exponential relationship, estimated as:
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Approach 2: Physics-informed Feature

> We repeat our neural network training, but with
this new transformed feature.
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Approach 2: Physics-informed Feature

> This shows correct extrapolation for large tool
thicknesses but incorrectly predicts thin ones.
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Approach 3: Physics-informed Loss

> In this approach, we modify the loss function for training
the NN model.

> As tool thickness decreases, 0T,

it loses its heat sink BEYAR <0
capability, causing the part’'s 1
temperature to rise. -

> Similarly, for high heat j

transfer coefficients, the
derivative vanishes.
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informed Loss

Physics-
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Approach 3: Python Implementation

> We implement the custom loss function using TensorFlow's
GradientTape to compute the derivative of the NN model:
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Approach 3: Physics-informed Loss - Results

> Extrapolation works nearby but falters with very small
tool thickness due to physics changes.
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Approach 4: Physics-informed Domain
Transformation

> We can decouple the problem into much simpler
conduction + convection, and heat generation physics:

Con duction + convection + heat generation
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Physics 1: thermal lag (convection + conduction)

> Approximate closed-form solutions are available
to estimate thermal lag for the case without
heat generation:

W = Wi

Tiag = Thold — A(e B — e h

A M thermal mass
X — =
h  Heat transfer coef ficient

iy

Zobeiry, N., Park, J., & Poursartip, A. (2019). An infrared thermography-based method for the evaluation of the thermal response of tooling for
composites manufacturing. Journal of composite materials, 53(10), 1277-1290.



Physics 2: heat generation

> Without thermal lag, any heat generated must
either transfer to the air or be absorbed by the
part, raising its temperature.

> Larger thermal mass and smaller thermal

resistance both lead to a lower maximum
temperature:

R  thermal resistance

T — T C—
max  “Lag = g thermal mass



Physics-informed Domain Transformation

> First, we calculate thermal lag and subtract it from the

max temperature data, effectively removing one
physical phenomenon.
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Physics-informed Domain Transformation

> Next, we repeat our neural network training, but
by transforming both inputs and outputs:
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Approach 5: Physics-informed Neural Networks
(PINN)

> |nstead of relying on data, we solve the governing
differential equations (PDEs) directly. Here’s a
demonstration for convection and conduction:
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Solving PDEs using PINN

> At each step, we randomly select inputs, calculate
the loss function based on the PDEs, and minimize it
to train the neural network to predict temperature.
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Zobeiry N., Humfeld K.D. (2021). A Physics-Informed Machine Learning Approach for Solving Heat Transfer Equation in
Advanced Manufacturing and Engineering Applications, Engineering Applications of Artificial Intelligence, 101:104232
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