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In the pharmaceutical industry, model-based prediction is a crucial stage in process development that
allows pharmaceutical companies to simulate different scenarios toward improving process efficiency,
reducing costs, and enhancing product quality. Nevertheless, ensuring the quality of formulated pharma-
ceutical products through the management of raw material variations has always been a challenging task.
In this work, data-driven chance-constrained recurrent neural networks (CCRNNs) are developed to
address the issue arising from raw material uncertainty. Our goal is to explore how, by proactively incor-
porating uncertainty into the model training process, more accurate predictions and enhanced robust-
ness can be realized. The proposed approach is tested on a fluid bed dryer (FBD) from a continuous
pharmaceutical manufacturing pilot plant. The results demonstrate that CCRNN models offer more robust
and accurate predictions for the critical quality attribute (CQA)—in this case, moisture content—when

Continuous pharmaceutical manufacturing
Smart manufacturing

material variations occur, compared with conventional recurrent neural network-based models.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and

Higher Education Press Limited Company. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

As one of the most important industries in public health, with
1 trillion USD in annual sales [1], the pharmaceutical industry is
currently experiencing a drastic transformation toward more intel-
ligent and responsive processes in order to withstand rapidly
changing conditions, including unpredictable market demand,
raw material variations, environmental conditions, and the accel-
erated emergence of novel technologies. There is widespread
recognition of the importance of developing and implementing
more efficient and intelligent manufacturing processes to address
unforeseen changes and ensure high product quality and prof-
itability [2]. The primary challenge is to make manufacturing pro-
cesses more robust, flexible, and responsive in order to improve
the ability to effectively address these uncertain changes and
reduce their impact on product quality [3-6]. A variety of studies
have implemented different methodologies, such as machine
learning and artificial intelligence, to develop surrogate models
that can achieve critical quality attribute (CQA) prediction or con-
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trol while maintaining product quality. However, these studies
have not explicitly considered the presence of uncertainty in the
model training process. The objective of the present work is to
explore how, by proactively incorporating uncertainty into the
model training process, more accurate predictions with increased
robustness and a reduction in uncertainty propagation can be
realized.

Uncertainty is ubiquitous across the chemical and pharmaceu-
tical industries. As Sharifian et al. [7] have pointed out, uncertain-
ties are typically attributed to a deficiency in knowledge regarding
a specific topic or situation, which is particularly true for the phar-
maceutical industry due to complex chemical and physical reac-
tions across multiple material phases within batch and
continuous reactor units. The potential impacts caused by a lack
of consideration of uncertainty, such as inconsistent product qual-
ity, safety risks, and inaccurate testing results, have been reported
by the U.S. Food and Drug Administration (FDA; USA) [8]. More-
over, the decision-making process for design and operation is sig-
nificantly affected by the presence of uncertainties, which can lead
to suboptimal outcomes and increased unexpected risks.

For a continuous pharmaceutical manufacturing process,
surrogate-based techniques are effective methods to reduce
product variations when uncertainty and experimental noise are
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considered [9]. More recently, mathematical programming tech-
niques have been introduced to address the challenges arising from
uncertainty issues, offering positive solutions through the applica-
tion of methodologies such as data-driven modeling techniques
[10], stochastic programming [11-14], robust optimization
[15-18], chance-constrained optimization [19,20], and their data-
driven variants. In this study, data-driven chance-constrained
programming is selected to tackle material uncertainty due to
one particular advantage over robust optimization and stochastic
programming: it allows constraints to be satisfied with a user-
defined risk level or probability. This feature offers a flexible
approach to uncertainty management and facilitates a trade-off
between process reliability and operability.

Additionally, to achieve accurate model-based CQA prediction,
artificial neural networks (ANNs) have received increasing atten-
tion and been successfully applied in the pharmaceutical industry
as a cutting-edge methodology because of their ability to capture
nonlinear relationships between inputs and outputs without
knowledge of the underlying mathematical relationships [21,22].
The multilayer perceptron (MLP), as a standard feedforward ANN
model, has been widely adopted for the effective mapping of com-
plex input-output relationships [23,24], key variable predictions
[25-28], and process optimization tasks where statistical model
development is required [29-32]. It has also been applied to
develop surrogate models to investigate the prediction variance
obtained via an adaptive sampling statistical approach and to
improve the accuracy of the identified feasible region [33]. How-
ever, due to their “black box” nature, MLPs do not offer causal
explanations for events that occur within the system [34]. Further-
more, the absence of a feedback loop in MLP networks’ structure
limits their ability to model sequential or time-series data effec-
tively. Instead, recurrent neural networks (RNNs) have been pro-
posed by incorporating at least one feedback loop to enable
bi-directional signal propagation [35]; this allows the model to
learn from previous experience, exhibiting memory-like behavior
and enhancing its ability to solve dynamic problems [36]. RNNs
are usually employed to replace a dynamic process plant model
and thereby reduce the computational effort associated with the
tasks of process dynamic prediction or control [37-39]. Alterna-
tively, they are employed in the prediction of various pharmacoki-
netic parameters, such as drug absorption, bioavailability, or
distribution volume [40]. Convolutional neural networks (CNNs)
are mostly used in image recognition and computer vision [41]
because of the way they engage convolutional layers for feature
extraction [42]. CNNs have found fewer applications than the other
two in the pharmaceutical industry, where most focus is on image-
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based objectives, such as drug target interaction [43]. However,
although there are plenty of successful applications of ANNs in
the pharmaceutical industry, the presence of uncertainty in the
model training processes remains largely unexplored. The contri-
bution of this work is to investigate how, by proactively accounting
for uncertainty during the training process of RNNs, the stability
and robustness of their prediction performance can be enhanced.

In this work, the intra-particle void fraction (IVF) of lactose,
which can cause material quality variations in pharmaceutical par-
ticulate products, is considered the uncertain variable. We propose
a methodology that utilizes data-driven chance-constrained pro-
gramming to quantify uncertainty across various risk levels, inte-
grating these constraints during the training process of RNNs.
Compared with traditional RNNs, chance-constrained RNNs
(CCRNNSs) provide a framework for incorporating uncertainty into
time-series predictions and decision-making processes, making
them particularly valuable in applications where risk management
and robustness are critical. This approach enhances the standard
RNN'’s capabilities by allowing it to operate effectively under mate-
rial uncertainty, ultimately leading to improved prediction perfor-
mance and reliability.

The case study used here to test our method is the fluid bed
dryer (FBD) that is part of the tableting manufacturing process
(Fig. 1) at the Diamond Pilot Plant (DiPP) at the University of
Sheffield, from which the data were obtained. Ultimately, the pre-
diction error and violation rate of the reliability targets are
recorded as the assessment criteria for evaluating the prediction
performance of the alternative RNN models.

The remainder of this paper is structured as follows: Section 2
details the dynamic process model and sets out the key computa-
tional elements of the proposed approach. In Section 3, we test the
proposed approach on a case study from the continuous pharma-
ceutical manufacturing domain and present the results. Lastly, Sec-
tion 4 provides concluding remarks and outlines ongoing research
directions.

2. Process model and methodology
2.1. Dynamic model description

The segmented FBD (red dashed rectangle in Fig. 1) is a com-
monly employed unit in pharmaceutical industrial settings for
removing the moisture from granular materials. It has several
notable advantages, including reduced drying time, a high heat
transfer coefficient [44,45], the generation of a uniform dryness
distribution [46], and a low pressure drop. Moreover, its suitability
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Fig. 1. Flowsheet of the continuous pharmaceutical tableting process.
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extends to continuous systems, making it a versatile choice for var-
ious applications [47]. The FBD has the following processing steps:

(1) Granule feeding: Well-mixed wet granules are fed into the
FBD chamber in sequence.

(2) Hot air distribution: Hot air is blown into the chamber from
the bottom at a controlled velocity and is passed through a distri-
bution plate, which helps to evenly distribute the hot air across the
bed of granules.

(3) Fluidization: Hot air flows through the granules, which
causes them to behave like a fluid as they are lifted and suspended
in the air stream. The granules’ moisture is effectively removed and
taken away via moisture-laden air from the dryer through a filter
system.

(4) Temperature and air flowrate control: During the drying
process, the inlet air temperature and flowrate are carefully con-
trolled to ensure the granules are dried uniformly without over-
heating or becoming damaged. The FBD is designed with a
cooling zone, where cooler air is allowed to pass through the gran-
ules to bring down their temperature before discharge.

(5) Discharge: Once the drying process is completed, the gran-
ules are discharged from the FBD for further processing, such as
milling, blending, or tablet compression.

The FBD model used in this study is adapted from a study by
Burgschweiger and Tsotsas [48], to which interested readers are
directed for more details on the solid and vapor mass and energy
balance equations for the FBD model. A twin-screw granulator
(TSG) is used to mix the feeding material (lactose) and liquid bin-
der (water) to produce granules for the FBD drying process (Fig. 1).
Several output variables of the TSG process are considered as input
data for training the FBD model.

The population balance model for predicting the granule attri-
butes is described below [49]:

9 n(o,t) + 0 %
de

Oe Ex

where n(w, t) represents the granule number density function; » is
the granule volume vector; t is time; and the functions B(»,t) and
D(w,t) are utilized to denote the occurrence of particle birth and
death resulting from breakage and nucleation processes, respec-
tively. F, and Fo, correspond to the inlet/outlet flowrates in the
TSG, respectively. The platform used for the digital model imple-
mentation is gPROMS FormulatedProducts (v. 2022.1.0, Siemens,
Germany). The parameters were validated using DiPP at the
University of Sheffield, and more details can be found in Ref. [50].
There are four manipulated inputs in total: the lactose and water
flowrate feeding to the TSG, and the vapor flowrate and tempera-
ture entering the FBD. The granule moisture content (CQA) that
exits the FBD is the predicted output.

n(v,t) (1)

:| :B(v7t)_D(vvt)+Fin_Fout

2.2. Data-driven chance constraints

Compared with conventional chance-constrained program-
ming, data-driven chance-constrained programming provides
more flexibility when the underlying probability distribution of
the uncertain parameters is not explicitly given. The distribution
information can be estimated from historical process data, rather
than purely relying a predetermined probability distribution or
being based on an expert’s experience. An integral component in
applying data-driven chance constraints is the selection of a confi-
dence level, which is designed to encompass the unknown or
uncertain true distribution within a specified tolerance for the pro-
duct quality variable [20,51]. Typically, a chance-constrained pro-
gram involves a set of probabilistic constraints, as shown in Eq. (2):

P{gi(x) >0} >1~05, j=1,2,..m 2)
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where P represents the probability, and ¢; and g;(x) are the uncer-
tain input variables and functions (constraints) of the decision vari-
able x, respectively. The term (1 —o;) represents the confidence
sets, and o; is also known as the risk level of the jth constraint,
and m € N*. Eq. (2) expresses that the probability of the jth uncer-
tain variable satisfying the jth constraint must be at least (1 — ;). A
kernel density estimation approach is used to find the inverse
cumulative density function (also known as the quantile function)
of the uncertain variable used to determine a g;(x) that can satisfy
the chosen level of probability for all possible occurrences of the
uncertain variable ;. The mathematical expression of the reformu-
lation is given by Eq. (3):

g0 =F'(1-%), j=12..m ©)

where F;}_l is the quantile function. For more details, we refer inter-

ested readers to the works of Jiang and Guan [52] and Li et al. [53]
for in-depth expositions of the topic.

2.3. RNN—long short-term memory (LSTM)

Traditional RNNs are well-suited for sequence-based or time-
series data process modeling because the internal feedback loop
architecture enables the model to learn from previous experience
to give it memory-like behavior. The folded structure, which pro-
vides a concise view of information flows through the network,
and the unfolded structure, which shows the explicit connections
within the folded structure, are shown in Fig. 2, where u; and y,
represent inputs and outputs at the tth time stamp, respectively
wy, Wy, and wy are the weights associated with the connection,
and f, stands for the activation function. It should be noted that
the output y, not only takes u; as input, but also considers u; ; as
input:

Ye=Wy - f (e - Wy + Wy - fo(Wy - 1)) (4)

RNNs can be used to develop predictive models from data, but a
common pitfall in their training performance in practice [54] is the
vanishing and exploding gradient problem experienced during the
backpropagation training process [55]. The gradient vanishing and
exploding problem refers to the challenge in which gradients
either diminish significantly or grow exponentially as they are
backpropagated through long-term time steps because of the
repeated multiplication of weighting matrices in the neural net-
work architecture, leading to gradient values that either shrink to
zero or explode to extremely large values. If the gradient values
are too small, the training process becomes less effective and
time-consuming; when they are too large, the training becomes
unstable, causing difficulties in converging to the global minimum.
This issue can be effectively addressed by utilizing LSTM, a special-
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Fig. 2. The folded and unfolded structure of an RNN.
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ized RNN architecture designed to retain information over long
time periods [56], mitigating short-term memory limitations dur-
ing the training process [57].

In the LSTM structure, the cell state ¢ (Fig. 3) allows information
to flow through the entire layer while controlling the flow of infor-
mation added or removed at each time step [58]. This helps the
LSTM unit retain long-term dependencies and remember relevant
information over extended sequences, making it particularly effec-
tive for tasks involving sequential data processing. Fig. 3 illustrates
the flow of data at time t. The notations used in Fig. 3 are summa-
rized as follows:

o f;, 8 it, and o, are the forget gate, cell candidate, input gate,
and output gate, respectively;

e Uy, Ug, U;, and U, are input weights;

e Ry, Rg, R;, and R, are recurrent weights;

o by, b,, b;, and b, are bias;

e 6 and t represent sigmoid and tanh activation functions,
respectively.

The output h,, also known as the hidden state, is computed
using the following four steps:

Step 1: decide what information is to be removed from the cell
state in the forget gate f,:

J¢ = o(xUs + Rehe_ + by) (5)
where X, means inputs at time t.

Step 2: determine what new information is to be stored in the
cell state:

8 = o(xUg + Rghe 1 + by) (6)

it = T(xtUi + R,‘htfl + b,) (7)
Step 3: update the cell state c;:

Ct :ftct—l +gtit (8)
Step 4: compute the final output h,:

Ot = O'(XtU,, + Roht—l + bo) (9)

ht = Ot‘L'(Ct) (10)

LSTM blocks are linked together to construct the LSTM layer
architecture, as shown in Fig. 4, where the input is
X = [X1,X2,..,X,...,Xr], the corresponding output is
Y = [¥,Y2, Y - ¥Yr), and t denotes the time steps. It should be

Forget gate

Input/update gate
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noted that the output Y is equivalent to the hidden state h. This
LSTM layer can obtain both the full sequence output Y and the final
time step (T) output y;.

2.4. Bi-directional LSTM

Bi-directional LSTM (Bi-LSTM) is an improved version of the
LSTM architecture that incorporates both forward and backward
directions for processing sequential data. During the training,
inputs are fed into forward and backward LSTM blocks simultane-
ously to compute the hidden state and update the memory cell.
This architecture (Fig. 5) enables the layer to capture past and
future information at the same time in a single time step, thereby
enhancing its ability to capture complex dependencies in the input
sequence, which is not possible with the standard LSTM formula-
tion [59].

2.5. Overfitting

Although the LSTM/Bi-LSTM structure effectively avoids vanish-
ing and exploding gradient issues, it remains susceptible to overfit-
ting during training. To deal with overfitting, we incorporate
“dropout” layers into the neural network architecture. “Dropout”
is a widely used stochastic regularization technique in the neural
network training process [60]. At each training iteration, nodes
(neurons) are stochastically deactivated by multiplying their out-
going signals by 0, with a desired probability rate to temporarily
disable the nodes along with their connections [61]. This approach
successfully prevents a situation in which the final outputs
strongly rely on certain nodes [60,61]. Fig. 6 shows an example
of a general neural network structure graph before and after the
black node is dropped.

2.6. Proposed RNN architecture and workflow chart

Fig. 7 describes how the layers link together to form an RNN
architecture. The standard LSTM and Bi-LSTM layers are employed
together to solve long-term memory problems, as the training per-
formance shows a smaller validation root mean square error
(RMSE) value than when each layer is implemented individually
(Table 1). There are two fully connected layers engaged in the pro-
posed structure. The first one, in the middle, is used to extract
essential features and patterns from the high-dimensional output
of the Bi-LSTM layer. The second one, inserted before the output

Output gate
|

crv

() Muttiply

@ Summation

Fig. 3. An LSTM block.
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Fig. 5. Bi-LSTM structure.
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Fig. 6. Neural network structure (a) before and (b) after applying dropout.

layer, performs the prediction task that allows the layer to map the
learned features to the appropriate output values.

The workflow chart is indicated in Fig. 8. Steps 2 and 3 are
repeated to obtain datasets for the RNN model training in gPROMS
FormulatedProducts. Further details are discussed in Section 3.1.
Datasets are then exported to MATLAB (R2022b, MathWorks,
USA), where the RNN model training, validating, and testing take
place.

2.7. Prediction accuracy evaluation criteria

In this study, the RMSE is used to evaluate the RNN models’ pre-
diction accuracy performance. RMSE measures the prediction pre-
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cision by squaring the errors between the predicted value and the
observed data value to provide a positive score within [0, oo]. A
lower RMSE value indicates a closer alignment between the predic-
tion outcome and the observed data. RMSE is defined as follows:

1 n 2,

S DR A
where y; and y?‘ed represent the observed data and predicted value
of the ith sample, respectively; and n is the sample size. To provide
more direct and meaningful results, the normalized RMSE (NRMSE)
is introduced, based on the standard RMSE, and is given below:

RMSE value

min ’
i

RMSE = 1,2,---,n (11)

Normalized RMSE = i=12---,n (12)

y;'nax _
where y™* and y™" are the maximum and minimum observed out-
put values at the ith sample, respectively, and y™®* — ymin represents
the output value range. NRMSE provides a relative measure of the
error compared with the range of the data. This can be useful in
understanding the proportion of error relative to the variability in
the dataset.

Another criterion for evaluating prediction performance is the
violation rate, as defined in Eq. (13).

count(Predicting RMSE value > Accepted criteria value)

Violationrate: Ry, = -
vio Total sampled testing datasets

(13)

It is expressed as a ratio to quantify when the predicted RMSE
value exceeds the expected criterion. A lower rate value implies
better prediction performance.
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Fig. 7. RNN layers in the proposed architecture.

Table 1 Table 2
Training performance with different combinations of LSTM and Bi-LSTM layers. Input variable and boundary details.
Engaged layer Validation RMSE Training time Input variable Process unit Lower bound Upper bound Unit
LSTM only 0.088 165 min 52 s Lactose feed flowrate TSG 10 20 kg-h™!
Bi-LSTM only 0.083 182 min 29 s Binder feed flowrate  TSG 2 6 kg-h™!
LSTM + Bi-LSTM 0.071 235 min4s Vapor feed flowrate ~ FBD 280 380 m>h~!
Vapor temperature FBD 40 80 °C

* Chance-constrained programming

=

Uncertain variable boundary value determinatiorj

Inputs generation + simulation
¢ Inputs: lactose/water flowrate, vapour
temperature/flowrate, uncertain variable
boundary value

¢ Output: granule moisture content

Data collection
» Export data for neural network model

development

AN N
Repeated“L -

N Y

Data treatment
« Data selection
« Normalization

Training feature setup
Determine the learning rate, batch size,

training optimization algorithm

RNN model training

—/

Model validation
« RMSE

Prediction performance evatuation
« Accuracy comparison (RMSE)
« Violation rate

Y YY)
-

Fig. 8. Proposed workflow chart.

3. Case study
3.1. Simulation specification and data collection

The TSG and FBD model were developed in gPROMS Formu-
latedProducts. Input details for running the gPROMS model are
described in Table 2. The boundary conditions for the simulation
inputs were selected according to two perspectives:

(1) A previously published study by Ref. [50] on the TSG and
FBD of the DiPP, which is utilized in this study, focuses on deter-
mining the key parameters through a model-driven design
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approach, among other studies. For example, the powder feed rate
(10-25 kg-h™!) had a significant effect on the granule size in the
TSG, so the boundary for this variable is between 10 and 20 kg-h™'.
A higher liquid/solid (L/S) ratio leads to an increased dso and a
decreased d,o, while the granule size distribution becomes nar-
rower and more monomodal. When selecting the L/S ratio, it is bet-
ter to include broader distributed information data for RNN model
development; therefore, the boundary is chosen to be within the
range 0.1-0.6, which results in the binder feed flowrate being
maintained between 2 and 6 kg-h™'.

(2) The second perspective involves the DiPP operation limits,
such as the vapor temperature. The four segmented chambers in
the FBD are sequentially fed with wet granules from the TSG for
the setup loading time (240 s), drying time (700 s), and discharging
time (50 s) of each segment. The whole drying process simulation
time is 1650 s. High-temperature vapor is generated from the
vapor source and pumped into the bottom of the FBD. Wet gran-
ules in segments are suspended in a hot air stream, and moisture
is evaporated to the desired target during the drying process.

To capture the dynamic behavior of the system across different
temporal states, the total feeding time is divided into various time
intervals, with different input values for each interval. This allows
the model to learn how the system evolves over time and how the
inputs influence its behavior at various stages (Table 3).

In this study, we consider the lactose IVF as the only uncertain
material variable. As there is only one uncertain variable in this
problem, index j is equal to 1 in Egs. (2) and (3). The IVF value data
is collectable from the material property document and is assumed
to follow a normal distribution with a mean of 0.5 and a standard
deviation of 0.05 (N~ (0.5,0.05)). The kernel density estimation
technique is then applied to obtain the quantile function for deter-
mining the boundary values of the uncertain variable IVF at each
risk level—in other words, the probability that a randomly selected
IVF value within the specified tolerance must meet the desired
confidence levels of 90%, 95%, and 99%, respectively. The steps for
how the boundary risk level is determined are given below:

(1) Generate sample data of uncertain variable IVF values that
follow the specified normal distribution N~ (0.5,0.05) in Fig. 9(a).

(2) Apply kernel density estimation techniques to estimate the
probability density function (PDF) of the generated data.
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Table 3

Time intervals of input variables.

Input variable

Total feeding

Number of time

Duration of each

time (s) intervals time interval (s)
Lactose feed flowrate 960 16 60
Binder feed flowrate 960 16 60
Vapor feed flowrate 1600 8 200
Vapor temperature 1600 8 200

(3) Integrate the PDF to obtain the quantile function (Fig. 9(b)),
which is used to calculate the corresponding IVF values at a user-
selected risk level.

The mathematical formulation details of kernel density estima-
tion have been described in our previous work [62] and are not
repeated here for the sake of brevity.

Fig. 9(a) displays the histogram information of the uncertain
variable IVF, while Fig. 9(b) illustrates the quantile function, along
with the corresponding IVF values of 0.426, 0.407, and 0.355,
which are the values for the risk levels o = 0.1, 0.05, and 0.01,
respectively. These IVF values are set in the gPROMS digital model,
initially for dataset collection to train and test RNN models of the
FBD. It is important to note that the uncertain variable IVF does
not need to conform strictly to a normal distribution; it can follow
any type of distribution. By adhering to the computational steps
outlined above, the corresponding IVF values at each risk level
can be computed, regardless of any specific distribution of the
uncertain variable.

Three data-driven CCRNN models, one for each risk level, and
one standard RNN model are respectively developed in Table 4
(NA: not available). The model-based simulation datasets for the
training and testing of the RNN models are generated by the fol-
lowing steps:

(1) Generate 100 groups of input variables within their opera-
tional lower and upper bounds in each time interval.

(2) Set up the three boundary IVF values (0.426, o; = 0.10;
0.407, o; = 0.05; and 0.355, o; = 0.01) determined according to
Eq. (3) and one default value (IVF = 0.1 as a standard RNN model
for the purpose of comparison).

(3) Run the gPROMS simulation to get 100 training datasets for
each IVF value.

Following the above steps, we can obtain four groups of data-
sets, each containing 100 data samples. For each data sample, there
are 19 dimensions of the inputs fed to the FBD, including the vapor
inlet temperature and flowrate, lactose and granule mass flowrate,
initial granule moisture content, porosity, and 13 particle size dis-
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tributions, and one output—namely, the granule moisture content
exiting the FBD. In each group, 80% and 20% of the datasets are ran-
domly chosen for RNN model training and testing, respectively.
Further details are provided in Figs. 9 and 10. MATLAB is the digital
platform for the FBD RNN models’ training and testing.

3.2. RNN model training and testing

The RNN input sequence layer and output layer contain 19 fea-
ture neurons and one responding neuron, respectively, in accor-
dance with the input and output dimensions. The fully connected
layer in the middle of the structure has 10 neurons, which is
enough to learn the complex patterns from the input data while
reducing the overfitting risk.

Due to the lack of a universally accepted theory for selecting the
exact number of hidden units and training epochs, we decided to
try several combinations of hidden units and epochs to observe
the performance (Fig. 11). The results demonstrated that using
80 hidden units and 200 training epochs effectively minimizes
the RMSE during the training process.

Table 1 shows the training performance when different combi-
nations of LSTM and Bi-LSTM layers are applied in the structure.
We note that the validation RMSE is reduced when both the LSTM
and Bi-LSTM layers are employed in the neural network architec-
ture; however, this requires slightly more computational time
compared with using a single LSTM or Bi-LSTM layer. This is
expected because adding more layers to the RNN structure
increases the complexity of the model. Other key training features
are listed in Table 5.

Three CCRNN models and one RNN model were developed after
training and were named based on their probability confidence
levels (Table 4). The moisture content upon exiting the FBD was
identified as a CQA to be predicted using the four RNN models.

NRMSEs were computed to evaluate each RNN model’s predic-
tion accuracy and robustness in the presence of material quality
variations. Three tests using different datasets were conducted
for each respective RNN model’s moisture content prediction per-

Table 4
RNN model variants with corresponding IVF values.

Model name IVF value Confidence level/risk level
NOCC (deterministic) 0.1 (default) NA

P90 0.426 90%/10%

P95 0.407 95%/5%

P99 0.355 99%/1%

0.65
Emprical quantile function
O Risk level=0.10
0.60[ Risk level =0.05
® Risk level=0.01

0.55

IVF value
o
(%))
o

02 03 04 05 06 0.7 08 09 1.0
Probability

(b)

Fig. 9. (a) Histogram of IVF values follows a distribution N~ (0.5,0.05); (b) boundary IVF values at different risk levels.
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Table 5
Training features for the RNN models.

Training features Value/option

Mini batch size 1

Initial learning rate 0.01

Learn rate schedule Piecewise

Solver name Root mean square propagation (RMSProp)
Learn rate drop period 20

Learn rate drop factor 0.8

Regularization L2 (0.02)

Validation frequency 25

formance evaluations. The purpose of running Test 1 was to inves-
tigate the RNN model’s prediction performance on the unseen data.
Tests 2 and 3 were designed to mimic the manufacturing plant sce-
narios in which the uncertain variable—the IVF of the material—
was either unknown/random (Test 2) or conformed to a specific
distribution (Test 3), based on its typical range between 0.3 and
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0.5 in chemical manufacturing processes. Test 4 was designed to
investigate whether alternative distributed (right-skewed) IVF val-
ues with the same mean and standard deviation as in Test 3 could
impact the prediction performance of the CCRNNs. The testing data
are described below:

e Test 1: Use the 20% testing datasets (Fig. 10) generated from
each IVF value as inputs to the four well-trained RNN models
in sequence to observe each model’s prediction performance
(Fig. 12).

e Test 2: Produce 50 alternative datasets from gPROMS with 50
randomly selected IVF values between [0.1, 0.6].

e Test 3: Produce 50 alternative datasets from gPROMS with 50
distributed IVF values that follow the normal distribution
N~(0.35, 0.1) between [0.1, 0.6].

o Test 4: Produce 50 alternative datasets from gPROMS with 50
distributed IVF values that follow the right-skewed (log-
normal) distribution G~(0.35, 0.1) between [0.1, 0.6].

4. Results

Boxplots are utilized to demonstrate the Test 1 results, as illus-
trated in Fig. 13. Each boxplot shows the distribution of the mois-
ture content predicted by each RNN model visually, to make
comparison easier. To provide a more direct and meaningful pre-
diction accuracy, all RMSE values have been normalized and are
displayed as a percentage. In this case study, an acceptable value
of the RMSE percentage is when it is less than 4%. Fig. 13(a) shows
that the deterministic (NOCC) model can achieve accurate predic-
tions, indicated by all NRMSE values being less than 4% at IVF = 0.1.
This is expected, as IVF = 0.1 was utilized to generate datasets for
training the NOCC model. However, its predictive capability signif-
icantly deteriorates when applied to other groups of datasets. It
was observed that two outliers were nearly double the desired
acceptable criterion, measuring around 7%-8% when the IVF values
were 0.426, 0.408, and 0.355. Meanwhile, the median values were
very close to the desired value of 4%. These results indicate that the
NOCC model demonstrates diminished predictive accuracy in the
presence of material uncertainty.

However, Fig. 13(d) illustrates that the CCRNN model P99 has
the best prediction performance for all group datasets, as it ensures
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that the NRMSE values are consistently below 4%. The other two
CCRNN models, P90 and P95 (Figs. 13(b) and (c)), also exhibit
excellent predictive behavior across all testing datasets, being
characterized by significantly lower NRMSE percentages compared
with NOCC. Notably, when IVF = 0.100, only one NRMSE (Table 6)
slightly exceeds the 4% criteria in a total of 20 testing datasets for
P90 (5.32%) and P95 (4.4%).

The results of Test 1 imply that the CCRNN models demonstrate
greater resilience and adaptability when confronted with unfamil-
iar datasets. Consequently, they are capable of mitigating material
uncertainties to maintain the prediction performance at the
intended level. Furthermore, when compared with the NOCC
model, the CCRNNs provide relatively more accurate prediction
performance, with a lower mean NRMSE and a narrower dis-
tributed range. Further NRMSE information is given in Table 6.

In Tests 2, 3, and 4, the violation rate, defined in Eq. (13), is
employed to evaluate the prediction performance of the RNN mod-
els. It is noted that an acceptable NRMSE percentage should ideally
be below 4%, while the predicted moisture content value range
(ymax — ymin) estimated via the datasets is 0.25. Based on Eq. (12),
the RMSE value is calculated to be 0.01. In other words, if we can
maintain the predicted RMSE value at less than 0.01, the NRMSE

IVF=0.100 IVF=0.426 IVF =0.407 IVF=0.355
20% 20% 20% 20%
testing testing testing testing
data data data data

L T T 7
- 2
O o s e U8

P90 P95 P99

e e e RNN P

models

Fig. 12. Conceptual flowchart of Test 1.
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can be guaranteed to be below 4%. Therefore, for all three tests,
predicted RMSE values greater than 0.01 are counted as violations.

Figs. 14 and 15 show the RMSE histogram information of Tests 2
and 3, respectively. Both figures reveal that NOCC demonstrates
the worst prediction performance, with the highest incidence of
violations (a predicted RMSE > 0.01) among the four RNN models.
The quantitative results (Table 7) show that the violation rates pre-
dicted by the NOCC model are 32% and 34%, respectively. This
reveals the same result as Test 1, which is that the NOCC model
is unable to predict accurately if there are material variations.
The other three CCRNN models show significant reductions in vio-
lation rate compared with NOCC. P99 performs the best among the
three CCRNN models, with violation rates of only 4% and 2%, fol-
lowed by P95, which has a violation rate of 6% in both Test 2 and
Test 3. P90 is the worst among the three CCRNN models. More
quantitative details are given in Table 7.

Fig. 16 illustrates the prediction performance of datasets gener-
ated using 50 IVF values that follow a log-normal distribution (Test
4). This test is designed to investigate whether the alternative
input IVF distribution could impact the CCRNNs’ prediction perfor-
mance. From a theoretical perspective, input data that closely
resembles the training data is more likely to produce accurate pre-
diction results. This implies that, in this context, a greater number
of IVF values that fall within the boundary range established by the
chance-constrained programming based on the uncertain variable
distribution information are likely to yield higher predictive accu-
racy. Consequently, the format of the input IVF distribution may
not be the primary factor influencing moisture content predictions.
This conclusion is supported by the results of Test 4, which show
no significant changes in the violation rate when comparing the
proposed right-skewed (log-normal) distributed IVF values with
those from the normal distributed (Test 3) and the randomly
selected IVF values (Test 2). The quantified violation rate data of
Test 4 are presented in Table 7.

An investigation into the influence of various probability confi-
dence intervals on the prediction RMSE is shown in Figs. 17 and 18.
It can be seen that, as the probability risk level decreases, the pre-
dicted RMSE distribution curve becomes narrower and shifts to the
left of the x-axis. This observed shift and shape transformation
signifies a substantial enhancement in the prediction performance

CCRNN model P90

-
o

oo
T

=
o = ==
IVF=0.100 IVF=0.426 IVF=0.408 IVF=0.355

(a)
CCRNN model P99

Normalized RMSE value (%)

3 .
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Fig. 13. Moisture content prediction RMSE boxplots of four RNN models under each IVF value.

137



Q. Meng, I. David L. Bogle and V.M. Charitopoulos

Engineering 52 (2025) 129-141

Table 6
NRMSE values of RNN models’ prediction.
Model IVF Min Max Mean Model IVF Min Max Mean
NOCC 0.100 0.72% 3.92% 1.80% P95 0.100 0.68% 4.40% 2.04%
0.426 1.28% 8.32% 3.44% 0.426 0.72% 2.52% 1.56%
0.407 1.20% 8.04% 3.24% 0.407 0.68% 2.44% 1.48%
0.355 1.12% 7.08% 2.80% 0.355 0.64% 2.84% 1.44%
P90 0.100 0.32% 5.32% 2.20% P99 0.100 0.44% 3.64% 1.60%
0.426 0.36% 2.28% 0.76% 0.426 0.64% 3.24% 1.48%
0.407 0.32% 2.16% 0.80% 0.407 0.68% 3.00% 1.36%
0.355 0.32% 2.44% 1.04% 0.355 0.56% 2.24% 1.16%
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Fig. 15. Prediction performances of datasets generated using 50 normal distributed IVF values.

of the RNN models. The transition toward smaller RMSE values
indicates improved accuracy in predicting the moisture content,
while the narrowing of the distribution reveals a reduction in pre-
diction variability. As shown in Figs. 17 and 18, P99 and P95 pro-

vide a narrower RMSE distribution curve shape with smaller
RMSE values, which indicates reliable and consistent prediction
performance for both random and distributed selected IVF values.
In comparison with the CCRNN models, the RMSE predicted by
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Table 7
Violation rates of Tests 2, 3, and 4.

Engineering 52 (2025) 129-141

Model Random IVF Normal distributed IVF (Test 3) Right-skewed distributed IVF (Test
(Test 2) 4)
Violations Rate Violations Rate Violations Rate
(RMSE > 0.01) (RMSE > 0.01) (RMSE > 0.01)
NOCC 16/50 32% 17/50 34% 13/50 26%
P90 5/50 10% 8/50 16% 7/50 14%
P95 3/50 6% 3/50 6% 3/50 6%
P99 2/50 4% 1/50 2% 2/50 4%
12 NOCC 12 : P95
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Fig. 16. Prediction performances of datasets generated using 50 right-skewed (log-normal) distributed IVF values.

NOCC is highly likely to exceed 0.01 when material variation is
involved.

In summary, Tests 2 and 3 illustrate the same conclusion as Test
1: The CCRNN models demonstrate greater flexibility, resilience to
practical manufacturing-similar datasets, and more accurate pre-
diction of the CQA of moisture content compared with the general
RNN model. Test 4 demonstrates that different types of IVF value
distributions do not have a significant influence on moisture con-
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Fig. 17. RNN model prediction RMSE distribution shift using a random selection of
IVF values.
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tent prediction performance. Additionally, the RMSE violation rate
in Table 7 shows a trend of satisfying the confidence level, which
explains the correlation between CCRNN model prediction reliabil-
ity and training dataset selection. This can lead to increased relia-
bility and trustworthiness in the model’s predictions, which can
directly affect decision-making when operating a manufacturing
process, reduce the risk of unexpected outcomes, and improve pro-
cess control.
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Fig. 18. RNN model prediction RMSE distribution shift using normal distributed IVF
values.
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5. Conclusions and future work

The aim of this research was to investigate how considering
material quality uncertainty during the training process impacts
the prediction accuracy for the CQA and the overall robustness
of RNN models. The observed results revealed that, compared
with the traditional RNN model, CCRNN models offered more
robust, flexible, and accurate performance in predicting the gran-
ule moisture content of the fluid bed drying process in the pres-
ence of material quality variation. The strength of the proposed
approach is that it incorporates material variation uncertainty
into the RNN model training process through quantification using
data-driven chance-constrained programming before data
collection.

It was notable that P99 had the best performance among the
three CCRNN models, with a smaller RMSE value and a narrower
RMSE distribution curve, followed by P95 and P90. This observa-
tion explains the potential correlation between CCRNN model reli-
ability and its prediction performance, where a lower risk level
results in a lower violation rate. However, one limitation of this
method is that the distribution information of the uncertain vari-
able must be obtainable or known, although it does not have to
be a normal distribution.

This study explored a single uncertain material variable in the
training of RNN models. Future work will focus on investigating
more complex scenarios associated with multiple uncertain vari-
ables, including process parameter uncertainty and uncertainty
in the external environment [63,64]. Joint chance constraints could
be a potential solution to deal with multiple uncertainty issues.
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