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Abstract

Wall slip refers to the phenomenon where particles in a suspension move away
from the boundary wall, creating a thin liquid-rich layer nearby. This occurrence
can significantly affect rheological measurements, notably viscosity, shear stress,
and shear rate. Suspensions find widespread use in various industries such as
food processing, personal care products, pharmaceuticals, paints, medicine, and
agrochemicals. Predicting the actual shear rate traditionally proves challenging, time-
consuming, and cost-intensive. Hence, there's a pressing need for a computational
model to perform this task with acceptable accuracy. Leveraging the precise input-
output mapping capability of recurrent neural network (RNN), it was employed to
develop a model for the actual shear rate prediction. Evaluation of these models
through statistical analyses reveals that RNN model Il outperforms others, boasting
the highest coefficient of determination (0.9998), lowest mean squared error
(0.000721), root mean squared error (0.001361), most negative Akaike information
criterion (-18646.3), Bayesian information criterion (-18635.9), and the smallest
percentage error (15%). This developed model provides an alternative means to
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1.0 INTRODUCTION

Rheology, a branch of physics concerned with the flow of
matter, encompasses various intriguing phenomena such as
shear-induced migration, pattern formation, and notably, wall
slip, which is the primary focus of this study. Wall slip occurs
in two-phase or multiphase flow systems where suspended
particles migrate away from solid wall boundaries, leaving a
thin liquid-rich layer nearby (Agrawal et al., 2023; Ali et al.,
2022; Yan et al., 2022). This phenomenon, characterised by
a low-viscosity layer, facilitates fluid particle movement along
the boundaries. Consequently, rheological measurements
such as viscosity, shear rate, and shear stress are significantly
influenced (Ahuja & Singh, 2009; Chin et al., 2019a; Chin et
al., 2020).

Laboratory experiments have explored factors influencing
wall slip. Research indicates that particle size affects wall slip
velocity, with larger particles leading to increased slip velocity
due to steric hindrance (Deng et al., 2021; Deng et al., 2022).
Concentration and temperature also play significant roles, with
lower concentrations and higher temperatures correlating with
increased wall slip velocities (Akter & Desai, 2018; Barnes,
1995; Chen et al., 2008; Jana et al., 1995).

Determining the actual shear rate for suspensions
experiencing wall slip is currently a laborious and costly task,
necessitating a mathematical model to accurately predict
rheological behavior under such conditions. Given the rise
of artificial intelligence (Al), particularly the effectiveness of

recurrent neural network (RNN) approaches in diverse fields,
employing RNN for shear rate prediction is logical (Deng, 2019;
Lai et al., 2022; Loh et al., 2021). This study aims to develop
a computational model for predicting actual shear rates in
rheological systems affected by wall slip.

2.0 MATERIALS AND METHODS

2.1 Data Collection
Laboratory rheological experiments were undertaken to
gather initial data in preparation for the model development.
The samples tested involved a mixture of poly(methyl)
methacrylate (PMMA) and glycerine. To ensure the reliability
of the experimental data, the standard procedures were strictly
adhered (Ahuja & Singh, 2009; Chin et al., 2018; Yoshimura &
Prud’homme, 1988). Initially, both PMMA particle and glycerine
densities were set at 1300 kg/m? (Chin et al., 2018; Shaliza et
al., 2015). This choice aimed to achieve a neutrally buoyant
suspension and prevent density discrepancies that could affect
result accuracy (Ahuja and Singh, 2009; Buscall et al., 1993).
Rheological tests were carried out using a rheometer
equipped with a 50 mm diameter parallel plate, with gap heights
of 0.75 mm and 1.0 mm. The experiments encompassed six
different volumetric concentrations (40%, 45%, 48%, 50%, 52%,
and 55%), five temperatures (15°C, 25°C, 35°C, 45°C, and 55°C),
and three particle sizes (18 ym, 75.3 ym, and 195.5 ym).
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Recurrent neural network (RNN) is a type of deep learning
artificial intelligence approach. Its outstanding uniqueness
is its ability to handle long sequences of input data. Among
the available RNN types, long short term memory (LSTM)
was selected to train the model in this research study. LSTM
is considered as an advanced RNN because of its ability to
solve the vanishing gradient problem in normal RNN through
its special structures, known as gates (Gers et al., 2000;
Hochreiter & Schmidhuber, 1997; Le et al., 2015).

Similar to the other types of artificial neural networks, RNN
consists of three layers which are input layer, hidden layer, and
output layer. Among layers, the design of the hidden layers is
the most essential as it plays a role as the computational part
in a neural network. Mean squared error (MSE) was fixed as
the loss function in this research study. A loss function is
a measure of how good a prediction model does in terms of
being able to predict the expected outcome. MSE is the sum of
squared distances between the target variable and predicted
values and it is the most commonly used regression loss
function (Liu & Sullivan, 2019; Yu et al., 2018). On the other
hand, Adaptive Moment Estimation (Adam) optimiser was
assigned as the optimisation algorithm. It is an optimisation
algorithm that can be used instead of the classical stochastic
gradient descent procedure to update network weights iterative
based on training data. It is well suited for problems that are
large in terms of data and parameters, straightforward to
implement and computationally efficient (Liu & Sullivan, 2019;
Ruiz et al., 2019).

In addition, the selection of parameters such as learning
rate, batch size and activation function is considerably important
in designing the architecture of RNN model. Thereby, trial-and-
error method was applied to determine the combination that
provides the best performance in term of model accuracy.
Figure 1 displays the architecture of RNN model.
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where n is the number of data pairs, x is the observed
variable, y is the predicted variable, K is the number of model
parameters (the number of variables in the model plus the
intercept), L is maximised likelihood, and RSS is residual sum
of squares.

3.0 RESULTS AND DISCUSSION

3.1 RNN Models Evaluation

A total of 9000 datasets were gathered from rheological
tests. Among these, 7200 datasets (equivalent to 80% of the
total) were allocated for training the RNN model, while the
remaining 1800 datasets were set aside for testing purposes.
Previous studies suggest that the typical range for training data
percentage lies between 60% to 80% (Akter & Desai, 2018;
Alimissis et al., 2018; Zhang et al., 2018). In this instance, the
upper limit was chosen to facilitate the models in capturing the
most comprehensive input-output patterns.While designing the
architecture of RNN, the choice of the parameters such as batch
size, learning rate and activation function in recurrent layer play
an important role to achieve a presentable output. Under such
a circumstance, a series of RNN models which differ in term of
the above-mentioned parameters were developed. However,
only the selected models (as shown in
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o Shear stress

Table 1) were discussed in this section.
The statistical performance of each
RNN model was presented in Table 2.
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From Table 2, the developed RNN
models were evaluated using R?
MAE, RMSE, AIC and BIC. Among the
examined models, the highest recorded
R? value is 0.9998. Such a value which
is approximate to 1 which reflects that
there is a very strong relationship
between the predicted value and actual
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Figure 1: Architecture of RNN

2.3 Statistical Analyses

The effectiveness of all the constructed models was evaluated
through a range of statistical analyses, including the coefficient
of determination (R?), mean absolute error (MAE), root mean
squared error (RMSE), percentage error (% error), Akaike
information criterion (AIC), and Bayesian information criterion
(BIC). These analyses aimed to assess the models' suitability
in accurately predicting the actual shear rate for suspensions
under wall slip conditions (Chin et al., 2019a).

value. On the other hand, it is noticed
that the MAE and RMSE values show
a decreasing from model | to model Il and then the trend was
turned over after model Ill, meaning that the performance of
the model Ill is the best in term of MAE and RMSE among
the investigated RNN models. AIC is defined as analysis to
determine the relative quality of a statistical model for a given
set of data. In other words, it is a measure of the goodness of
fit of an estimated statistical model. Meanwhile, BIC is a type
of model selection among a class of parametric models with
different numbers of parameters. According to the general rule,
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the model with a more negative AIC and BIC values is more
favourable as the estimated values are considerably well-suited
to the developed model. The model that meets the criterion is
model Ill. Both of its AIC and BIC values is the most negative,
showing that the predicted value fit the best in model IlI.

Table 1: Parameters combination corresponding
to each RNN model

Models | Epoch | Batch | Learning Activation Function in
Size Rate Recurrent Layer
| 256 20 0.000010 RelLu
Il 256 20 0.000010 Sigmoid
11 256 20 0.000010 Tanh
v 256 40 0.000010 Tanh
\Y 256 20 0.000100 Tanh
\ 256 20 0.000001 Tanh
Table 2: Statistical performance of each RNN model
Models R? MAE RMSE AIC BIC
| 0.8972 | 0.026321 | 0.039757 | -6497.5 | -6486.5
Il 0.9737 | 0.011739 | 0.016056 | -9761.6 | -9750.6
1 0.9998 | 0.000721 | 0.001361 | -18646.3 | -18635.3
\Y 0.9873 | 0.008391 | 0.011412 | -10990.7 | -10979.7
\ 0.9613 | 0.017883 | 0.022510 | -8545.3 | -8534.3
\ 0.8532 | 0.029563 | 0.040982 | -6388.3 | -6377.3
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Figure 2: Percentage error of the respective dataset
corresponding to each RNN model

Percentage error is another important indicator to evaluate
the performance of a mathematical model. The smaller
the percentage error, the better the performance of the
computational model. In other words, a low percentage error
describes a more accurate prediction. Figure 2 shows the
percentage error with respect to each dataset corresponding
to each RNN model while Figure 3 exhibits the maximum
percentage error of each RNN model. In sum, most of the
models display a wide range of percentage error with a
maximum percentage error approximates to 75% or even
higher, indicating that the predicted value from the models
has a huge difference with the actual value. However, the only
and one model which does not follow such trend is model III.
It shows an outstanding performance in terms of percentage
error where the percentage error of all its predicted dataset fall
within the range of +15%, meaning that the model can achieve
at least 85% of accuracy. At the same time, its maximum
percentage error is recorded at 15%, showing that the degree
of difference between the observed and predicted value is
considerably low.
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Figure 3: Maximum percentage error for each RNN model

Therefore, with such outstanding performance as discussed
above, the highest R? value of 0.9998, lowest MAE value of
0.000721 and RMSE value of 0.001361, most negative AIC
value of -18646.3 and BIC value of -18635.3 and smallest
maximum percentage error of 15%, model Il has become the
prior choice among the examined RNN models.

3.2 Models Comparison
In a previous study, a multilayer perceptron neural network
(MLP-NN) (Chin et al., 2019b) model and radial basis function
network (RBFN) (Chin et al., 2023) were developed to predict
actual shear rates. However, there is still considerable room for
improvement to achieve a higher level of prediction accuracy.

In this section, the best-performing RNN model was
compared with the MLP-NN model (Chin et al.,, 2019b) and
RBFN (Chin et al., 2023) using a series of statistical analyses,
including coefficient of determination, mean absolute error, root
mean squared error, Akaike information criterion, Bayesian
information criterion, and percentage error.

As depicted in Table 3, a significant improvement is evident
across all evaluated aspects when comparing the MLP-NN
and RBFN models to the RNN model. Firstly, in terms of MAE

1EM Journal — The Institution of Engineers, Malaysia (Vol. 86, No. 4, December 2025)



APPLICATION OF RECURRENT NEURAL NETWORK IN ACTUAL SHEAR RATE PREDICTION UNDER WALL SLIP PHENOMENON

and RMSE errors, the RNN model exhibits the lowest values,
followed by the RBFN model and then the MLP-NN model,
indicating that the RNN model can generate more accurate
outputs. Similarly, a comparable trend is observable from the
perspective of AIC and BIC. The most negative values are
observed in the RNN model, suggesting that the predicted
output fits better in the RNN model compared to the MLP-NN
and RBFN models.

Lastly, in terms of percentage error, which is a crucial
indicator in Al prediction model development, the error, as
shown in Figure 4, has improved from the previously developed
MLP-NN model (75%) and RBFN model (53%) to RNN model
(15%). In other words, the maximum percentage error has
been significantly reduced, with the RNN model achieving a
substantial improvement of around 40%.

Table 3: Comparison of the best-performed model
corresponding to each Al technique

Model MLP-NN RBFN RNN
(Chin et al. 2019b) | (Chin et al., 2023)
R? 0.9967 0.9998 0.9998
MAE 1.146804 0.001058 0.000721
RMSE 1.652898 0.001447 0.001361
AlC -7657.3 -18426.5 -18646.3
BIC -7646.4 -18415.5 -18635.9
Max. % Error 75 53 15
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Figure 4: Maximum percentage error with respect to each model

4.0 CONCLUSION

The primary objective of this research study is to assess the
suitability of RNN approaches in constructing mathematical
computational models capable of accurately predicting real-
life outputs. When designing the architecture of the RNN
model, selecting parameters such as batch size, learning rate,
and activation function is a crucial step. Hence, a trial-and-
error method was employed to determine the most suitable
parameters for the RNN models, aiming to achieve improved
prediction accuracy.

In this study, numerous RNN models were constructed,
and their performance was evaluated through various
statistical analyses. Among the examined RNN models,
model Il demonstrated outstanding performance. It attained
an R2-value of 0.9998, mean absolute error of 0.000721, root

mean squared error of 0.001361, Akaike information criterion
of -18646.3, Bayesian information criterion of -18635.9, and
maximum percentage error of 15%. Comparing the developed
RNN model with the MLP-NN and RBFN models from previous
literature, a significant improvement in model performance is
evident, particularly in the RNN model, where the maximum
percentage error has reduced to 15%, representing an almost
fivefold enhancement. These findings highlight the potential
for enhancing Al prediction models by implementing more
advanced approaches, leveraging their unique features to
improve overall performance.

There are some recommendations for future work. Since
the RNN has successfully improved the prediction accuracy,
it shows that an advanced machine learning model performs
better than the conventional model (MLP-NN and RBFN). So, it
should seek the possibility of integrating the RNN with different
optimisation algorithms to form a hybrid model for prediction
accuracy improvement purposes. In addition, a wider range of
datasets can be collected, by using different particle sizes and
temperatures. B
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