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Spray Drying

« =rapid method of drying by
injecting thinly dispersed droplets

into hot gas. B
- SRS G
» Used for sensitive materials g v

« Chemicals '

 Pharmaceuticals

 Food Products - Milk Powder,

Instant coffee, etc...
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Operation Principle

1.
2.
3.
4.
5.
6.
7.
8.
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B) Atomization gas
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Heater
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Product
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Controllable Parameters in Spray Drying

Peristaltic
pump
Atomizer g —

—

=

Drying air

Sample feed
Drying
chamber

Exhaust gas

Dry particles
§228 collector

Product
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Potential: Digital Twins for Spray Drying
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... Scale up
... product
reformulation ‘
...Scale through

Digital twin
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information, and

[Henrichs et al., 2021], adapted from [Stark & Damerau, 2019]
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A digital twin is a digital representation of an unique product that comprises its selected

characteristics, properties, conditions, and behaviors by means of models,

data within a single or even across multiple life cycle phases.
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Physical Modeling for Spray Drying

\
-

+  Physical models based on partial L aiice g 454

differential equations (PDE) o

 Validity of the model depends on the

correctness of assumptions e 4 e

 E.g. Idealized droplets, boundary L8 i AN
conditions

e Current models are slow and
computationally expensive
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Project Goal

« A hybrid digital twin consisting of physical
modeling and machine learning (ML)
models.

 This model should ...

» Reflect the system behavior of the spray
dryer

» Gives the operator recommended actions
« Be transferable between different systems
* Not operate as a black box
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Machine physical
Learning modelling
Hybrid
digital twin

|

I Operator I




Research Questions

1. How can machine learning and physics-based modelling be
combined to simulate spray drying processes?
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Physics or ML First?

Machine physical
Learning modelling
« A hybrid digital twin consisting of physical
modeling and machine learning models
« 2 Options: Hybrid
- Integrating physics into the ML algorithms digital twin
predicting the product properties
* Using ML to parameterize the physical model

I Operator I
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Data Requirements & Physics Informed ML

Small data m m

< \

Data

Physics

Lots of physics

Physical modeling Physics-informed Pure ML approach
Modelling
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Principles of Physics-Informed Machine Learning

Observational bias Inductive bias Learning bias
® G gy
\ =
* Observational biases } l l

Physics-informed machine learning

* Inductive Biases

A

* Learning biases
{4

Symmetry Conservation laws Dynamics
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Principles of Physics-Informed Machine Learning

. . Observational bias Inductive bias Learning bias
 Observational biases
« Data embodies the Q /é\ X Q
underlying physics \ | s
- Data must cover the input | | |
domaln Of a Iearnlng taSk Physics-informed machine learning

« Data requirements
increase with the number

of parameters
* Inductive Biases ‘ k

« Learning biases

Symmetry Conservation laws Dynamics
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Principles of Physics-Informed Machine Learning

. . Observational bias Inductive bias Learning bias
« Observational biases Q r
. Inductive Biases /é\ S,
\ | S

* Prior assumptions are 1 1
integrated in ML-model v

deSign Physics-informed machine learning

* Physical laws expressed as v
mathematical constraints

* Predictions strictly satisfy
the laws of physics

« Learning biases

Symmetry Conservation laws Dynamics
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Principles of Physics-Informed Machine Learning

« QObservational biases
ve B O < G
* |Inductive Biases

Observational bias Inductive bias Learning bias

* Learning biases | |
¢ |mpOSIng phyS|CS as soft Physics-informed machine learning
constraints via the loss 1 1

function

L = WaataLdaata + WepeLpDE

Model has to satisfy both ‘ k
the observed data and =)
phySICal ConStraintS Symmetry Conservation laws Dyn;r;wics
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Example: Moisture Prediction - Mass Balance

Exhaust gas

Dry particles L
#84 collector :
Product
Moisture
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Advantages of Physics-Informed Machine Learning

Work well on imperfect data & models
Strong generalization on small data
Physics-informed models can extrapolate
Mesh free - less computationally expensive

Easy implementation due to available libraries
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Research Questions

1. How can machine learning and physics-based modelling be
combined to simulate spray drying processes?

2. How can we obtain the necessary data?
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Data Requirements & Physics

Small data Some data Big data
Data
Physics
Lots of physics Some physics No physics
Cariadakis, .2, Kewekiis, LG, Lu,L o al. hysicsinformed machine eaming, Nat Rev Phys 3, 422440 (2023, hps: ol rgf10 10984 Z254-021.00314-5

Planned 1000 to 2000 measurement points within 18 months
—> Data Basis in the beginning will be limited.
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Data Augmentation

« Limited database requires

augmentation to create [OEEE -
- : ® A Generated fake
additional data points b (‘ Samples
« Wide variety of options: |/ O
@)

*  Numeric Transformations Z Generator(G
- adding Noise, changing scaling BUEANG)

 Permutation of feature values

(% “IsD O\
[— Corrects

: _ : _ Dlscrlmlnator(D)
* Interpolation = linear interpolation
of multiple data points to form new Real
ones e.g. SMOTER/SMOGN | samples | Pinestuning

« Generative Models for creating
additional data e.g. GAN
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Multistep Machine Learning

Multi-step machine learning approachto 'accelerate the
vment of a desigri*spacedDS) for'spray drying of proteir
Internatlor%d%langls f Pha aréalceutlcs

. Dat;a_ﬁ_af mentation using

.journal homeag www, elseyier.com/logate/ijpharmy .
A

data

« Created 10000 augmented data points from 19 originals A
- SYMtHEE aggiw&g@ogégggggﬁé&@éfﬁ}ﬂvtﬁéf??wmﬁdfor critical quality
atmlnl% §erQ sabethq:r %dl R,[ ! ftzggllgrs er} Lel mgeruse'plg E”é{LL
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Summary

Potential: Digital Twins for Spray Drying

s .1
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Scale through

Digltai twin
(., It vsanty of ternsm Os
Principles of Physics-Informed Machine Learning

Observational bias Inductive bias Learning bias
( '% & -m
» Observational biases | | | 2

Physics-informed machine learning

Syminry Canservation L Uysaimics

» Inductive Biases
s Learning biases

L
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Project Goal

A hybrid digital twin consisting of physical [2chine physical

modeling and machine learning (ML) Leaming madelling
models.
This model should ...
» Reflect the system behavior of the spray Hybrid
dryer digital twin

» Gives the operator recommended actions
= Be transferable between different systems

= Not operate as a black box

= vt o .
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Data Augmentation

Limited database requires

augmentation to create Latentspace i
additional data points . i samples
, . ° 1l e
Wide variety of options: i
*  Numeric Transformations ; G 1or(G) o ‘ D
- adding Noise, changing scaling G i iy Correct
Permutation of feature values r;m riminator(D)
* Interpolation = linear interpolation
of multiple data points to form new Real
ones e.g. SMOTER/SMOGN samples Fine-tuning

+ Generative Models for creating
additional data e.g. GAN
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https://github.com/shap/shap

Relevant PDE

Airflow - Navier-Stokes equation, mass balance

Heat and moisture transfer - energy and mass balances, Ficks
Law

Droplet dynamics > Newton's law

Particle size distributions - Population balance equation

© University of Hohenheim, Dep. Food Informatics
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Libraries for Physics Informed Machine Learning

DeepXDE Solver Python TensorFlow
SimNet Solver Python TensorFlow
PyDEns Solver Python TensorFlow
NeuroDiffEq Solver Python PyTorch
NeuralPDE Solver Julia Julia
SciANN Wrapper Python TensorFlow
ADCME Wrapper Julia TensorFlow
GPyTorch Wrapper Python PyTorch
Neural Tangents Wrapper Python JAX
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Research Questions

1. How can machine learning and physics-based modelling be
combined to simulate spray drying processes?

2. How can we obtain the necessary data?

3. How can we transfer the results between different (sized)
spray drying setups?

[ UNIVERSITY OF
(ioaooH @ A . § .
RS O ENITEIM © University of Hohenheim, Dep. Food Informatics

28



Why Transferring Results?

The model should be applicable to commercial spray dryers

A lab-scale spray dryer might help to speed up the data collection

« Faster change of conditions = more samples in the same time
» Faster cleanup
 Reduces operating cost

Challenges:

« Results not directly transferable to larger setups
« Physics differ between small and large scale setups
« cannot recreate all experimental conditions of a large spray dryer

© University of Hohenheim, Dep. Food Informatics
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Transfer Learning

« = Repurposing a trained model for a

second task w1 [OF 5
—Data1 | (mip- Model 1 é}ieaeu -yl

~ Task1

» Avoids costly retraining

z

« Often requires small changes to the '»Hii}rr;éferl
model N | dr ST T

rning

MoLQIjJ_ @ Head 2| mp y2

« Example - Transferlearning for ANN:

- Freezing weights of pre-trained layers Task@esioe
« Changes to predicting layers allowed
* Reduces training time
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Research Questions

1. How can machine learning and physics-based modelling be
combined to simulate spray drying processes?

2. How can we obtain the necessary data?

3. How can we transfer the results between different (sized) spray
drying setups?

4. How can we make the Al model’s recommendation
transparent for the Operator?
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XAl - Explainable Al

Recommendations should be verifiable to ensure trust in the
system

Explainability can result from:

« Intrinsically explainable models
* Post hoc methods e.g. feature importances, SHAP

Issue: Explainable Models are often less performant as black box

I I lOdels Output =0.4 Output=0.4
I
Age =65 — Age =65
Sex=F —
Explanation Lo [ sex=F
BP =180 — l— BP =180
BMI = 40 — BMI = 40
T
Base rate = 0.1 Base rate =0.1
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Timeline

10/2024

Start as
research
assistant

02/2025

Start PW
David
Vollmar

05/2025

Official
start FEI
Project

05/2025

Begin
Data
Collection

09/2025

Poster
presentation
PARTEC 2025
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10-12/2025
Paper based on
Masters thesis
results
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