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Physics-based machine learning toolbox
for probing concentration under diffusive
regime in microfluidics devices
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Microfluidics experiments offer high-resolution insights into transport and chemical processes in
porous media, yet direct measurement of evolving concentration profiles remains challenging.
Numerical simulations can serve as virtual probes but are labor-intensive and computationally
expensive. Here, we develop a physics-based machine learning toolbox that transforms such
simulations into efficient and scalable virtual probes. Central to our toolbox is the non-intrusive
reduced basis method, supported by the U-Net and the Convolutional Autoencoder, which learns
mappings from experimental images and physical parameters to concentration profiles. By
incorporating physics into its construction, the toolbox delivers accurate predictions with a limited
number of training samples. Applied to twomicrofluidics experiments with different base patterns, the
toolbox predicts spatio-temporal concentration profiles, effective diffusivities, and locations with a
high probability of precipitation. This paves the way for digital twins that enable real-time analysis and
tuning of experiments on the fly.

Microfluidics has been widely adopted in geoscience applications,
including nuclear waste disposal and carbon sequestration, to investigate
transport and chemical processes at the pore scale1–9. These investigations
provide critical insights into phenomena, such as radionuclide transport
in subsurface nuclear waste repositories and carbon dioxide miner-
alization during sequestration, that inform decision-making and risk
assessment3–16. Microfluidics experiments typically utilize micromodels
that replicate natural porous-media processes under controlled condi-
tions, including temperature and pressure2,17–22. When coupled
with in situ techniques such as Raman spectroscopy and optical micro-
scopy, these experiments offer high-resolution and non-destructive
qualitative insights into the transport and chemical processes, for
instance by capturing the evolution of pore structures and mineral
consumption3,4,6,7,9,23–25. However, quantitative measurements, particu-
larly of aqueous concentrations, remain challenging due to the lack of
optimum probing devices1,26–32.

To overcome this limitation, quantitative measurements are often
carried out through process-based numerical simulations, such as the
Lattice–Boltzmann method30,33,34 and the finite volume method10,27–29,31,32.
These simulations serve as virtual probes for estimating aqueous con-
centrations within microfluidics devices, enabling direct analysis of
transport and chemical processes. Probing concentration profiles during

experiments is essential when guiding imaging tools is necessary to locate
fast events over large samples, such as mineral nucleation in porous
media or reactor chambers30,35,36, while real-time parameter adjustments
and fast analysis are required to investigate specific processes and opti-
mize subsequent experiments37,38.

Up to now, real-time quantitative measurements and analyses are still
not feasible, meaning that experiments and numerical simulations (that
serve as theprobes) cannotbe conducted side by side27,28. Thekey limitations
are: (1) labor-intensive image segmentation required to process numerous
experimental images for defining numerical simulation domains, and (2)
highcomputational costs associatedwithperformingnumerical simulations
on each image due to the fine discretizations needed to resolve complex
microstructures.Machine learning is a promising approach to address these
challenges. Many studies utilize Convolutional Neural Networks (CNNs),
trained in a data-driven manner, to directly map experimental images to
effective properties39–49. The training data is generated through manual
segmentation of experimental images, followed by performing numerical
simulations, such as Lattice–Boltzmann or finite volume methods, on each
image39,46,47,49. However, such approaches are not designed to estimate
transport or chemical states, limiting their applicability as experimental
probes. Additionally, this method requires a large number of training
samples, which are costly to generate.
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To address these limitations, we develop a physics-based machine-
learning toolbox that emphasizes (1) process explainability, capturing
concentration profiles, subsequently deriving effective properties and
saturation index, and (2) efficient construction by incorporating physics
into themachine learningmodel, ensuring accurate predictionswith a small
number of training samples andminimizing computational costs. Through
these concepts, this toolbox enables experimentalists to perform fast image
segmentation, efficient predictive modeling of aqueous concentrations,
evaluation of effective properties, and identification of locations with a high
probability of precipitation.

The core method in this toolbox is the non-intrusive
reduced basis (NI-RB) method that provides accurate and efficient
mapping from physical parameters to physical states (in our case,
concentration profiles)50–55. It is achieved by reducing degrees of
freedom of a physical problem and maintaining its structure in basis
functions50–55. This approach is different from a widely used
approach, the Physics-Informed Neural Network (PINN), where the
physical problem is encoded in the loss function56–58. The PINN is,
however, reported to suffer from the gradient pathology problem59,
an expensive training process due to complex loss landscape60–62, and
requires more training samples than the NI-RB method50,52,63. Since
the NI-RB method is inefficient when dealing with high-dimensional
parameters such as images, we combine this method with the U-Net
and the Convolutional Autoencoder (CAE).

The U-Net is employed to binarize the experimental images,
while the CAE subsequently reduces the dimensionality of the
binarized outputs. This low-dimensional representation facilitates
efficient mapping to concentration profiles via the NI-RB. In addi-
tion, the CAE is also employed to generate additional binary images,
thereby augmenting the training samples for the NI-RB model
training. After training the CAE model and verifying that its decoder
can accurately reconstruct the input binarized images, the resulting
latent space captures the structural features and variability present in
the training samples. By sampling from this latent space, additional
binary images (statistically similar to those in the training samples)
can be generated. The use of CAE for dimensionality reduction and
data augmentation has been demonstrated in numerous studies64–67,
including those focused on porous media applications65,67.

We apply our toolbox on microfluidics experiments aiming for
predicting locations with a high probability of precipitation, and
understanding effective diffusivity changes on evolving structures dri-
ven by chemical reactions. These experiments necessitate probing on
multiple species concentrations to predict the saturation index, and
tracer concentration to estimate the effective diffusivity. Numerical
simulations based on the Lattice–Boltzmann method are used as probes
for multiple species and tracer concentrations before and after chemical
reactions. In these experiments, we induced celestine (SrSO4) pre-
cipitation in homogeneous circular grain patterns and natural rock
patterns. Time-lapse optical microscopy captured pore structure
alterations before and after reaction. Our toolbox performs fast seg-
mentation utilizing the U-Net to transform optical microscopy images
into simulation domains. The CAE uses the U-Net outputs to generate
more training samples for the NI-RB model and reduce the dimen-
sionality of the U-Net outputs before they enter the NI-RB model. The
NI-RB model then provides quantitative multiple species and tracer
concentrations, subsequently estimates saturation index (SI), locations
with a high probability of precipitation, and effective diffusivity. Our
approach demonstrates robustness, requiring a small number of train-
ing samples and short training time. This framework lays the founda-
tion for creating digital twins of microfluidics experiments, enabling
real-time physics and chemistry analyses in which experimental con-
ditions can be adjusted dynamically. Such capabilities would allow on-
the-fly modification of boundary conditions during experiments and
further reduce the number of physical experiments required to explore
specific phenomena.

Results
Physics-based machine learning framework
Framework capabilities. The physics-based machine learning frame-
work in our toolbox replicates the step-by-step workflow of process-
based numerical modeling, thereby preserving the original modeling
workflow while significantly reducing computational time. The overall
implementation uses our open-source Python library Chip Analyzer and
Calculator (cac). The core idea is to map RGB optical microscopy images
and time to the distribution functions (physical solutions) of
Lattice–Boltzmann simulations. Concentration profiles are obtained
from these distribution functions and subsequently used to compute the
saturation index (SI) and effective diffusivity. Importantly, this mapping
is achieved using a limited number of training samples. The use of images
as inputs to the toolbox and the challenge of limited training samples are
especially important in the context of microfluidics experiments for two
main reasons: (1) accurate analysis and interpretation of experimental
results require direct numerical simulations on the experimental
images68, and (2) generating training data for machine learning models is
both computationally expensive and labor-intensive, as it involves seg-
menting optical microscopy images and running Lattice–Boltzmann
simulations on the segmented outputs69.

The toolbox provides two modules: (1) prediction of multiple species
concentration profiles at the current time step, followed by prediction of the
saturation index (SI) at the next time step to identify locations with a high
probability of precipitation (workflowmarked with green arrows in Fig. 1),
and (2) prediction of tracer concentration at the current time, followed by
estimation of effective diffusivity. This framework relies on a common
assumption in coupled transport-chemical modeling: geometry changes
induced by chemical reactions evolve more slowly than the transport
processes30,68–70.

The saturation index (SI) is defined as69

SI ¼ log10
Q
Ksp

; ð1Þ

whereQ is the ion activity product of the species involved in dissolution or
precipitation, Ksp is the solubility product constant of the corresponding
solid. SI>0 indicates supersaturationanda tendency for precipitation, SI=0
denotes equilibrium between solid and solution, and SI < 0 denotes
undersaturation. Given that species concentrations cannot be directly
measured, a prediction produced by the toolbox is considered correct if the
predicted region with SI > 0 at t2 corresponds to newly precipitated crystals
or to the growth of crystals already present at t1.

Overviewof the framework. We rely on the non-intrusive reduced basis
(NI-RB)method as the key approach, as thismethod guarantees accuracy
and efficiency (Fig. 2)50,53–55,63,71. There are two challenges in the imple-
mentation: (1) the high-dimensional nature of RGB experimental images
requires a large number of training samples for the NI-RB model to
achieve accurate predictions, and (2) the reliance on manual segmenta-
tion limits the availability of training data, thereby reducing model per-
formance. We address these challenges by pre-processing the RGB
experimental images and applying dimensionality reduction prior to
input into the NI-RB model, using two different machine learning
methods: the U-Net and the CAE (see Fig. 2).

First, the U-Net (see Fig. 2 for illustration and “Methods” section for
mathematical formulation) performs fast segmentation of RGB experi-
mental images, converting themintobinary images. It is trainedona limited
dataset comprising RGB experimental images from optical microscopy and
their manually segmented counterparts, as the generation of these training
samples is labor-intensive. The U-Net is specifically selected for this task as
its encoding-decoding architecturewith skip connections, which allows it to
achieve accurate segmentation even with a limited number of training
samples, prior to augmentations72.
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Next, the segmented binary images (from the same dataset used for
training the U-Net model) are used to train a CAE model (see Fig. 2 for
illustration and “Methods” section for mathematical formulation). This
model serves two key purposes: the encoder reduces the dimensionality of
binary image inputs before going into the NI-RB model, while the decoder
generates additional binary images to augment the training samples for the
NI-RBmodel training. Thismethodhelps overcome the challenge of limited
training samples for building the NI-RB model.

The multi-component Lattice–Boltzmann simulations are then per-
formed on the binary images generated through the trained CAE’s decoder.
The encoded binary images, time, and corresponding solutions of
Lattice–Boltzmann simulations form the training dataset for constructing
the NI-RB model (see Fig. 2 for illustration and “Methods” section for
mathematical formulation). The NI-RB model enables fast predictions of
distribution functions, which in turn facilitate fast predictions of con-
centration, effective diffusivity, and saturation index (SI) (see Fig. 2), owing
to its architecture of only twodense layerswith a small numberofneurons in
each layer50,53–55,63,71. The number ofNI-RBmodels constructed corresponds
to the number of injected species and the tracer. In our experiments,
injecting SrCl2 and Na2SO4 results in four ionic species and one tracer, and
therefore five NI-RB models. While only a single U-Net and a single CAE
model are required. Finally, the predicted multiple species and tracer con-
centrations can be used to probe themicrofluidics experiments, providing a
quantitative understanding of the experimental results and the prediction of
locations with a high probability of precipitation.

Note that this framework is general and can be applied to map images
and physical parameters to a variety of chemical and transport states, as well
as effective properties. By transforming different physical and chemical
processes into Boltzmann transport form, diverse state variables can be
derived. However, the output of the NI-RB model remains the distribution
functions. This ensures that the overall structure of the toolbox remains
unchanged, regardless of the specific chemical or transport processes being
modeled through the Lattice–Boltzmann simulations.

Chip with rock pattern case
In this case, the collected experimental results were randomly split into
training, validation, and prediction samples, with five images used for
training, three for validation, and one for prediction. Note that this original
dataset is used to train only the U-Net and the CAE models. It is subse-
quently expanded via the trainedCAEmodel to generate a larger dataset for
training the NI-RB model. This larger dataset has a size of 450, randomly
split into 300 training and 100 validation samples.

We applied our toolbox to a prediction sample from the chipwith rock
pattern case, as shown in Fig. 3. The optimum hyperparameters for the
U-Netmodel are listed inTable 1.Using this optimummodel, theprediction
achieves a Jaccard index of 0.9933, indicating a good agreement between the
predicted and reference segmentations. This accuracy is further supported
by the difference image, which reveals only a few scattered red pixels (see the
first row of Fig. 3). TheU-Netmodel generated this prediction in 0.84 s on a
Dell Latitude laptop equipped with 32 GB RAM and a 13th Gen Intel i7-
1365U processor (12 CPUs). Training was also efficient, requiring only
24min for a single model on an NVIDIA A100 GPU with 512 GB RAM
using the JURECA high-performance computing (HPC) infrastructure.

For the CAE model, we found that the same encoder depth as in the
U-Netmodel was sufficient. For the latent space, we used a dense layer with
16 neurons. The optimal hyperparameters, including learning rate, batch
size, andnumberof epochs, are reported inTable 1. TheCAE results, shown
in the second row of Fig. 3, demonstrate acceptable accuracy (a Jaccard
index of 0.9867), especially considering the complexity of optimizing both
architecture and hyperparameters with a limited number of training sam-
ples. When the trained decoder can reconstruct the input images, this
indicates that the latent space can accurately parameterize any images,
bounded by the variability present in the training set73–75.

With the selected architecture and hyperparameters, the trained CAE
delivered a prediction in 0.17 s using a CPU on a Dell Latitude laptop. The
training process required 11.8 min (for a singlemodel) on aGPUwithin the
JURECA HPC infrastructure.

Fig. 1 |Capabilities of the toolbox.Purple arrows indicate themeasurement process
performed via optical microscopy from t1 to t2. Green arrows represent calculations
using multiple injected species within the microfluidics device to obtain con-
centration profiles at t1, as well as computation of the saturation index to predict
precipitation locations and growth directions at t2. a The workflow begins with
image acquisition using optical microscopy. Representative RGB images acquired at
t1 (b) and t2 (e) are shown for the chip with a uniform pattern (noted as “uniform")

and the chip with a rock pattern (noted as “rock"). cAt t1, the acquired RGB images
are processed by the toolbox to predict multiple species concentrations; exemplary
Sr2+ and SO4

2� concentrations for the chip with a uniform pattern. d These pre-
dicted concentrations are then used to compute the saturation index, enabling
prediction of growth directions (chip with uniform pattern) and identification of
regions with a high probability of precipitation (chip with rock pattern). e The
predictions are validated against the RGB images acquired at t2.
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Estimating effective diffusivity. Once fast segmentation using the
U-Net model and dimensionality reduction using the CAE model are
established, the resulting reduced (latent) parameters can be used directly
as inputs to the NI-RB models. Importantly, the same reduced para-
meters are used for both tracer and multiple species concentrations
prediction without any need to retrain or modify the U-Net or the CAE.
Only the NI-RB model changes, depending on which concentration is
being predicted.

The training samples for constructing the NI-RB model for tracer
concentration and effective diffusivity estimation are obtained using
Lattice–Boltzmann simulations, each requiring 24 h on a single CPU core
on the JURECA HPC infrastructure. In total, this amounts to 10,800 CPU
core-hours. The Lattice–Boltzmann simulations employ a D3Q7 setup,
where the degrees of freedom per simulation are 7 (number of Qs) × 20
(number of timesteps) × 512 (image pixel width) × 512 (image pixel
height) = 36,700,160.

We applied a cutoff of 1 × 10−5 during the Proper Orthogonal
Decomposition step, resulting in 250 basis functions. This cutoff was
selectedbasedona sensitivity analysis of the cutoffwith respect to theNI-RB
model estimation error (see Supplementary Fig. S1), which showed no
further significant accuracy improvement upon increasing the number of
basis functions. Moreover, at larger cutoffs, the NI-RB models were unable
to capture geometry changes due to chemical reaction. With the chosen

cutoff 1 × 10−5, the resulting L2 estimation error is 1 × 10−3, which is
sufficient for this case. The optimal hyperparameters are listed in Table 1.
The trainedNI-RBmodel canpredict a new sample in 0.14 s using aCPUon
a Dell Latitude laptop, corresponding to a speedup of more than 6 × 105

compared to the full Lattice–Boltzmann simulation. Training is also effi-
cient, requiring only 2.56min per model on a CPU within the JURECA
HPC infrastructure.

Furthermore, we estimated the effective diffusivity of the prediction
case using the distribution functions predicted by the NI-RB model. As
shown in Fig. 3, the predicted effective diffusivity is close to the reference
values. The complete workflow, from an RGB experimental image to the
effective diffusivity and tracer concentration profile, takes in total 3.81 s on a
CPU in a Dell Latitude laptop. This prediction time is shorter than the
experimental image acquisition interval of 10min, enabling evaluation of
tracer diffusion direction and effective diffusivity alongside the experiments.

Predicting locations with a high probability of precipitation. We
trained four additional NI-RB models to predict the concentrations of
Sr2+, Cl−, Na+, and SO4

2� based onmulti-component Lattice–Boltzmann
simulations that mimic the experimental setup (see Multi-component
Lattice–Boltzmann simulation subsection). Compared to the
tracer simulation, more time steps were required to achieve similar
accuracy and convergence, resulting in an output dimensionality of 7

Time:

U-Net

En
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r

Latent

Decoder

Non-intrusive 
reduced basis 

method
Distribution functions

Sr2+ Cl-

Na+SO4
2-

[mol/m3]

1.5x

Time:

predict

SI > 0

(a) (b)

(c)

(d)

(e)
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Saturation index

Fig. 2 | Physics-based machine learning framework in the toolbox. The black
dashed line separates two measurement times, denoted as t1 and t2. Purple arrows
indicate the measurement process, and green arrows represent calculations within
the toolbox. a At time t1, the workflow begins with an RGB experimental image
acquired via optical microscopy. b This image is passed to a U-Net to generate a
binary segmentation. cThe segmented image is then compressed by the encoder of a
Convolutional Autoencoder (CAE) into a vector of latent parameters, β, which is
concatenated with the time. The CAE decoder is also used to augment training

samples for the non-intrusive reduced basis (NI-RB) method. The concatenated
vector is fed into the NI-RBmodel to predict the distribution functions of the Lattice
Boltzmann simulations. dThese predicted distribution functions are post-processed
to obtainmultiple species concentrations at t1. eThe saturation index is computed to
identify locations with a high probability of precipitation at t2. f Locations with
saturation index (SI) above zero, indicating a high probability of precipitation, are
validated against the newly acquired RGB image at t2. This workflow is then repeated
for subsequent time steps.
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(number of Qs) × 300 (number of timesteps) × 512 (image pixel
width) × 512 (image pixel height) = 550,502,400 degrees of freedom for
each model.

We applied the same Proper Orthogonal Decomposition cutoff of
1 × 10−5 to all NI-RB models, resulting in 321, 325, 330, and 354 basis
functions for the Sr2+, Cl−, Na+, and SO4

2� models, respectively. The cutoff
was selected following the same rationale as for theNI-RBTracermodel (see
Supplementary Fig. S4 for the spectra decay profile for each model). The
resulting L2 estimation errors and the optimal hyperparameters are pro-
vided inTable 1. Each trainedNI-RBmodel predicts a new sample in 0.003 s
on a CPU (Dell Latitude laptop), corresponding to a speedup of more than
9 × 104 relative to the full Lattice–Boltzmann simulation. Training is also
computationally efficient, requiring only 14–15min per model on a CPU
within the JURECA HPC infrastructure.

The prediction case is treated as a future event that we aim to forecast
using the existing training samples. To do so, we selected an experimental
image recorded 10min prior to the prediction target (Fig. 4). This image
serves as the simulation domain. Fast segmentation using the U-Net model
and dimensionality reduction using the CAE model were then applied, as
shown in the first row of Fig. 4. After performing chemical equilibrium
calculations, the red regions (SI > 0) in Fig. 4 indicate locations where
precipitation is thermodynamically favored and thus likely to occur in the
next experimental frame, 10min later. These predicted regions correspond
closely to the actual locations where precipitation or crystal growth is sub-
sequently observed.

Chip with uniform pattern case
This case differs from the previous one because the RGB experimental
images containnoticeable noise (see Fig. 5).Weexplicitly included thisnoise
in the training dataset so that the machine learning models can learn to
recognize and handle it. In this case, four images were used for training, two
for validation, and one for prediction. This dataset is then expanded via the
trained CAE model to generate a larger dataset for training the NI-RB
model. This larger dataset has a size of 150, randomly split into 100 training
and 50 validation samples.

We applied our toolbox to a prediction sample, as shown in Fig. 5. The
optimal hyperparameters for the U-Net model are listed in Table 2. Using
this optimized model, the prediction achieved a Jaccard index of 0.9803,
indicating strong agreement between the predicted and reference segmen-
tations. This is further supported by the difference image, which shows only
a few scattered red pixels (see the first row of Fig. 5). The U-Net produced
this prediction in 0.51 s on a Dell Latitude laptop with 32 GB RAM and a
13th Gen Intel i7-1365U processor (12 CPUs). Training was also efficient,
requiring only 21min for a single model on an NVIDIA A100 GPU with
512 GB RAM on the JURECA HPC system.

TheCAEmodel uses the same encoder depth as theU-Netmodel. The
optimalhyperparameters are reported inTable 2.TheCAEresults, shown in
the second row of Fig. 5, demonstrate strong performance with a Jaccard
index of 0.9763. The trained CAE generated a prediction in 0.12 s on a Dell
Latitude laptop CPU. Training required 24min (for a single model) on a
GPU within the JURECA HPC infrastructure.

Estimating effective diffusivity. For constructing the training samples,
we ran Lattice–Boltzmann simulations, each requiring 24 h on a single
CPU core on the JURECA HPC infrastructure. In total, this amounts to
10,800 CPU core-hours. The Lattice–Boltzmann simulations employ a
D3Q7 setup, where the degrees of freedom per simulation are 7 (number
of Qs) × 16 (number of timesteps) × 256 (image pixel width) × 256
(image pixel height) = 9,175,040.

We applied a cutoff of 1 × 10−5 during the Proper Orthogonal
Decomposition step, resulting in 88 basis functions. The cutoff was selected
following the same rationale as in the chipwith rockpattern case.Compared
with the chip with a rock pattern case, the NI-RB tracer model here uses
fewer basis functions with the same cutoff, reflecting the simpler geometry
changes. Such simple geometry changes do not require a larger number of
basis functions. With the cutoff of 1 × 10−5, the L2 estimation error is
6.0 × 10−4, which is sufficient for this case. The optimal hyperparameters are
listed in Table 2. The trained NI-RB model can predict a new sample in
0.04 s using a CPU on aDell Latitude laptop, corresponding to a speedup of
more than 1 × 106 compared to the full Lattice–Boltzmann simulation.
Training is also efficient, requiring only 4.79min per model on a CPU
within the JURECA HPC infrastructure.

Figure 5 shows that the predicted effective diffusivity is the same as
the reference values. The complete workflow, from an RGB experimental
image to the effective diffusivity and tracer concentration profile, takes a
total of 1.27 s on a CPU in a Dell Latitude laptop. This prediction time is
shorter than the experimental image acquisition interval of 10min,
enabling evaluation of tracer diffusion direction and effective diffusivity
alongside the experiments.

Predicting locations with a high probability of precipitation. We
trained four additional NI-RB models to predict the concentrations of
Sr2+, Cl−, Na+, and SO4

2� based onmulti-component Lattice–Boltzmann
simulations that mimic the experimental setup (see Multi-component
Lattice–Boltzmann simulation subsection). The sameProperOrthogonal
Decomposition cutoff of 1 × 10−5 (following the same rationale as in the
chip with rock pattern case) is applied to all NI-RB models, resulting in
94, 95, 131, and 144 basis functions for the Sr2+, Cl−, Na+, and SO4

2�

models, respectively. The resulting L2 estimation errors and optimal
hyperparameters are summarized in Table 2. Each trained NI-RB model
predicts a new sample in 0.002 s on a CPU (Dell Latitude laptop),

Reference Prediction Difference

U-Net:

Jaccard: 0.9933

CAE:

Jaccard: 0.9867

NI-RB 
Tracer:

=

1.48 × 10
−10

[m2/s]

=

1.74 × 10
−10

[m2/s]

Acquired
RGB Image:

(a)

(b)

(c)

(d)

Fig. 3 | Performance of the toolbox evaluated on a prediction sample from the
chip with rock pattern case.CAE denotes the Convolutional Autoencoder, and NI-
RB denotes the non-intrusive reduced basis method. Red pixels in the images shown
in theU-Net andCAE sections indicate the differences between the reference and the
predicted images. The blue frame marks the image boundaries. a RGB image
obtained via optical microscopy. b U-Net section showing the reference image, the
U-Net prediction, and their difference (left to right). c CAE section showing the
reference image, the CAE prediction, and their difference (left to right). d NI-RB
tracer section showing the reference solution, the predicted solution, and the
absolute error (left to right).
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corresponding to a speedup of more than 1 × 105 relative to the full
Lattice–Boltzmann simulation. Training required only 5–7 min per
model on a CPU within the JURECA HPC infrastructure.

The prediction case is treated as a future event that we aim to
forecast using the existing training samples. To do so, we selected an
experimental image recorded 10min prior to the prediction target
(Fig. 6). This image serves as the simulation domain. After performing
chemical equilibrium calculations, the red regions (SI > 0) in Fig. 6
indicate locations where precipitation is thermodynamically favored and
thus likely to occur in the next experimental frame, 10min later. These

predicted regions correspond closely to the actual directions where
crystal growth is subsequently observed.

Discussion
Our toolbox ensures process explainability at each step, enabling error
identification and user supervision. This design prevents any inaccuracies
originating from the data-driven components from being misinterpreted as
physical anomalies. Instead, the toolbox enables users to trace the source of
errors, facilitating targeted improvements and promoting reliable, physically
consistent interpretation of experimental results. With this explainability, the

Table 1 | Performance of eachmodelwithin the toolbox and corresponding hyperparameters for the chipwith rock pattern case

Model Prediction timea [seconds] Training time [minutes] Training resources Number of training samples Training error

U-Net 0.84 24.0 1 GPUb 8c 8.2 × 103

CAE 0.17 11.8 1 GPUb 8c 1.2 × 10−1

NI-RB Tracer 0.007 2.56 1 CPUb 450 × 20d 1.0 × 10−3

NI-RB Sr2+ 0.003 14.45 1 CPUb 450 × 300d 1.8 × 10−1

NI-RB Cl− 0.003 14.22 1 CPUb 450 × 300d 3.6 × 10−1

NI-RB Na+ 0.003 14.53 1 CPUb 450 × 300d 3.1 × 10−1

NI-RB SO4
2� 0.003 14.89 1 CPUb 450 × 300d 1.4 × 10−1

Model Basis size Number of trainable parameters Learning rate Number of epochs Batch size

U-Net - 31,466,753e 8.4 × 10−4 4682 3

CAE - 23,650,969f 3.3 × 10−4 17,825 1

NI-RB Tracer 250h 30,716g 8.1 × 10−4 11,898 5436

NI-RB Sr2+ 321h 36,254g 8.1 × 10−4 11,898 81,545

NI-RB Cl− 325h 36,566g 8.1 × 10−4 11,898 81,545

NI-RB Na+ 330h 36,956g 8.1 × 10−4 11,898 81,545

NI-RB SO4
2� 354h 38,828g 8.1 × 10−4 11,898 81,545

The upper table summarizes the performancemetrics, including accuracy, prediction time, training time, and computational resources. The lower table outlines themodel architecture and hyperparameter
selections. CAE denotes the Convolutional Autoencoder, and NI-RB denotes the non-intrusive reduced basis method.
aThe prediction for a new case for a time step is performed using a CPU on a Dell Latitude laptop with 32 GB RAM and a 13th Gen Intel i7-1365U processor (12 CPUs).
bThe computational resources are provided by the JURECA high-performance computing (HPC) infrastructure. A standard compute node is equipped with 2 × AMD EPYC 7742 (2 × 64 cores) and 512 GB
RAM, while a GPU compute node contains 4 × NVIDIA A100, each with 40 GB memory.
cThese samples are obtained through direct measurement, with labels generated via manual segmentation.
dNumber of timesteps. Fewer timesteps are used for tracer simulations compared to the multi-component simulations.
eThe model has an encoder depth of 6 and 32 filters in the first encoder layer.
fThe model has an encoder depth of 6, 32 filters in the first encoder layer, and 16 neurons for the dense layer in the latent space.
gThe model has 127 neurons in its first dense layer and 77 neurons in its second dense layer.
hA cutoff of 1 × 10−5 is used during the Proper Orthogonal Decomposition step.

Fig. 4 | Prediction of precipitation location for the
chip with rock pattern case. Green arrows denote
calculations performed within the toolbox. The
dashed red lines mark the locations where crystals
are growing. a RGB image obtained via optical
microscopy 10 min prior to the prediction image
and used as in the training samples. b Segmentation
result from the U-Net. c Predicted multiple species
concentrations obtained using the non-intrusive
reduced basis method. d Post-processed species
concentrations identifying locations with a high
probability of precipitation. e RGB image acquired
via optical microscopy at the prediction time, con-
firming precipitation at the predicted locations.
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predicted concentration can be confidently used as a probe for experiments.
Furthermore, this toolbox will enable experimentalists to tune the experi-
mental conditions and analyze processes on-the-fly.

The toolbox delivers accurate predictions of concentration and loca-
tions with a high probability of precipitation using a limited number of
experimental results. It is due to the integrated use of the U-Net, the CAE,
and the NI-RBmethods. The U-Net architecture, with its skip connections,
enables fast and accurate segmentation from just a few RGB experimental
images, minimizing the labor effort required for manual segmentation72.
TheCAEmodel addresses the challenge of learning accuratemappings from
images and scalar parameters to chemical and transport states by reducing
the dimensionality and enabling the generation of a large number of syn-
thetic training samples.Although theCAEcangeneratemany such samples,
the NI-RB model maintains computational efficiency by requiring only a
relatively small number for training. Moreover, the NI-RB method main-
tains the structure of the physical problem within its basis functions,

allowing accurate predictions with a small number of training
samples52,53,55,63,76.

There are other methods, such as Karhunen–Loeve and the Active
Subspaces method, that are commonly used for dimensionality
reduction71,77–79, serving the same purpose as the CAE model. However,
these methods are not efficient when applied to complex images78,80. In
contrast, models like the generative adversarial network (GAN), the Var-
iational Autoencoder (VAE), and the Variational Autoencoder-Generative
Adversarial Network (VAE-GAN) methods have been used for recon-
struction of porous media images (can also facilitate dimensionality
reduction), which aligns with our objective67,81,82. These methods typically
require a large number of training samples and substantial computational
resources. Thus, we adopt the CAE model by carefully selecting the archi-
tecture to operate effectively with a limited number of training samples and
reasonable computational resources.

The predictive capability of the toolbox is inherently limited to cases
similar to those represented in the training dataset. This limitation stems
from the data-driven nature of both the U-Net and CAE models, which
require substantial variability in the training samples. Achieving wide
coverage of possible prediction cases demands significant labor effort to
manually segment images, which is necessary to increase the variability of
the training samples.

The number of basis functions in the NI-RB model is relatively high
compared to their typical use inprevious studies50,51,53,54,63. This is because the
model must capture geometric variations in every realization. In addition,
the presence of small precipitates requires higher accuracy, further
increasing the number of basis functions needed.

The Lattice–Boltzmann-based toolbox developed in this work offers a
highly adaptable framework for simulating micro-scale transport
phenomena. A key advantage lies in its structural consistency. As long as
the governing equations of processes of interest can be formulated within
the Boltzmann transport framework, the core implementation remains
largely unchanged. This stands in contrast to classical numerical
methods (such as the finite volume or finite element methods), which often
require substantial code modification when extended to new physical and
chemical processes. As a result, this toolbox is a flexible and transferable
platform that can accommodate a wide range of phenomena with minimal
restructuring.

For the current saturation index post-processing, we do not employ a
surrogate model because the chemical system is relatively simple and the
equilibrium calculations are fast (approximately 6.9 × 10−4 s per calculation
on a single CPU core of a Dell laptop) and inexpensive. However, for more
complex chemical systems (or systems involving chemical kinetics) and for
larger image sizes, a surrogate model becomes necessary to maintain
computational efficiency30. In future work, we plan to integrate a chemical
surrogate model into our physics-based machine learning framework to
further accelerate the chemical equilibrium calculations and, consequently,
the saturation index predictions.

Because multiple machine learning models are applied sequentially,
errors can propagate from the U-Net model through the CAE and ulti-
mately to the NI-RB model, potentially affecting the final outputs. For
example, in the chip with uniform pattern case, the CAEmodelmispredicts
the geometry of the precipitate in the right corner (see Fig. 5). This mis-
prediction artificially blocks species diffusion from the bottom boundary
that would otherwise propagate toward the right side of the domain. As a
result, the predictedprecipitation location slightly underestimates growth in
the right corner. Nevertheless, the framework still correctly captures the
locationwith a high probability of precipitation in the left corner. Therefore,
the propagated error remains acceptable and does not significantly alter the
overall interpretation of the results.

Future developments will focus on extending the capability of our
framework to handle advective and fast reaction regimes, where strong
coupling between the Lattice–Boltzmann solver and the chemical module
becomes essential. This advancement is particularly important because fully
coupled chemical calculations and Lattice–Boltzmann simulations are

Reference Prediction Difference

U-Net:

Jaccard: 0.9803

CAE:

Jaccard: 0.9763

NI-RB 
Tracer:

Acquired
RGB Image:

(a)

(b)

(c)

(d)

=

3.12 × 10
−11

[m2/s]
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3.12 × 10
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Fig. 5 | Performance of the toolbox evaluated on a prediction sample from the
chip with uniform pattern case.CAE denotes the Convolutional Autoencoder, and
NI-RB denotes the non-intrusive reduced basis method. Red pixels in the images
shown in the U-Net and CAE sections indicate the differences between the reference
and the predicted images. The blue framemarks the image boundaries. aRGB image
obtained via optical microscopy. b U-Net section showing the reference image, the
U-Net prediction, and their difference (left to right). c CAE section showing the
reference image, the CAE prediction, and their difference (left to right). d NI-RB
tracer section showing the reference solution, the predicted solution, and the
absolute error (left to right).
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computationally expensive and therefore not feasible to run side-by-side
with experiments. Looking further ahead, with optimized training proce-
dures, the toolbox could evolve into a versatile platform capable of rapidly
predicting a broad spectrum of physicochemical processes amenable to
Lattice–Boltzmann modeling (e.g., multiphase flow, heat transfer, electro-
osmosis, electrophoresis).Although theuse of theNI-RBmethodwithinour
framework is promising, the presence of multiple physical processes,
strongly coupled with chemical processes, may give rise to shock fronts and
discontinuities, which would require additional treatment to maintain the
accuracy and efficiencyof theNI-RBmethod83–86. Suchdevelopmentswould
represent a major step toward a unified, fast, physics-based simulation
framework for lab-on-a-chip systems, with the potential to accelerate
experimental design, optimization, and discovery.

Our framework will also be extended to assist in-situ synchrotron-
based experiments on 4-D porous structures. This capability is particularly
important because synchrotron beam time is limited and the beam field of
view is often smaller than the size of the porous structure being imaged87,88.
When imaging nucleation or crystal growth events in porous structures, it is
highly beneficial to identify potential locations of these events in advance so
that the beam can be directed to the most relevant regions. This targeted
imaging strategy can help avoid inefficient use of beam time and reduce the
need to repeat experiments multiple times. The underlying idea is to enable
fast spatio-temporal concentration predictions using our framework. For
this purpose, the U-Net and CAE models would need to be extended to
accommodate three-dimensional images through the use of 3D convolu-
tions,while theNI-RBmodelwouldneed tohandle significantly larger input
and output dimensionalities. As a consequence, a larger number of training
samples would be required. This extension would become even more
challenging in the presence of multiphysics coupling, fast chemical reac-
tions, and hysteresis.

Methods
Microfluidics experimental and numerical modeling setup
Experimental setup. Figure 7 presents experimental and numerical
setups for both chips with rock and a uniform pattern. In both
experiments, a solution of 50 mM SrCl2 and 50 mM Na2SO4 was
injected into the chip inlet using a syringe pump (Fig. 7a), at flow
rates of 50 μL/min for the chip with rock pattern (Fig. 7b) and 1000
nL/min for the chip with uniform pattern (Fig. 7c), creating a parallel
flow of SrCl2 and Na2SO4, as illustrated in Fig. 73. The temperature is
maintained at 25 ∘C and pH 5.63. This parallel flow drove diffusion of
SrCl2 and Na2SO4 toward the center of the chip, where mixing and
reaction occurred, resulting in SrSO4 precipitation

9,89. In the snapshot
area, the system was dominated by diffusion, with flux arising per-
pendicular to the parallel flow9,89.

Monitoring of the evolving geometry was performed using high-
resolution optical microscopy and confocal Raman spectroscopy3,69. The
optical microscope resolution was approximately 0.6 × 0.6 × 1 μm33,69. In
both experiments, images capturing the geometric evolution were taken
every 15min and 10min, respectively3. Further experimental details can be
found in Lönartz et al.3.

Numerical modeling setup. We performed two types of simulations
under a diffusive regime: a multi-component Lattice–Boltzmann simulation
for describing the experiments and a Lattice–Boltzmann simulation with a
conservative tracer for estimating effective diffusivity. We assumed that
chemical reactions occurmore slowly than the transport processes30,68–70. This
means that the physical time follows the time when an image is captured by
the optical microscope, and the transport simulation is always performed
until stationary for each image30,69,70. A comprehensive discussion about this
assumption is presented in Molins et al.68 and Lichtner70.

Table 2 | Performance of each model within the toolbox and corresponding hyperparameters for the chip with uniform
pattern case

Model Prediction timea [seconds] Training time [minutes] Training resources Number of training samples Training error

U-Net 0.51 21.0 1 GPUb 6c 4.6 × 103

CAE 0.12 24.0 1 GPUb 6c 7.1 × 10−2

NI-RB Tracer 0.003 4.79 1 CPUb 150 × 16d 6.0 × 10−4

NI-RB Sr2+ 0.002 5.28 1 CPUb 150 × 300d 3.5 × 10−4

NI-RB Cl− 0.002 5.71 1 CPUb 150 × 300d 3.2 × 10−4

NI-RB Na+ 0.002 5.90 1 CPUb 150 × 300d 4.5 × 10−4

NI-RB SO4
2� 0.002 6.32 1 CPUb 150 × 300d 4.2 × 10−4

Model Basis size Number of trainable parameters Learning rate Number of epochs Batch size

U-Net - 7,858,433e 5.1 × 10−4 7852 3

CAE - 4,222,209f 1.2 × 10−4 32,086 2

NI-RB Tracer 88i 17,646g 3.8 × 10−5 41,506 559

NI-RB Sr2+ 94i 23,609h 9.0 × 10−5 15,129 17,534

NI-RB Cl− 95i 23,795h 9.0 × 10−5 15,129 17,534

NI-RB Na+ 131i 30,491h 9.0 × 10−5 15,129 17,534

NI-RB SO4
2� 144i 32,909h 9.0 × 10−5 15,129 17,534

The upper table summarizes the performancemetrics, including accuracy, prediction time, training time, and computational resources. The lower table outlines themodel architecture and hyperparameter
selections. CAE denotes the Convolutional Autoencoder, and NI-RB denotes the non-intrusive reduced basis method.
aThe prediction for a new case for a time step is performed using a CPU on a Dell Latitude laptop with 32 GB RAM and a 13th Gen Intel i7-1365U processor (12 CPUs).
bThe computational resources are provided by the JURECA high-performance computing (HPC) infrastructure. A standard compute node is equipped with 2 × AMD EPYC 7742 (2 × 64 cores) and 512 GB
RAM, while a GPU compute node contains 4 × NVIDIA A100, each with 40 GB memory.
cThese samples are obtained through direct measurement, with labels generated via manual segmentation.
dNumber of timesteps. Fewer timesteps are used for tracer simulations compared to the multi-component simulations.
eThe model has an encoder depth of 5 and 32 filters in the first encoder layer.
fThe model has an encoder depth of 5, 32 filters in the first encoder layer, and 16 neurons for the dense layer in the latent space.
gThe model has 48 neurons in its first dense layer and 124 neurons in its second dense layer.
hThe model has 30 neurons in its first dense layer and 185 neurons in its second dense layer.
iA cutoff of 1 × 10−5 is used during the Proper Orthogonal Decomposition step.
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For themulti-component simulations as shown in Fig. 7e, we used four
components that affect the formation of SrSO4 precipitates: Sr

2+, Cl−, Na+,
and SO4

2�. Note that, throughout the experiment, the pH is constant at 5.6;
hence, the H+ ion is not included in the transport equation. The same
boundary conditions as in the experimental setup are used at the top and at
the bottompart of the snapshot area. In a chipwitha rockpattern, a constant
injection of SrCl2 at the top creates a constant supply of 50mM Sr2+ and
100mMCl− ions,while a constant injectionofNa2SO4 at the bottomcreates
a constant supply of 100mMNa+ and 50mM SO4

2� ions. These translate
into Dirichlet boundary conditions 50mMSr2+ and 100mMCl− at the top,
and100mMNa+ and50mMSO4

2� at the bottom.The same conditionand
numerical setting are also applied to the chip with a uniform pattern case.

For the tracer simulation shown inFig. 7f,weused a conservative tracer
which did not trigger any chemical reactions or change the geometry. The
boundary conditions for this simulations are of the Dirichlet type for both
top and bottom boundary.

There are two bottleneck tasks here: image segmentation and
Lattice–Boltzmann simulation. Image segmentation is a labor-intensive task
becausemicrofluidics experimental images are often complex,making them
challenging to be automatically labeled using existing algorithms90–92. The
Lattice–Boltzmann simulation is computationally expensive and requires a
significant amount of time when performed on complex structures33,93,94.

Multi-component Lattice–Boltzmann simulation
The Lattice–Boltzmann simulations solve for spatio-temporal multi-com-
ponent and tracer concentration profiles within the microfluidics
devices3,27,30. Considering a system with pure diffusion, the governing
equation of mass transport is3,30:

∂Ci

∂t
¼ ∇ � Ji ¼ ∇ � Di∇Ci

� �
; ð2Þ

where J [mol/m2/s] is the mass flux and D [m2/s] is the mass diffusivity.
The subscription i denotes the component, such as Sr2+, Cl−, Na+, SO4

2�,
and tracer. We used 1.56 × 10−9 [m2/s] for the diffusivity of Sr2+,

1.31 × 10−9 [m2/s] for the diffusivity of Cl−, 1.93 × 10−9 [m2/s] for the
diffusivity of Na+, 8.46 × 10−10 [m2/s] for the diffusivity of SO4

2�, and
2.2 × 10−9 [m2/s] for the diffusivity of tracer. The Lattice–Boltzmann
simulation solves for k distribution functions fk, depending on the scheme
employed95. For both the rock and uniform patterns in our case, we used
the D3Q7 scheme3. The governing equations for the Lattice–Boltzmann
simulation for each component can be expressed as follows95:

f ki ðrþ cDi
ekδx; t þ δt;Di

Þ � f ki ðr; tÞ ¼ � 1
τDi

f ki ðr; tÞ � f eqki ðr; tÞ
h i

þ Si;

ð3Þ
where r [m] denotes the position vector, e is the unit discrete
velocities, δx [m] is the grid size, δt,D [s] is the time step, cD = δx/δt,D
[m/s] is the lattice speed, and S is the source term (in our case S = 0).
τD [-] is the dimensionless relaxation time, given by
τD = 4D/cDδx + 0.5. The subscript k = 0, 1, 2, …, 6 corresponds to the
directions in the Q = 7 scheme (D3Q7). The superscript eq denotes
equilibrium distribution functions. The equilibrium distribution
functions are defined as follows33,95:

f eqki ðr; tÞ ¼ ωkCiðr; tÞ; ð4Þ

with

ωk ¼
1
4 k ¼ 0
1
8 k ¼ 1� 6

(
: ð5Þ

The local concentration of component i, Ci(r, t) is calculated by Ci =∑kfk.
The local flux along the x direction is calculated through fk:

Jxi ¼
τDi

� 0:5

τDi

δx
δt;Di

X
k

ek � ex
� �

f ki ðr; tÞ: ð6Þ

In our case, the fluid-solid interfaces, such as fluid-base solid and fluid-
precipitate interfaces, are set as the zero normal flux boundary condition.
The conventional bounce-back rule in the Lattice–Boltzmann method is
therefore employed.

For the tracer simulation, when the simulation reaches a stationary, the
effective diffusivity is determined through the following equation:

De ¼
L

Ctracer;in � Ctracer;out

P
Jx

Stracer
; ð7Þ

where∑Jx/S is the flux through the unit cross-section of the chip, and L is
the length of the chip. Our setup for the Lattice–Boltzmann simulation is
illustrated in Fig. 7.

U-Net
The U-Net model is a machine learning model characterized by a sym-
metrical architecture of interconnected encoders and decoders72. The input
to the model for the chip with rock pattern case is an image with
dimensions of 512 × 512 and three channels (RGB), while the output is a
binary image with dimensions of 512 × 512 pixels and a single channel (see
Fig. 8). For the chip with uniform pattern case, input and output dimen-
sions of 256 × 256 pixels are used. Each encoder comprises a 2 × 2 two-
dimensional max pooling layer, followed by two 3 × 3 two-dimensional
convolutional layers, each succeeded by a batch normalization layer and a
Rectified Linear Unit (ReLU) activation function. Note that no padding is
applied in the convolutional layers, which requires the input image
dimensions (width and height) to be a factor of two. Each encoder
downsamples the input image by a factor of two and doubles the number
of output channels. Consequently, the number of filters in the convolu-
tional layers doubles at each subsequent encoder stage.

Sr2+ Cl-

Na+ SO4
2-

SI > 0

SI < 0
SI = 0

10 minutes

predict

(a) (b) (c)

(d)(e)

Fig. 6 | Prediction of precipitation location for the chip with uniform
pattern case. Green arrows denote calculations performed within the toolbox. The
dashed red lines mark the locations where crystals are growing. a RGB image
obtained via optical microscopy 10 min prior to the prediction image and used as in
the training samples. b Segmentation result from the U-Net. c Predicted multiple
species concentrations obtained using the non-intrusive reduced basis method.
dPost-processed species concentrations identifying locationswith a high probability
of precipitation. eRGB image acquired via opticalmicroscopy at the prediction time,
confirming crystal growth at the predicted locations.
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Fig. 8 | The U-Net architecture for the physics-based machine learning frame-
work. Black arrows indicate the information flow from an input RGB image
(acquired using opticalmicroscopy) to the corresponding binary image used later for

the Lattice–Boltzmann simulations. The architecture shown corresponds to the chip
with a rock pattern chip with an input size of 512 × 512 pixels. A similar architecture
is used for a chip with a uniform pattern, with an input size of 256 × 256 pixels.
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Fig. 7 | Experimental and numerical simulation setup for capturing geometry
changes in microfluidic devices due to transport and chemical reactions. Red
arrows denote the flow of SrCl2, blue arrows denote the flow of Na2SO4, and purple
arrows indicate the observation process. a Experimental setup consisting of an optical
microscope, a syringe pump injecting 50mM SrCl2 and 50 mMNa2SO4 at 50 μL/min for
the chip with rock pattern and 1000 nL/min for the chip with uniform pattern, the
microfluidic devices, and the outflow3. b Transport of SrCl2 and Na2SO4 within the
borosilicate glass chip, referred to as the chip with rock pattern. The dashed boxmarks the
region where SrCl2 diffuses from the top and Na2SO4 from the bottom. c Transport of

SrCl2 and Na2SO4 within the polydimethylsiloxane (PDMS) chip, referred to as the chip
with uniform pattern. The dashed boxmarks the region where SrCl2 diffuses from the top
and Na2SO4 from the bottom. d Preparation for Lattice–Boltzmann simulations, in which
images of the snapshot region are acquired at multiple time steps and subsequently
segmented. e For each segmented image, a multi-component Lattice–Boltzmann simu-
lation is performed using boundary conditions consistent with the experimental setup, and
fA Lattice–Boltzmann simulation with a conservative tracer is also performed using fixed
boundary values of 1.0mM at the top and 0.0mM at the bottom, from which effective
diffusivity is derived. The same numerical setup is applied to the PDMS experiments.
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Each decoder consists of two 3 × 3 two-dimensional transposed con-
volutional layers, each succeeded by a batch normalization layer and a
Rectified Linear Unit (ReLU) activation function, and a 2 × 2 two-
dimensional up-sampling layer. Each decoder is connected to its corre-
sponding encoder through a concatenate operation (skip connection),
which transfers information from the second convolutional layer of the
encoder to thefirst transposed convolutional layer of the decoder. Following
theoperation in its encoder counterpart, eachdecoderperformsupsampling
by a factor of twoandhalves thenumberof channels.As a result, thenumber
of filters in the convolutional layers is halved at each subsequent decoder
stage. The final block consists of a 3 × 3 two-dimensional convolutional
layer and a sigmoid layer, producing a binary image based on probability
values. Probability values greater than 0.5 are classified as 1.0 (solid), while
values less thanor equal to 0.5 are classified as 0.0 (pore space). For a detailed
mathematical formulation of each operation, readers are encouraged to visit
Bishop and Nasrabadi96.

An optimum U-Net model is constructed in a two-loop approach:

• The inner loop. This inner loop focuses on obtaining optimumweights
and biases through minimizing the binary cross-entropy loss between
predictions and ground truth on training samples:

min
W;b

Llog; tr ¼ � 1
N tr

XN tr

i¼1

XK
k¼1

yi;k logPr ðyi;k ¼ 1Þ
i;k
; ð8Þ

whereW is the weights of a U-Net model, b is the biases of a U-Net
model, Ntr denotes the number of training samples, K denotes the
image dimension, y is the value of the true label (in this case, either 0
or 1), and Pr denotes the predicted probability of having yi,k = 1. The
subscription log denotes logarithmic form, tr denotes training
samples, i denotes the enumeration for the training samples, and k
denotes the enumeration for image dimension.

• The outer loop. This outer loop focuses on selecting optimum archi-
tecture and hyperparameters through minimizing the binary cross-
entropy loss between predictions and ground truth on validation
samples:

min
θ

Llog;va ¼ � 1
N ts

XNva

i¼1

XK
k¼1

yi;k log Pr ðyi;k ¼ 1Þ
i;k

ð9Þ

gg where θ is the hyperparameters and parameterized architecture
of a U-Net model. The subscription va denotes validation samples.
To solve Eq. (9), we use a random search algorithm96,97 and select
the model with the lowest binary cross-entropy loss as the
optimal model.

The hyperparameters to be optimized include the learning rate, batch
size, and number of epochs, while the architectural parameters are the
encoderdepth and thenumber offilters in thefirst encoder layer. TheU-Net
architecture is parameterized using the encoder depth and the number of
filters in the first encoder layer98, based on the established principles of the
U-Net architecture: each successive encoder reduces the spatial resolutionof
the input by half while doubling the number of filters, and each successive
decoder performs the inverse operation, upsampling by half and halving the
number of filters. Thus, the architecture can be fully defined by specifying
the number of encoders (which directly determines the number of decoders
due to symmetry) and the number of filters in the first encoder. A hundred
parallel optimization steps using a randomsearch algorithm96,97 is employed
to select the optimum hyperparameters.

We used the TensorFlow Python library99 to construct the U-Net
model. Automatic augmentation, including rotation, translation, and flip-
ping, embedded in the generator function of the TensorFlow Python
library99, is also applied to enrich the training samples.

Scaling the input and output images is critical for successful training. In
our case, scaling is performed by dividing each pixel value in the input and
output image arrays by 255, the maximum possible pixel intensity.

Another key consideration is the variability of the training samples
besides data augmentation. A trained U-Net cannot generalize to cases
beyond those represented in these training samples.

Convolutional autoencoder
The CAE is an encoder-decodermodel that uses the same image as both its
input and output. The model seeks to replicate the input image while
parameterizing it in a latent space, serving as a non-linear dimensionality
reduction method78. For a chip with a rock pattern case, the CAE model
takes a 512 × 512-pixel binary image generated by the trainedU-Netmodel,
attempting to replicate it at the output. While for the chip with a uniform
pattern case, the input and output dimensions of the CAE model are
256 × 256 pixels. It is important to note that CAE models are prone to
overfitting and can suffer from inefficient training, often resulting in
excessive computational resource demands or necessitating a large number
of training samples78,100. Careful attention must be given to the input
dimensionality and the complexity of the model architecture100. This lim-
itation explains why we do not directly use the RGB images captured by the
optical microscope as input and output for the CAE model.

Guided by the U-Net model architecture, we adopt a similar successive
downsampling-upsampling approach (see Fig. 9). However, to mitigate
overfitting, we simplify the encoder and decoder architecture. Each encoder
consists of a 3 × 3 two-dimensional convolutional layer with a stride of 2 and a
ReLU activation function, while each decoder comprises a 3 × 3 two-
dimensional transpose convolutional layer with a stride of 2 and a ReLU
activation function. For a detailed mathematical formulation of each opera-
tion, readers are encouraged to visit Padula et al.78 and Bishop andNasrabadi96.

The key difference from the U-Net lies in the stride used in the con-
volutional layers. In the U-Net, starting from an RGB image with higher
dimensionality, multiple operations within an encoder (two convolutions
followed by max pooling) are necessary to extract features effectively,
resulting in a large number of parameters. In contrast, the CAE starts with a
binary image, allowing us to replace the two convolutions andmax pooling
with a single convolution with a stride of 2. This approach maintains the
same output size while resulting in a smaller number of trainable para-
meters. The same principle is applied to the decoder design. The design for
the number of filters also follows that of the U-Net model.

We construct an optimum CAE model using a two-loop approach:

• The inner loop. This inner loop focuses on obtaining optimumweights
and biases by minimizing the mean square error between predictions
and ground truth on training samples:

min
W;b

Ltr ¼
1

N tr ×K

XN tr

i¼1

XK
k¼1

ðyi;k � byi;kÞ2; ð10Þ

where the hat denotes prediction.
• The outer loop. This outer loop focuses on selecting optimum archi-

tecture and hyperparameters through minimizing the binary cross-
entropy loss between predictions and ground truth on validation
samples:

min
θ

Lva ¼
1

Nva ×K

XNva

i¼1

XK
k¼1

ðyi;k � byi;kÞ2; ð11Þ

To solveEq. (11),we use a randomsearch algorithm96,97 and select the
model with the lowest mean square error as the optimal model.

For hyperparameter optimization, we focus on learning rate, batch
size, and number of epochs, as the architecture is optimized separately.
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Scaling and data augmentation are performed similarly to the ones used
in U-Net optimization. A hundred parallel optimization steps using a
random grid search algorithm are employed to find the optimum
hyperparameters.

The CAE model can be trained either sequentially after the U-Net
model or in parallel, as both models share the same training and vali-
dation sets. The main challenge lies in selecting optimal hyperpara-
meters while simultaneously determining the optimum encoder-
decoder architecture. Our strategy begins with fixing the architecture
to facilitate hyperparameter optimization. Once the hyperparameters
are tuned, we iteratively refine the architecture to improve the CAE’s
accuracy. A recommended starting point is to adopt an architecture
similar to that of the trained U-Net model, but with skip connections
removed.

Non-intrusive reduced-basis method
The non-intrusive reduced basis (NI-RB) method is a model order reduc-
tion (MOR) technique aiming for reducing spatial and temporal degrees of
freedom53–55. It approximates the solution of a physics-based model as a
linear combination of coefficients and basis functions53–55. Following the
formulation in refs. 101–103, the reduced-order model approximates
solutions of Lattice–Boltzmann simulation, providing a map from para-
metersβ and time t to aggregateddistribution functions fðr; tÞ 2 R7 ×Nt ×Nr

(stacked from f0 to f6), whereNt is the number of timesteps. In our case, we
adopt a non-intrusive formulation, replacing the Galerkin projection with a
NNmodel50–55. Themathematical formulation of this NI-RB formulation is
as follows:

fðr; tÞ ¼ f0ðr; tÞf1ðr; tÞ . . . f6ðr; tÞ
� � ¼ Xr

k¼0

αkðβ; tÞVkðrÞ; ð12Þ

where r is the reduced dimension, α is the reducedbasis coefficients, β is the
parameters, and V is the basis functions. The subscription k denotes the
enumeration from 0 to the reduced dimension. We further demonstrate in
Supplementary Fig. S3 that constructing anNI-RBmodel thatmaps to f(r, t)

yieldsmore accurate concentrationpredictions thandirectlymapping to the
spatio-temporal concentration.

This NI-RB method becomes inefficient when dealing with high-
dimensional parameters71. Since our input here is a binary image
(which is high-dimensional), we connect the NI-RB model with the
trained encoder from the CAE model. Therefore, β is the latent space
of the CAE model.

We perform Proper Orthogonal Decomposition (via randomized
Singular Value Decomposition) on the snapshots of f(r, t) to con-
struct the basis function53–55,71. The basis functions are selected from
the eigenvectors (after the decomposition) through an energy
criterion54:

PN tr ×Nt
k¼rþ1 λ

2
kPN tr

k¼1λ
2
k

≤ ϵ; ð13Þ

where λ is the eigenvalue and ϵ is the tolerance. The subscription k denotes
the enumeration for eigenvalues. Investigating the Proper Orthogonal
Decomposition cutoff with respect to the NI-RB model estimation error is
essential to determine the optimal cutoff. In our cases, a cutoff of 1 × 10−5

was applied to all NI-RB models.
Once the basis functions are selected, we construct aNNmodel tomap

parameters β and time t to reduced basis coefficients α, see Fig. 10. This
mapping can be expressed mathematically as follows96:

bα ¼ hðW × � � � hðW × ½βt� þ bÞ þ bÞ; ð14Þ

where h denotes the tanh activation function. The size of W and b are
determined by the number of dense layers and the number of neurons in
each dense layer.

The training for the Neural Networkmodel uses a two-loop approach:

• The inner loop. This inner loop focuses on obtaining optimumweights
and biases through minimizing the mean square error between

Input 
Layer
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Layer
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Layer

ReLU
Activation 
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Reshape
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Conv2D
Transpose 

Layer

input output
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Fig. 9 | The Convolutional Autoencoder architecture for the physics-based
machine learning framework. Black arrows indicate the information flow from an
input binary image to an output binary image. The architecture shown corresponds

to the chip with a rock pattern chip with an input size of 512 × 512 pixels. A similar
architecture is used for a chip with a uniform pattern, with an input size of 256 × 256
pixels.
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predicted reduced basis coefficients bα and ground truth α on training
samples:

min
W;b

Ltr ¼
1

N tr × r

XN tr

i¼1

Xr

k¼0

ðαi;k � bαi;kÞ2; ð15Þ

• The outer loop. This outer loop focuses on selecting optimum archi-
tecture and hyperparameters through minimizing the mean square
error between predicted distribution functionsbfðr; tÞ and ground truth
f(r, t):

min
θ

Lva ¼
1

Nva × 7 ×Nt ×Nr

XN tr

i¼1

X7 ×Nt ×Nr

k¼1

ðf i;k �bf i;kÞ2; ð16Þ

This outer loop error becomes the approximation error of the non-
intrusive reduced basis model. The hyperparameters include the number of
neurons in each layer of the NN model, learning rate, batch size, and the
number of epochs. For hyperparameter optimization, we use the Bayesian
Optimization with Hyperband (BOHB) algorithm104. This approach
improves the efficiency of the Bayesian optimization algorithm by com-
bining it with the Hyperband algorithm, thereby reducing the number of
optimization steps required104.

Once the non-intrusive reduced basismodel is constructed, we can use
it to calculate spatio-temporal multiple components and tracer concentra-
tion in the post-processing step (see Fig. 2) as follows3:

bCiðr; tÞ ¼
X6
k¼0

bf ki ðr; tÞ; ð17Þ

For estimating effective diffusivity, we post-process the predicted tracer
concentration using the following formulation3:

bDeff ¼
1
Nr

PNr
k¼1

τD�0:5
τD

� e � bf 1ðr; t ! 1Þ� bf 2ðr; t ! 1Þ
� �
ðCtracer;in�Ctracer;out Þ

Nx × δx

; ð18Þ

whereCtracer,in=1.0 [mol/m3] is the inlet concentration at the topboundary,
Ctracer,out= 0.0 [mol/m3] is the outlet concentration at the bottomboundary,
and Nx is the number of lattices in the direction of diffusion (For chip with
rock pattern case, it is 512, while for chip with uniform pattern case, it
is 256).

An important aspect of the training process is scaling the inputs and
outputs, as proper scaling ensures robust model performance. We apply
standard scaling to the inputs and minmax scaling to the outputs105.

Another critical aspect is the sampling process. The training samples
must be representative of the entire range of parameters. We employ the
Latin Hypercube Sampling method106 to sample the latent space and sub-
sequently generate geometries for the Lattice–Boltzmann simulations.

The number of NI-RBmodels constructed corresponds to the number
of transported components, plus an additional model for the tracer.
Although eachmodel receives the same set of input parameters, it predicts a
different output response. Importantly, themodels canbe trained inparallel,
as they are independent of one another.

Predicting locations with a high probability of precipitation and
growth direction
To predict locations with a high probability of precipitation or growth
directions, we post-process the stationary multiple species concentrations
predicted by the NI-RB models using chemical equilibrium calculations.
Chemical equilibrium is computed by minimizing the Gibbs free energy to

Fig. 10 | The non-intrusive reduced basis method for the physics-based machine
learning framework. Black arrows indicate the information flow from an input
binary image to an output binary image. The figure shown corresponds to the chip
with a rock pattern chipwith an input size of 512 × 512 pixels. A similar construction
approach is used for a chip with a uniform pattern, with an input size of 256 × 256
pixels. a Trained decoder from the Convolutional Autoencoder (CAE) model, used

to augment existing segmented images for the construction of the non-intrusive
reduced basis (NI-RB) model. b Trained encoder from the CAE model, used to
reduce the dimensionality of input images. c Combined latent space of the CAE
model and time. d Reduced basis coefficients obtained via Proper Orthogonal
Decomposition (POD) on the Lattice–Boltzmann solutions. e Basis functions
obtained via POD on the Lattice–Boltzmann solutions.
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obtain the equilibrium concentrations of all species, following the for-
mulation described in Leal et al.107. These calculations are performed using
the open-source software Reaktoro108.

For our experimental cases, we use the PHREEQC database within
Reaktoro together with the WATEQ Debye-Hückel model to compute
aqueous species activities109. Reaktoro takes the multicomponent con-
centrations predicted by the NI-RB models as input and returns the
saturation index of SrSO4, which is then used to assess possible precipitation
locations or growth directions. Each calculation took 6.9 × 10−4 s.

Regions in which the predicted saturation index of SrSO4 exceeds zero
indicate ahighprobability of newlyprecipitated SrSO4 crystals or the growth
of existing crystals. We use these regions as a criterion to evaluate the
predictive accuracy of the toolbox. When the predicted regions cover most
of these events, as qualitatively assessed from the subsequent image, the
toolbox prediction is considered accurate.

Data availability
The Python scripts used to generate training samples and construct the
machine learning models, along with the results for both rock and uniform
patterns, are published at https://doi.org/10.5281/zenodo.18768617. Raw
simulation data is available upon request.

Code availability
The codes for in this toolbox are parts of open-source Chip Analyzer and
Calculator (cac) Python library, published in our Github https://github.
com/FZJ-RT/cac.git. These codes are based on several open-source Python
libraries, such as Keras, Tensorflow,Horovod, Scikit-learn, OpenCV, bohb-
hpo, andDask. The codes for performing the Lattice–Boltzmann simulation
are available in the Github repository https://github.com/FZJ-RT/lbm.git.
The detailed implementations for plotting, training, and calculating con-
centration and effective diffusivity are published in https://doi.org/10.5281/
zenodo.18768617.
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