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Abstract: Efficient solid-liquid separation is crucial in industries like mining, but tradi-
tional chamber filter presses depend heavily on manual monitoring, leading to inefficien-
cies, downtime, and resource wastage. This paper introduces a machine learning-powered
digital twin framework to improve the operational flexibility and predictive control of
a traditional chamber filter press. A key challenge addressed is the degradation of the
filter medium due to repeated cycles and clogging, which reduces filtration efficiency. To
solve this, a neural network-based predictive model was developed to forecast operational
parameters, such as pressure and flow rates, under various conditions. This predictive
capability allows for optimized filtration cycles, reduced downtime, and improved pro-
cess efficiency. Additionally, the model predicts the filter medium’s lifespan, aiding in
maintenance planning and resource sustainability. The digital twin framework enables
seamless data exchange between filter press sensors and the predictive model, ensuring
continuous updates to the training data and enhancing accuracy over time. Two neural
network architectures, feedforward and recurrent, were evaluated. The recurrent neural
network outperformed the feedforward model, demonstrating superior generalization. It
achieved a relative L?-norm error of 5% for pressure and 9.3% for flow rate prediction on
partially known data. For completely unknown data, the relative errors were 18.4% and
15.4%, respectively. Qualitative analysis showed strong alignment between predicted and
measured data, with deviations within a confidence band of 8.2% for pressure and 4.8% for
flow rate predictions. This work contributes an accurate predictive model, a new approach
to predicting filter medium cycle impacts, and a real-time interface for model updates,
ensuring adaptability to changing operational conditions.

Keywords: chamber filter press; neural network; digital twin; machine learning; feedforward
neural network; recurrent neural network; monitoring; maintenance

1. Introduction

Filter presses play a critical role in numerous industries, including wastewater treat-
ment, pharmaceuticals, and mining, by efficiently separating solids from liquids. A chamber
filter press is a specific type of filter press that operates by pumping slurry into a series of
recessed chambers lined with filter cloth. As pressure builds, liquid passes through the
cloth and exits the system, while solids are retained to form filter cakes. This design enables
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high solid-liquid separation efficiency and is widely used in industrial applications due to
its robustness and reliability. In the mining sector, where vast quantities of ore are processed
daily and water consumption is significant [1], filter presses are indispensable for reduc-
ing fluid content in the separated material [2]. This reduction not only minimizes water
usage but also mitigates the risks associated with sludge storage, such as dam failures [3].
As mining operations can have a big impact on the environment [4], it faces increasing
environmental regulations and demands for sustainability. The optimization of filtration
processes through innovations such as augmented reality (AR) and machine learning (ML)
presents a significant opportunity to enhance automation, monitoring, and operational
efficiency. Machine learning has been widely recognized for its role in predictive analytics
and adaptive control in filtration systems [5,6]. In parallel, recent work has demonstrated
the potential of AR to support real-time process monitoring, operator training, and decision-
making in industrial environments [7-9], suggesting further possibilities for its integration
into filtration processes. By embedding predictive capabilities within filter press systems,
operators can achieve higher precision in process control, leading to greater efficiency
and better quality outputs. This idea has been researched through different approaches.
For example, Landman et al. [10] used the theory of compressive rheology to predict the
filtration time and maximize suspension throughput. Other approaches utilize neural
networks (NNs) to predict metrics such as filtered volume [11], flow rate, and turbidity [12],
or to predict and optimize particle counts [13]. NNs are particularly suited for modelling
complex tasks due to their capability as universal function approximators, allowing them
to capture intricate, non-linear relationships within diverse datasets [14]. Their adaptability
and effectiveness have been demonstrated across various domains, including engineering,
medical, and industrial applications, where they are used for tasks such as pattern recogni-
tion, classification, and prediction. Furthermore, recent works highlight their effectiveness
in time-series forecasting and industrial prediction problems, showcasing their flexibility
in real-world scenarios [15]. Another possibility is the application of computational fluid
dynamics (CFD). For instance, Spielman et al. [16] employed a numerical model based
on the Brinkman equation to predict pressure drops and filtration efficiency. Highly per-
formant simulation software based on the lattice Boltzmann method (LBM) could also be
utilized for this purpose [17]. However, the setup required for such simulations can be very
challenging, covering aspects such as sedimentation [18-20], behaviour during the filling
phase, and actual filtering processes aided by porous areas [21,22]. Additionally, while
LBM are significantly faster than other simulation approaches [23,24], the results are still
not available in real time.

Traditional filter press operations are highly dependent on manual monitoring and
adjustments, which often result in inefficiencies, human errors, and increased downtime.
Predicting performance parameters such as pressure and flow rates in real time is challeng-
ing, as these variables are influenced by fluctuating operating conditions and the state of
the filter medium. The condition of the filter medium, particularly its level of clogging and
the number of operational cycles it has undergone, significantly affects performance [25-29].
Filter press dynamics are inherently complex due to the interplay of multiple non-linear
variables, including pressure, flow rate, and cake resistance, which evolve over time. In
addition, fluctuations in components, such as membrane pumps, introduce noise, further
complicating real-time predictive analysis. Existing data acquisition systems often lack the
ability to seamlessly interface with advanced ML algorithms, limiting operational flexibility
and optimization potential. According to the work of McCoy et al. [6], one problem in using
ML in the mining sector is the missing amount of data to train a model. Addressing these
challenges requires the integration of real-time data analytics with robust ML capabilities
to enable smarter and more adaptive process control.
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To address these challenges, this work proposes a machine learning-based predictive
framework embedded within a digital twin (DT) architecture, a concept that refers to a
virtual representation of a physical system, enabling real-time monitoring, analysis, and
optimization of its operations through the integration of real-time data and predictive
models [30]. The DT is designed to enable real-time estimation of key process variables,
specifically pressure and flow rate, while also tracking the condition of the filter medium
over successive cycles. By integrating both historical and live data, the approach mitigates
the data scarcity issue and enables more robust, adaptive control strategies. The predic-
tive model reduces reliance on manual intervention, enhances process stability, and helps
determine the optimal point for filter cloth replacement, improving long-term efficiency
and sustainability. By addressing both real-time and historical data, the model can assist
operators in determining optimal filter medium utilization, thereby enhancing efficiency
and sustainability. Key performance metrics, including root mean square error (RMSE) and
mean square error (MSE), are used to evaluate the accuracy of the model in training and
validation datasets. The contributions of this work can be summarized as follows. First,
a machine learning-based digital twin framework is developed for a chamber filter press,
enabling accurate prediction of key operational parameters such as pressure and flow rate
across varying experimental configurations. Second, the proposed framework includes
predictive modelling of the filter medium efficiency, allowing for proactive maintenance
planning and supporting long-term resource sustainability. Finally, the architecture sup-
ports seamless data exchange and continuous model updates, ensuring adaptability to
evolving operational conditions. In the remainder of the paper, first the methodology is
described in Section 2, which contains the experimental setup, parameter selection, and
the architecture of the DT, as well as the NN model. Lastly, the results are discussed in
Section 3 and conclusions are drawn in Section 4.

2. Methodology
2.1. Experimental Setup of the Chamber Filter Press

The chamber filter press used in this study has a plate size of 300 mm, a compromise
between typical small-scale test presses (150 mm plate size) and larger versions (up to
1000 mm). This size is compatible with existing infrastructure, requires manageable sus-
pension quantities, and is portable. The press is equipped with a membrane pump and
a manually operated hydraulic cylinder, common configurations in industry, ensuring
transferability of results. The setup includes a central inlet and outlets in each corner
of the plates, maintains uniform conditions across the press, and aligns with industrial
applications, such as automotive paint-sludge treatment and marine scrubber systems.
This design ensures leak-tightness and consistent filtrate flow, enhancing reproducibility.
Air blowing for filter cake removal is controlled through adjustable valves, allowing for
variable air flow. Figure 1 shows the experimental setup next to the filter chamber with the
filter cloth.

In order to ensure consistency and reproducible results that can be used to train a model, a

suspension consisting of a mixture of water and perlite was used as the test material.
!
. . . .o . dmz min '
each experiment, filtration was performed under controlled conditions to evaluate key

The filter cloth used in the experiments had a throughput capacity of 5 During
parameters such as filtrate flow rate, pressure, filter cake formation, and overall filtration
performance. The filtration process continued until a specified end point, such as a defined
pressure or filtrate volume. Air blowing was then applied to remove the filter cake, with
the air flow rate adjusted via the system’s valves.
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Figure 1. (a) Full view of the chamber filter press, showing the filter press unit with multiple filter
chambers. The number of chambers directly correlates with the volume of suspension that can be
filtered in a single cycle. (b) Close-up view of an individual filter chamber, highlighting the filter cloth
(black) inside. Each chamber is where the filtration process occurs, with the slurry being pressurized,
allowing the liquid to pass through the cloth while retaining the solids as filter cakes.

2.2. Parameter Selection

Effective training of an NN for a chamber filter press requires selecting input and
output variables that capture the intricate dynamics of the filtration process. The flow
rate of the filtrate and the operating pressure were chosen as the primary output variables
because they are key indicators of the filtration performance. As filtration progresses, the
pressure gradually increases, while the flow rate decreases, eventually approaching zero.
This decrease in flow, combined with an increase in pressure, signals that the filter chambers
are filled with accumulated solids, indicating the end of the filtration cycle. Accurately
predicting these variables allows one to monitor process efficiency in real time.

The input variables selected reflect various factors that influence the dynamics of
filtration. The number of filter chambers directly impacts the filtration capacity, with
a larger number of chambers enabling higher throughput. Filtration time captures the
time-dependent evolution of flow and pressure, which is critical to understanding the
progression of the cycle. The concentration of solids in the suspension plays a crucial
role, as higher concentrations lead to a faster accumulation of solids within the chambers,
affecting pressure dynamics and accelerating clogging. Another important input is the
cycle count of the filter cloths, as repeated use degrades their performance, reducing the
filtration efficiency over time. In addition, the maximum operating pressure sets the upper
limit of the system, influencing the pressure and flow profiles throughout the process.

To enhance the generalization capability of the model, we constructed a training
dataset to cover a wide range of operational conditions, including variations in chamber
configurations, solid concentrations, and filter cloth usage. This comprehensive approach
ensures that the model can accurately predict filtration outcomes across diverse scenarios,
supporting effective, data-driven process control and optimization.

2.3. Digital Twin Architecture

The concept of the DT for the chamber filter press revolves around a continuously
improving NN model that is updated with new training data as the filter press operates.
This dynamic updating process ensures that the model predictions become increasingly
reliable and accurate over time. As illustrated in Figure 2, the operator initiates the pro-
cess by setting up a new experiment with the static parameters identified, including the
number of filter chambers, the filter cloth cycle, the maximum operating pressure, and
the suspension concentration. These parameters are sent simultaneously to the database
and the NN model. The model uses this input to predict the expected course of pressure
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and flow rate over time, providing the operator with an estimated filtration time and an
efficiency forecast for the process. This predictive insight helps in planning and optimizing
the filtration cycle. During the filtration process, sensors installed on the filter press contin-
uously monitor and record real-time data, specifically flow rate and pressure. This data is
transmitted to the database and linked to the corresponding experiment entry, ensuring
traceability and coherence between static parameters and dynamic measurements. Once
the filtration cycle is complete, the recorded data can be fed back into the NN as new
training data. This iterative feedback loop enhances the model’s accuracy by refining its
ability to predict future filtration performance based on historical patterns and real-time
observations. This continuous learning approach not only optimizes the performance
of the filter press, but also supports proactive decision-making, reducing downtime and
improving process outcomes through more accurate predictions and insights.

Chamber filter press + measuring

€ Database | Predicitve model
technique

Update model
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Request
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Figure 2. Architecture of the DT framework for a chamber filter press, illustrating the communication
flow between the filter press, real-time measuring techniques, the central database, the predictive
model, and the operator.

This DT concept can also be expanded by integrating AR technology. AR could enable
operators and maintenance personnel to visualize the state of the filter press directly on its
physical counterpart, providing a real-time overlay of critical data such as performance met-
rics, sensor readings, or potential error states. For example, AR could highlight issues such
as wear or misalignment of the filter cloth or deviations in pressure distribution, allowing
immediate troubleshooting. Furthermore, AR could dynamically visualize the operational
status of the filter press, including the progress of filtration cycles and system diagnostics,
making complex data more intuitive and actionable. Although this combination of DT
and AR has significant potential to improve system understanding, troubleshooting, and
maintenance, these aspects will not be explored further in this work. However, Figure 3
illustrates a preliminary demonstration, from previous work, where a three-dimensional
model of the chamber filter press is overlaid on its real geometry, showcasing the potential
for future developments in this direction [31].
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Figure 3. Integration of augmented reality (AR) with the digital twin (DT) framework [31]. This figure
shows a virtual 3D model of a chamber filter press overlaid onto its physical counterpart using AR.
At the current stage, the AR system primarily supports visualization of the geometry and structure
of the filter press. It can assist operators by highlighting specific components—such as individual
filter chambers—and providing interactive maintenance instructions, for example, indicating how to
access or remove parts. This lays the foundation for future functionality, such as real-time diagnostics
or condition monitoring.

2.4. Experiments

The experiments that serve as training and validation data for the NN are summarized
in Table 1, with a total of 34. The selection of these experiments was based on the need
to cover a wide range of operating conditions and ensure that the NN can learn patterns
that generalize well to different scenarios. The configurations are designed to reflect a
variety of process variables, such as concentration, filter plate number, end pressure, and
filter medium cycles, which are expected to significantly influence the filtration process. By
varying these parameters, we ensure that the network is exposed to a comprehensive set of
inputs and can develop a robust understanding of the system’s behaviour.

Table 1. Available training and validation data from experiments.

Concentration [g/L] Filter Plate Number End Pressure [bar] Cycles Frequency
6.25 2 20 34 1
6.25 2 4.0 32 1
6.25 2 5.0 31 1
6.25 2 6.0 30 1
6.25 2 8.0 29 1
12.50 1 10 4 1
12.50 2 10.0 24 ?,3 g 7,14 0
12.50 2 7.0 5 1
12.50 2 8.0 6 1
12.50 2 0.2 1 1
12.50 2 0.5 10,11 2
12.50 2 0.7 12.13 >
12.50 3 10 123 3
25.00 2 10.0 24 1
25.00 2 5.0 18 1
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Table 1. Cont.
Concentration [g/L] Filter Plate Number End Pressure [bar] Cycles Frequency
25.00 2 6.0 19 1
25.00 2 7.0 20 1
25.00 2 8.0 21 1
25.00 2 9.0 22 1
25.00 2 10.0 23 1
25.00 3 10.0 25 1
25.00 4 10.0 26 1

2.5. Data Logging and Database Development

The experimental filter press setup incorporates essential hardware components pow-
ered by a 24 V DC input, including a suspension pressure sensor, a flow sensor, and a
delphin data logger. The data logger, which operates at a sampling rate of 10 Hz per
channel with 24-bit resolution, is suitable for capturing high-resolution data necessary for
the analysis of the filtration process. It features an integrated web server and supports
the open platform communications unified architecture (OPC UA) protocol, facilitating
seamless data transmission and remote access (Figure 4). While the logger enables local
data retrieval via USB using proprietary software, it does not inherently support the direct
transmission of data to the model environment or provide control functionality for the
active components of the filter press. Therefore, an independent control computer was
introduced, equipped with a development board containing a quad-core 64-bit ARM Cortex
A72 processor. This control system also includes an output module that interfaces with and
manages the operation of the active elements in the filter press.

The control computer runs on a 64-bit Ubuntu Linux-based operating system and
utilizes an InfluxDB time-series database for local data storage. Node-RED programming
facilitates the management of local input and output (I/O) control and orchestrates the
data exchange between the control computer and the data logger. Communication between
the development board and the data logger is established over an Ethernet connection via
the OPC UA protocol, where the data logger functions as the OPC UA server. Once data
is transferred to the control system, it undergoes preprocessing, including filtering and
analysis, to optimize the data storage load in the database.

The database architecture comprises two interconnected tables: one dedicated to
experimental metadata and the other to measured data. The experiment table records user-
defined parameters, including the experiment number, number of filter cycles, number of
filter chambers, maximum operating pressure, and suspension concentration. These param-
eters are entered by the user via a graphical interface before initiating each experimental
run. The measured data table contains time-stamped data points, such as pressure and
flow rate readings, which are linked to the corresponding experiment via the experiment
number as a foreign key. This relational structure allows for efficient organization and
retrieval of experimental data.

Since InfluxDB utilizes time-based indexing, accurate synchronization between the
control computer and the data logger is critical to maintaining data integrity. Initially, the
network time protocol (NTP) is employed to synchronize the system clocks. However,
given that NTP cannot achieve millisecond-level precision on the data logger, a precision
time protocol (PTP) server is subsequently initiated on the control computer. This ensures
precise time synchronization between the two systems, which is essential for accurate data
logging and analysis.
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The system architecture is designed to accommodate various data transmission strate-
gies, depending on the operational context of the filter press. For the prototype system
described, the direct transmission of measurement data from the control system to the
model cloud server via LTE was selected as the preferred method. This approach facili-
tates real-time monitoring and data exchange with external databases for further analysis
and archiving.

Internet

—e

Data exchange

A HDMIUSB

Touchscreen

OPCUA

Loggito Logger

(( ”)
WFH&«_I

Pixtend V2 Router

Developer

Switch

User

Figure 4. Schematic overview of the data acquisition and communication architecture for the chamber
filter press system. The setup includes a Delphin data logger connected to sensors for pressure and
flow rate measurement, which communicates with a control unit via OPC UA. The control system,
represented by a PiXtend V2 board, interfaces with peripheral devices such as a touchscreen and user
input terminals through HDMI/USB. Data transfer and remote monitoring are facilitated through
a router, enabling Wi-Fi connectivity and LTE-based transmission to a file server for storage and
further analysis. Developers and operators can access the system remotely or locally for control and
data export.

2.6. Neural Network Model
2.6.1. Selection of Neural Network Type

For the model, two NN architectures were considered, the recurrent neural network
(RNN) and the feedforward neural network (FFENN), the architecture of which is shown in
Figure 5. FFNNSs are simple and effective for static data [32]; however, they lack the ability
to model temporal dependencies and treat each input independently. RNNs, on the other
hand, are explicitly designed to handle sequential data by maintaining an internal state that
allows them to retain information from previous time steps [33]. This property makes RNNs
particularly well-suited for time-series tasks, such as predicting the pressure and flow rate
measurements in a filter press system. In this work, the RNN is implemented using long
short-term memory (LSTM) units, which are effective at learning long-term dependencies
and mitigating issues such as vanishing gradients, which can occur in standard RNNs. Its
downside is that with enough accumulated data, it needs significantly more computational
power to train. In this work, both the FFNN and RNN were implemented in order to
compare them against each other.

The selection of these two architectures was made to evaluate the trade-off between
FFNNs’ simplicity and efficiency for static data, and the temporal modelling capabilities
of LSTM-based RNNs. Other architectures, such as gated recurrent unit (GRU) or convo-
lutional neural networks (CNNs), were considered but not selected for this work. GRUS,
while simpler than LSTMs, do not capture long-term dependencies as effectively, which
can limit their accuracy in applications requiring extended temporal memory. However,
their simpler structure, with fewer gates, results in faster training times and reduced com-
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putational overhead, making them attractive for scenarios where model efficiency and
real-time responsiveness are critical [34]. Despite these advantages, in this work, LSTMs
were preferred due to their superior ability to retain information over longer sequences,
which is essential for accurately modelling the temporal dynamics of filter press operations.
CNNs, which excel in tasks like spatial pattern recognition, are less suited for time-series
forecasting tasks where sequential relationships are paramount.

D 2

N N
(a) (b)

Figure 5. Comparison of RNN (a) and FFENN (b). Gray nodes represent input neurons, and green
nodes represent hidden neurons in both architectures. In (a), the RNN includes feedback loops, repre-
sented by the arrows looping back from the hidden neurons to themselves, enabling the processing
of sequential data and temporal dependencies. The arrows pointing to the right indicate information
flow to the output. In (b), the FENN consists of direct connections between neurons, without feedback
loops, illustrating a simpler network structure designed for static data processing.

2.6.2. Model Architectures

The FFNN consists of an input layer that accepts a normalized feature vector with five
input variables. The model architecture includes two fully connected hidden layers with
64 and 32 neurons, respectively. Each hidden layer utilizes the rectified linear unit (ReLU)
activation function to introduce non-linearity and enhance the model’s capability to learn
complex relationships. The output layer comprises a single neuron with a linear activation
function, suitable for predicting continuous target variables. The FFNN is optimized using
the Adam optimizer with a learning rate of 0.001.

The RNN is configured using an LSTM [35] layer to manage sequential data. The
input layer receives sequences of length 10, each consisting of five features per time
step. The LSTM layer contains 64 hidden units, enabling the model to capture temporal
dependencies effectively. Following the LSTM layer, a fully connected output layer with a
single neuron provides the final prediction, using a linear activation function for regression.
Similar to the FFNN, the RNN is trained using the Adam optimizer with a learning rate of
0.001. To facilitate temporal learning, the input data is prepared by generating sequences,
allowing the network to leverage internal states for improved prediction accuracy. Data
normalization and sequence preparation are essential preprocessing steps that enhance the
performance of both models.

2.6.3. Data Preparation

Before training the FFNN or RNN, the input data must undergo preprocessing [36].
The inputs are normalized for both networks using the following standardization formula:
x p—

Xscaled = p l’l’ 1)

where yu represents the mean of the input variables and o denotes their standard deviation.
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Although this normalization step is sufficient for training the FFNN, the RNN re-
quires an additional preparation step: sequencing the input variables. This step structures
the data into temporal sequences, enabling the RNN to capture patterns over time and
develop an internal representation of the expected behaviour of the experiments. This
sequencing enhances the RNN’s ability to model temporal dependencies and improves
predictive performance.

2.6.4. Model Evaluation

The performance of the models was analysed using key metrics such as the MSE, the
mean absolute error (MAE), and the coefficient of determination (R?). These metrics provide
complementary insights into the performance of the model. MSE quantifies the average squared
differences between true and predicted values, penalizing larger errors more heavily than
smaller ones. MAE measures the average absolute difference between true and predicted values,
treating all deviations equally, providing a more intuitive interpretation of the average error
magnitude compared to MSE. The coefficient of determination (R?) explains the proportion of
variance in the true values captured by the model. The mathematical formulations of these error
metrics are provided in Equations (2)—(4):

1 R
MSE = Y (v — i) 2)
i=1
1 & .
MAE = =) |y — i, (©)
ni3
n A N2
R2:1— Zi:l(yi—yi)ZI (4)
Y (vi—7)

where 7 is the total number of data points, y; represents the true values, and j; denotes the
predicted values. For R?, § is the mean of the true values.

These metrics were tracked over the training epochs to evaluate the convergence of
the model and to detect potential issues such as overfitting, where the model performs well
on training data but poorly on validation data, or underfitting, where the model fails to
capture the underlying data patterns.

Figure 6 illustrates the training and validation performance of the FFNN and RNN in
predicting both the pressure and the flow rate. As shown in Figure 6b, the RNN model for
pressure prediction demonstrates superior convergence and generalization compared to
the FFNN model (Figure 6a). The RNN achieves training and validation MSEs of 0.0064
and 0.0093, respectively. Furthermore, MAE stabilizes at 0.04, and the R? score reaches
0.99, indicating strong predictive performance. In contrast, FFNN achieves a training MSE
of 0.01 and a validation MSE of 0.0108, with a final R? score of 0.98. Although the FFNN
demonstrates reasonable accuracy, the RNN consistently achieves lower errors and faster
convergence compared to the FENN. For flow rate prediction, the FENN outperforms the
RNN in terms of error metrics, achieving training and validation MSEs of 0.031 and 0.034,
respectively, along with an MAE of 0.0823 and an R? score of 0.967. In contrast, the RNN
converges to training and validation MSEs of 0.049 and 0.052, with a final MAE of 0.115 and
an R? score of 0.9485. However, Figure 6¢ reveals that the validation MAE of FFNN exhibits
spikes caused by fluctuations in the validation MSE, which increases while the training MSE
decreases. This instability suggests overfitting and poorer generalization. In contrast, the
RNN model (Figure 6d) achieves a final test MSE of 0.049, closely aligned with the training
MSE, and an MAE of 0.1156. Unlike the FFNN, the RNN does not exhibit significant
fluctuations in validation metrics, indicating better generalization and robustness. Overall,



Appl. Sci. 2025, 15, 4933 110f 22

the evaluation suggests that the RNN model is better suited for this task, as it demonstrates
superior generalization and stability across both prediction tasks.

1 N 10 |
5 5
g 05 . £ 05| .
= =
0 1 U i
| | | | | | | | | | | |
0 02 04 06 08 1 12 0 1000 2000 3000 4000
Epoch 104 Epoch
—— MSE training —— MSE validation —— MSE training ~ —— MSE validation
— MAE —R? — MAE — R?
@) (b)
1t — . 1 i
g 8
g 05| . £ 05 |
= =
0r a 0L -
| | | | | | | |
0 0.5 1 1.5 2 0 500 1000
Epoch 104 Epoch
—— MSE training —— MSE validation —— MSE training ~ —— MSE validation
— MAE —R? — MAE — R?

(0) (d)

Figure 6. Error metrics MSE, MAE, and R? for training and validation data during training of pressure
and flow models. Figure (a,b) represent FENN and RNN models for pressure prediction, respectively,
while (c,d) depict FFNN and RNN models for flow prediction.

3. Results

To evaluate the model, several key points must be addressed. In Figure 7, the true
pressure values of an experiment are shown, revealing significant fluctuations in the
pressure trend Figure 7a. To fairly assess the prediction error, we first calculated a moving
average (MA) and standard deviation (STD) for the experiments, as described by the
following equations:

t
MA(f)=% Y x, (5)
i=t—n+1
SID = , | — Zt: (xi — MA(t))?, (6)
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where 7 is the size of the averaging window, x; represents the data points, and 7 is the
number of data points.
Next, a 90% confidence interval (CI90%) is defined using the calculated STD:

CI90 = MA £z - STD, 7)

where z = 1.645 is the z-score corresponding to the 90% percentile. This interval is used to
assess how many predictions fall within the CI90%.

By applying these equations to the experiments, an averaged line is obtained with
upper and lower bounds, which represent the fluctuations in pressure and flow rate, as
shown for the pressure in Figure 7b. This was applied for the flow rate in the same manner.

In addition to MSE and RMSE, the relative L2-norm (RL2N) is also used to estimate
the percentage error relative to the total magnitude of the experiments. It is defined as

RMSE = % Z(yi —1i)% (8)

’f’: ( A A.)Z
RL2N = V=TI 0, )

A/ i1 yiz

where y; represents the true values and 1j; represents the predicted values. In order to

obtain an idea of the deviation of points in regards to the CI90% bounds, the L2-norm
bound (RL2N-B) is introduced and is defined as

n 2 (.
RLON-B — (| Zi=1 &) 440 (10)

ing f2(xi)
IR if () € B0 uGl )
min ((f(x;) = 1(x;)?, (f(x;) = w(x:))?), if f(x;) & [1(x7), u(x7)]-

where €2 (x;) represents the squared error for the value x;. It is zero if the predicted value
f(x;) lies within the confidence band [I(x;), u(x;)] defined by a lower and upper bound.
Otherwise, €% (x;) is computed as the square of the minimum distance between f(x;) and
the nearest bound of the confidence interval. This formulation ensures that only deviations
outside the tolerated range contribute to the total error. The RL2N-B metric thus quantifies
how far and how often the prediction violates the expected confidence bounds, rather
than simply measuring deviation from a reference value. This is particularly useful in
scenarios where predictions are allowed to vary within a known uncertainty band and
should only be penalized when they exceed those limits. The denominator Y™ ; f(x;)
serves as a normalization factor, representing the total squared magnitude of the reference
values f(x;). This allows the error to be interpreted as a relative percentage of the baseline
signal, enabling fair comparisons across datasets or scales while maintaining a focus on
confidence-aware model performance.

Last but not least, the percentage of points inside the CI90% bounds (PIB) is also used
for evaluation.

In this section, two experimental datasets are considered: Table 2, which contains
experiments used for training and validation (split as 80%/20%), and Table 3, which
contains completely unknown experiments, including one with an unknown concentration
to the model.
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Table 2. Experiment data with diverse configurations and filter cycles. The experiment is partially

known to the model since it was split into 80% training and 20% validation data.

Experiment Concentration [g/L]  Filter Plate Number  End Pressure (bar) Cycles
1 12.5 2 10 2
2 12.5 2 10 7
3 12.5 2 10 35
4 12.5 2 10 36
5 6.25 2 8 29
6 25 2 10 23
7 12.5 1 10 4
8 12.5 3 10 2
9 12.5 2 10 5
10 25 1 10 24
11 25 3 10 25
12 25 4 10 26
Table 3. Experiment data with diverse configurations and filter cycles. The experiments are com-
pletely unknown to the model.
Experiment Concentration [g/L]  Filter Plate Number  End Pressure (bar) Cycles
1 val 6.25 2 10 24
2 val 12.5 2 10 30
3val 12.5 2 10 11
4 val 12.5 2 10 10
5 val 12.5 2 10 9
6 val 12.5 3 10 6
7 val 15 2 10 7
8 val 15 2 10 8
10| 7 10 7

Pressure [bar]
v
I

Time [s]

(a)

|
0 100 200 300 400 500

Pressure [bar]
wl
T

|
0 100 200 300 400 500

Time [s]

(b)

Figure 7. Depicted is the RAW data of a pressure trend in (a) and the MA pressure trend in (b) with

CI90% bounds.

3.1. Pressure Prediction

Partially known data

The model demonstrated a strong reliability for pressure prediction in partially known

experiments, as illustrated in Figure 8, which compares measured (M) against predicted (P)

trends. For experiments with varying filter cycles (Exp-1 to Exp-4, Figure 8a), the predicted

pressure profiles closely matched the measured values, with minor deviations observed at

higher pressures during later stages. Similarly, experiments with varying concentrations
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(Exp-5, Exp-3, and Exp-6, Figure 8b) showed high accuracy, although Exp-5 exhibited less
precision at maximum pressures due to the absence of training data for a concentration
of 6.25 g /L. Figure 8c,d highlight the model’s consistency across different configurations,
with slight discrepancies near peak pressures. Quantitative metrics are summarized in
Table 4. The errors for partially known experiments ranged from MSE 0.006 to 0.178, RMSE
0.103 to 0.352, and RL2N 1.7% to 9.8%. The best performance was observed in Exp-5 (RL2N
0.17%, PIB 97%), while Exp-6 had the highest error (RL2N 9.8%, PIB 64%). Overall, the
model achieved an average MSE of 0.048, RMSE of 0.185, and RL2N of 5%, with 82% of
the predictions falling within CI90% bounds and minor deviations for the remaining 18%.
The pressure drop around 230 seconds in Exp-6 (Figure 8d) illustrates the model’s ability
to follow expected trends despite limited training data for configurations with three or
four plates.
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| | | | | | |
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— Exp-3-M - - - Exp-3-P — Exp-6-M - - - Exp-6-P
— Exp-4-M - - - Exp-4-P

(@) (b)
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(6} ]
T
|
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(9 (d)

Figure 8. Comparison of measured (M) and predicted (P) pressure values for the experiments from
the Table 2. (a) shows the increase in operation time with higher cycle number. (b) shows the increase
in operation time with different concentrations and similar filter cycle. (c,d) show the operational
time with different numbers of filter chambers.
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Unknown experiments

For unknown experiments, the performance of the model was satisfactory, as shown in
Figure 9. The errors for unknown experiments, detailed in Table 5, ranged from MSE 0.100 to
0.838, RMSE 0.317 to 0.915, RL2N 9.9% to 28.2%, and PIB 64% to 20%. Exp-6-val showed the
best performance, supported by training data from a similar experiment (Exp-8). In contrast,
Exp-1-val exhibited the highest errors due to limited training data at 6.25 g/L and narrow
filtration cycle ranges (Figure 9b). Despite these challenges, the model interpolated effectively in
experiments with unfamiliar filtration cycles, such as Exp-4-val, achieving good results both
qualitatively and quantitatively. Figure 9a highlights deviations at the start and between 260 and
280 s, corresponding to common pressure drops during filtration. Experiments with unknown
concentrations (e.g., Exp-7-val and Exp-8-val at 15 g/L, Figure 9¢) further demonstrate the
generalization capabilities of the model. In general, the mean errors for unknown experiments

were MSE 0.403, RMSE 0.605, RL2N 18.4%, and PIB 49.13%, with minimal deviations outside
CI90% bounds (RL2NB 8.2%).

10 -
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Time [s] Time [s]
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T T
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o
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v
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Figure 9. Comparison of measured (M) and predicted (P) pressure values for the experiments
listed in Table 3. (a) illustrates the increase in operational time with a higher number of filter cycles.
(b) depicts the increase in operational time for different concentrations while maintaining similar filter
cycles. (c) demonstrates the variation in operational time with differing numbers of filter chambers.
(d) presents the prediction for an unknown concentration of 15 g/L.
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3.2. Flow Rate Prediction
Partially known data

The model performed well for flow rate predictions, closely aligning with the experi-
mental setups, as illustrated in Figure 10. The maximum flow rates showed expected trends,
such as declines with increasing filter cycles (Figure 10a) and concentrations (Figure 10b).
The predictions for varying filter chamber numbers (Figure 10c,d) also matched measured
values qualitatively. Quantitative errors for partially known experiments, summarized in
Table 4, ranged from MSE 0.339 to 2.150, RMSE 0.582 to 1.466, and RL2N 6.2% to 16.7%,
with 77% to 89% of predictions within CI90% bounds. Deviations were linked to specific
anomalies. For example, Exp-3 showed initial discrepancies due to clogging, which nor-
malized post-clogging. Exp-5 achieved the best results, closely followed by Exp-12. As
seen in Figure 10b, the significant deviation of Exp-5 at the start reflects challenges in initial
phase predictions.

Unknown experiments

For unknown experiments, the prediction errors, detailed in Table 5, were higher, with
averages of MSE 8.229, RMSE 2.772, RL2N 15.4%, and PIB 52.25%. The worst predictions
were in Exp-2-val, where initial trends deviated strongly (Figure 11a,b) due to limited
training data for higher flow rates (7 dm®/min). In contrast, Exp-6-val performed best,
with deviations confined to the end of the filtration process, caused by sensor limitations
below 5 dm> /min. Experiments at unknown concentrations (15 g/L, Exp-2-val and Exp-3-
val) achieved acceptable results, with MSE 4.876 to 9.649, RMSE 2.208 to 3.106, RL2N 12.7%
to 17.9%, and PIB 63% to 45%. Figure 11c illustrates the model’s ability to approximate
overall trends despite missing knowledge for certain configurations.

Table 4. Prediction errors for experiments in the validation and training sets, evaluated for both
pressure and flow rate. Metrics include MSE (mean squared error), RMSE (root mean squared error),
RL2N (relative L2 norm error), RL2N-B (relative L? norm error with respect to CI90 bounds), and PIB
(percentage of points within bounds).

Pressure Flow Rate
Experiment oo RMsg  RE2N RI2N-B - pip 0 vsE RMSE RN RLIN-B - b o)
[%] [%] [%] [%]
1 0.041 0.202 4.6 0.5 96 4.955 2.226 13.4 53 50
2 0.011 0.103 2.6 0.1 98 3.868 1.967 9.8 2.3 64
3 0.041 0.202 4.1 1.3 74 2.150 1.466 16.7 10.6 77
4 0.036 0.190 3.7 0.9 75 0.468 0.684 8.4 34 69
5 0.006 0.075 1.7 0.3 97 0.339 0.582 6.2 2.6 89
6 0.178 0.421 9.8 4.7 64 1.413 1.189 10.2 3.6 62
7 0.013 0.114 2.7 0.2 98 2.905 1.704 9.2 3.3 60
8 0.045 0.211 5.8 24 76 3.953 1.988 9.1 49 91
9 0.008 0.088 22 0.0 100 3.934 1.983 8.5 1.6 77
10 0.038 0.196 4.1 0.5 86 0.984 0.992 9.9 2.7 66
11 0.066 0.257 6.7 2.3 75 1.082 1.040 7.0 3.1 93
12 0.124 0.352 9.2 4.8 71 0.914 0.956 6.1 3.1 98
Mean 0.048 0.185 5.0 1.8 82 2.579 1.545 9.3 3.7 74
Table 5. Prediction errors for experiments completely unknown to the model, evaluated for both
pressure and flow rate. Metrics include MSE (mean squared error), RMSE (root mean squared error),
RL2N (relative L2 norm error), RL2N-B (relative L2 norm error with respect to CI90 bounds), and PIB
(percentage of points within bounds).
Pressure Flow Rate
Experiment ;qp RMSE RL2N  RL2N-B pip 10 MSE RMSE RL2N  RL2N-B pyp o)
[%] [%] [%] [%]
1-val 0.838 0.915 28.2 15.8 20.00 10.281 3.206 18.0 6.7 50.00
2-val 0.709 0.842 242 11.9 46.00 12.593 3.549 20.9 7.8 35.00
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Table 5. Cont.
Pressure Flow Rate
Experiment MSE RMSE RI;ZN RL%N-B PIB [%] MSE RMSE RI;ZN RL%N-B PIB [%]
[%] [%] [%] [%]
3-val 0.250 0.500 16.1 5.9 47.00 13.845 3.721 20.9 5.1 55.00
4-val 0.171 0.414 13.3 4.3 54.00 1.737 1.318 6.6 13 84.00
5-val 0.488 0.699 22.3 13.1 52.00 6.323 2.515 13.5 3.7 37.00
6-val 0.100 0.317 9.9 2.9 64.00 6.531 2.555 12.6 5.7 49.00
7-val 0.273 0.523 16.8 7.1 54.00 4.876 2.208 12.7 2.8 63.00
8-val 0.397 0.630 16.4 4.8 56.00 9.649 3.106 17.9 5.4 45.00
Mean 0.403 0.605 184 8.2 49.13 8.229 2.772 154 4.8 52.25
T
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Figure 10. Comparison of measured (M) and predicted (P) flow rate for the experiments from Table 2.
(a) shows the reduction in the flow rate with higher cycle numbers over the pressure. (b) shows the
reduction in the flow rate with different concentrations and similar filter cycles over the pressure.
(c,d) shows the flow rate with different numbers of filter chambers over the pressure.
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Figure 11. Comparison of measured (M) and predicted (P) flow rate for the experiments listed in
Table 3. (a) illustrates the reduction in flow rate with a higher number of filter cycles. (b) shows the
reduction in the flow rate with different concentrations and similar filter cycles over the pressure.
(c) shows the increase in flow rate with different numbers of filter chambers. (d) presents the
prediction of the flow rate for an unknown concentration of 15 g/L.

3.3. Current Limitations and Future Work

While the presented approach demonstrates strong performance and accurate predic-
tions within the tested setup, several limitations remain that offer opportunities for further
enhancement of the model’s robustness and generalizability.

*  Material specificity: As described in Section 2.1, all experiments were carried out using
a single suspension, perlite, to ensure consistent results. However, other suspensions
such as kieselgur exhibit significantly different behaviours due to their high porosity
and fluid retention characteristics. This may affect the direct applicability of the
current model to a broader range of materials.

¢ Limited scalability: The experiments were performed using a chamber filter press
with a plate size of 300 mm. While the current model has shown that it can adapt
to different configurations if such setups are included during training, its ability to
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generalize to presses of different sizes remains dependent on the diversity of the
training data. Without sufficient variation, scaling the model to untested press sizes or
configurations may be less reliable.

e Hardware dependency: The predictive accuracy of the model is influenced by the
mechanical state of the system. Irregularities, such as inefficiencies in the membrane
pump, leaks, or hardware degradation, can affect performance and introduce noise
into the training data. If such anomalies remain undetected, they could gradually
influence model performance.

To address these limitations, future work will focus on expanding the dataset to
include a wider variety of suspensions, operating conditions, and press configurations.
Thanks to the installed sensor setup from Section 2.5, the experimental data is continuously
collected and stored in a central database, allowing automatic model updates as new
operational scenarios arise. Incorporating anomaly detection and additional sensor types
can further improve resilience to hardware-related issues. Ultimately, a more diverse and
representative dataset is expected to not only improve model accuracy but also enhance
its ability to generalize to unseen scenarios. In addition, we will explore whether it is
possible to normalize relevant features and upscale the existing model to different filter
press sizes without requiring retraining from scratch. Furthermore, the use of physics-
informed neural networks incorporating domain equations such as the Darcy law will be
explored, particularly for modelling porous materials such as kieselgur, where fluid—-solid
interactions play a more dominant role.

4. Conclusions

This study introduces a novel ML-based DT framework to sustainably predict key
operational parameters of chamber filter presses, specifically pressure and flow rates. The
framework was evaluated using two datasets: one for training and validation, and another
with unknown experimental configurations.

Summary of evaluation:

*  Pressure prediction (training and validation): Overall, MSE was 0.048, RMSE was
0.185 and RL2N was 5.0%. Deviation from the CI90% bounds was 1.8%.

. Flow rate prediction (training and validation): Overall, MSE was 2.579, RMSE was
1.545 and RL2N was 9.3%. Deviation from the CI90% bounds was 3.7%.

*  Pressure prediction (unknown data): Overall MSE was 0.403, RMSE was 0.605 and
RL2N was 18.4%. Deviation from the CI90% bounds was 8.2%.

e  Flow rate prediction (unknown data): Overall MSE was 8.229, RMSE was 2.772, and
RL2N was 15.4%. Deviation outside CI90% bounds was 4.8%.

The comparison of RMSE and MSE values suggests fewer significant errors and more
frequent small deviations in flow rate predictions. Furthermore, the model’s ability to
interpolate between known configurations (e.g., 12.5 g/L and 25 g/L) to approximate
unknown configurations (e.g., 15 g/L) highlights its practical utility, even in cases with
limited training data. However, errors for specific configurations, such as 6.25 g/L, indicate
that broader training datasets should be considered in future studies to further enhance
performance in edge cases.

This DT framework, which integrates real-time data and predictive analytics, repre-
sents a significant step forward in optimizing chamber filter press operations. By accurately
forecasting pressure and flow rates and estimating the lifespan of the filter medium, the
system enables more efficient process control, reduces downtime, enhances resource uti-
lization, and supports sustainable practices. The model can be adopted by operators in
industrial filtration settings such as mining, wastewater treatment, and pharmaceuticals,
where data-driven optimization is essential. It is particularly suited for applications in-
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volving repetitive, measurable processes that benefit from predictive maintenance and
efficiency improvements. Future work will focus on expanding the diversity of operational
scenarios, improving prediction accuracy for sparsely trained configurations, and further
refining the model’s adaptability to evolving industrial conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

Al artificial intelligence

AR augmented reality

CI90 90% confidence interval

CFD computational fluid dynamics
CNN convolutional neural network
DT digital twin

FFNN feedforward neural network
GRU gated recurrent unit

LBM Lattice Boltzmann method
LSTM long short-term memory

MA moving average

MAE mean absolute error

M measured

MSE mean square error

ML machine learning

NN neural network

NTP network time protocol
OPCUA open platform communications unified architecture
P predicted

PIB point inside bounds

PTP precision time protocol

ReLU rectified linear unit

RL2N relative L2-norm

RL2N-B  relative L2-norm bounds
RMSE root mean square error

RNN recurrent neural network

STD standard deviation
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