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 A B S T R A C T

Fouling, a phenomenon in which materials originating from the process fluid settle onto heat-exchange 
surfaces, significantly reduces thermal efficiency, increases energy consumption, and raises maintenance costs, 
particularly in high-pressure tubular reactors used for Ethylene-Vinyl Acetate (EVA) polymerization. Accurate, 
real-time prediction of fouling factor is therefore essential for optimizing operational efficiency, maintaining 
product quality, and preventing unplanned downtime. This paper proposes a novel attention-based neural 
network that integrates parallel Bidirectional Gated Recurrent Unit branches with a Multi-Head Attention 
mechanism to enhance temporal feature extraction and focus on the most informative time steps. In addition 
to the neural architecture, the framework incorporates Mutual Information-based feature selection stage to 
retain highly relevant process variables, derived from temperature, pressure, and flow rate measurements 
collected through sensors across the reactor system. The model was trained on six years of industrial EVA 
reactor data from Versalis. Experimental results demonstrate that the proposed model consistently outperforms 
baseline architectures, achieving the lowest test MSE (3.48×10−3), RMSE (4.17×10−2), and highest 𝑅2 (0.82) on 
normalized data. These improvements highlight the model ability to capture complex temporal dependencies 
and generalize under varying operational conditions. The proposed approach offers a scalable and effective 
solution for predictive fouling monitoring in polymerization heat exchangers, with potential applicability across 
other energy-intensive chemical manufacturing processes.
. Introduction

Heat exchangers are essential components used across a wide range 
f sectors, including energy production (Liang et al., 2024), chemical 
rocessing (Jradi et al., 2024; Sansana et al., 2024), environmental 
ngineering, electronics, and the food industry (Yin et al., 2024; Krüger 
t al., 2023). They play a critical role in regulating fluid temperatures 
ither by heating or cooling, and contribute markedly to the overall 
fficiency and optimization of industrial processes.
Heat exchangers are designed in numerous configurations and op-

rate under diverse thermal environments, each tailored to distinct 
unctional requirements and design constraints. In aerospace and power 
eneration systems, advanced geometries such as film cooled turbine 
uide vanes and squealer tip turbine rotors are engineered to with-
tand extreme gas temperatures while maintaining structural integrity 
hrough internal convection and film cooling (Jia et al., 2025; Tao 
t al., 2024). In nuclear safety applications, hybrid air–water passive 
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residual heat removal systems integrate natural convection and evap-
orative cooling to ensure post-shutdown heat dissipation (Bi et al., 
2025). Similarly, thermoelectric generator assemblies operate as cou-
pled conduction–convection exchangers, optimizing heat-to-power con-
version across broad temperature gradients (Zhu et al., 2025).

In industrial practice, the most common exchanger types include 
shell-and-tube configurations frequently used in refineries and petro-
chemical units (Ikram et al., 2023), cross-flow exchangers typical of 
acid concentration and chemical recovery plants (Jradi et al., 2022a), 
air-cooled units in aircraft environmental control systems (Wang et al., 
2023a), and tubular reactors with cooling jackets in polymerization 
processes such as low-density polyethylene or ethylene-vinyl acetate 
production (Sholahudin Rohman et al., 2022; Kottavalasa et al., 2025). 
Regardless of their configuration or operating scale, all heat exchangers 
are susceptible to fouling, which incrementally reduces operational 
efficiency.
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Fouling refers to the gradual buildup of unwanted materials such 
as solid particles, biological matter, mineral scales, or reaction byprod-
ucts on the surfaces of heat exchangers. These deposits may form on 
either the internal or external surfaces, depending on the properties 
of the process fluids and the operating environment. As fouling de-
velops, it substantially impairs heat transfer efficiency, increases flow 
resistance, and may lead to corrosion or contamination of the fluid 
streams (Davoudi and Vaferi, 2018). The cumulative effect of these is-
sues includes elevated energy consumption, reduced system reliability, 
and increased operational costs due to the need for frequent main-
tenance, unplanned shutdowns, and chemical or mechanical cleaning 
processes (Jradi et al., 2019). Thus, fouling represents one of the most 
severe operational challenges encountered in industrial heat-exchange 
systems.

In the context of global energy challenges, the consequences of 
fouling extend beyond economic losses. Fouling contributes to higher 
energy consumption and increases the carbon footprint of industrial 
processes. In a world aiming for sustainable and resilient energy sys-
tems, minimizing fouling is essential to improve process efficiency and 
reduce environmental impact (Kapustenko et al., 2023). This is espe-
cially relevant in energy-intensive chemical manufacturing processes, 
such as polymerization, where reliable heat transfer performance is cru-
cial to maintaining thermal stability, product quality, and operational 
safety.

Among chemical manufacturing processes, Ethylene-Vinyl Acetate
(EVA) polymerization is particularly vulnerable to fouling due to the 
exothermic characteristics of the reaction and the complex thermal 
behavior within tubular reactors. The EVA process requires carefully 
regulated heating and cooling cycles to maintain optimal operating 
conditions. These thermal variations, along with phase separation be-
tween residual monomers and growing polymer chains, facilitate the 
formation of insulating fouling layers on the inner reactor surfaces. 
These deposits reduce the efficiency of heat transfer through the cool-
ing jacket, which can cause localized temperature increases, lower 
production performance, and create potential safety concerns.

Despite being a persistent problem in EVA polymerization, real-time 
prediction of fouling behavior remains difficult due to the complex 
and dynamic nature of the process. This challenge arises from the 
interdependence of multiple process variables, including temperature, 
pressure, flow rate, and fluid composition, that continuously change 
during operation (Tang et al., 2020). In industrial practice, the fouling 
factor represents the additional thermal resistance caused by the forma-
tion of a fouling layer, and is widely used as a quantitative indicator 
of heat transfer degradation. Traditional approaches to estimating the 
fouling factor typically rely on first-principle models or empirical cor-
relations. However, these methods often assume steady-state conditions 
and struggle to adapt to fluctuations commonly encountered during 
normal operation. As a result, they tend to be reactive and detect 
fouling only after it has already impacted performance, rather than be-
ing predictive. Additionally, their reliance on indirect indicators, such 
as rising temperatures in cooling zones, makes real-time assessment 
and proactive intervention difficult. These limitations underscore the 
need for more adaptive and data-driven solutions capable of capturing 
complex, time-dependent behaviors and providing accurate fouling 
predictions under varying operating conditions.

To tackle the growing challenge of predicting fouling behavior in in-
dustrial heat exchangers, researchers have explored a variety of models 
from statistical to machine learning using both synthetic and real-world 
datasets (Kottavalasa and Snidaro, 2025). Early studies focused on em-
pirical methods, i.e., non-parametric, data-driven approaches such as 
Autoassociative Kernel Regression, which effectively captured fouling 
degradation trends and enabled Remaining Useful Life estimation using 
a General Path Model combined with Bayesian updates (Ardsomang 
et al., 2013). Subsequently, statistical models like Multiple Linear 
Regression, Sliced Inverse Regression, and Random Forest Regression 
24 
were employed to estimate cleanliness factors under ash fouling con-
ditions, achieving high precision in covariate selection based on metal 
tube temperatures (Kumari et al., 2023). In addition to these predictive 
approaches, detection-oriented strategies have also been investigated, 
such as impulse-response analysis in shell-and-tube exchangers, which 
showed high sensitivity to fouling deposits and provided an effective 
diagnostic framework (Al Hadad et al., 2019). Other approaches have 
combined Response Surface Methodology (RSM) and Artificial Neural 
Network (ANN) to estimate fouling resistance in acid concentration 
processes, where RSM exhibited strong predictive capabilities with a 
correlation coefficient of 0.99 (Jradi et al., 2022a).

More recent advancements have centered around machine learn-
ing techniques such as Support Vector Regression, Bagged Trees, and 
Gaussian Process Regression, the latter achieving an impressive 𝑅2

of 0.98 in fouling factor prediction (Hosseini et al., 2022). Similarly, 
advanced neural network models, including Feedforward Neural Net-
work (FFNN), Nonlinear Autoregressive Networks with Exogenous In-
puts, and Long Short-term Memory (LSTM)-based frameworks, have 
demonstrated exceptional accuracy in capturing nonlinear patterns 
associated with fouling buildup (Ikram et al., 2023; Wang et al., 2023a), 
while hybrid architectures that merge recurrent networks with atten-
tion mechanisms further improved forecasting accuracy (Kottavalasa 
et al., 2025). Specific architectures have been tailored for domain-
specific applications, such as phosphoric acid concentration process-
ing using ANN with Broyden–Fletcher–Goldfarb–Shanno (BFGS) train-
ing, Low-Density Polyethylene (LDPE) tubular reactors using FFNN 
trained via the Levenberg–Marquardt algorithm, and membrane fil-
tration systems using Autoregressive Integrated Moving-Average and 
LSTM time series models by leveraging temperature, flow rate, density, 
and pressure as key input features for accurate fouling estimation (Jradi 
et al., 2022b; Sholahudin Rohman et al., 2022; Krüger et al., 2023). 
Likewise, Davoudi and Moghadas (2022) investigated multiple ANN 
paradigms and Adaptive Neural-based Fuzzy Inference System for foul-
ing factor prediction in hot wire probes, with cascade feed-forward 
networks yielding the best performance. In addition, Yin et al. (2024) 
proposed an approach in which an Encoder–Decoder LSTM network 
was used to predict output temperature in heat exchangers, followed 
by a Random Forest model to estimate fouling. Similarly, in the case of 
ethylene oxide production, a hybrid framework integrating knowledge-
based feature engineering with data-driven models was used to fore-
cast fouling indicators one month in advance, achieving a predictive 
accuracy of 𝑅2 = 0.7 (Sansana et al., 2024).

Across many of these studies, ANNs remain a popular modeling 
choice due to their adaptability and high predictive accuracy. Although 
deep networks can learn relevant representations directly from raw 
data, several works have reported that applying feature selection tech-
niques, such as correlation analysis, principal component analysis, or 
sensitivity-based ranking, can help reduce redundancy and stabilize 
model performance in industrial environments (Jradi et al., 2023; 
Davoudi and Vaferi, 2018). Despite promising results, challenges persist 
in capturing complex temporal dependencies and ensuring robustness 
under non-stationary conditions typical of continuous industrial op-
erations. These non-stationary effects result from shifts in production 
grade, variations in feed composition, fluctuations in hot-water flow 
within the jacket, and sensor drift developing over extended operat-
ing periods. Although notable progress has been made, research on 
fusion-based deep learning models that combine sequential learning 
with attention mechanisms for time-series fouling factor prediction 
remains limited (Kottavalasa et al., 2025). This limitation is especially 
evident in high-risk chemical processes where accurate forecasting is 
fundamental.

To address this gap, the present study introduces a novel deep 
learning framework that adopts a Bidirectional GRU-Bidirectional GRU 
(BiGRU-BiGRU) architecture with a Multi-Head Attention (MHA) mech-
anism. This hybrid design enables the model to capture both past 
and future temporal dependencies while dynamically attending to the 
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Fig. 1. Process flow diagram of the EVA polymerization line at the Versalis plant. The process begins at the raw material inlet (indicated by the starting arrow) 
and proceeds through the main units and auxiliaries.
most informative time steps. In addition, we employ Mutual Infor-
mation (MI) for feature selection to retain only the most relevant 
input features and enhance generalization. By combining the strengths 
of sequence modeling and attention-based time-step weighting, the 
proposed approach offers a scalable and practical solution for real-time 
fouling prediction in EVA polymer reactors. Experimental results using 
real industrial data from Versalis demonstrate that the proposed model 
achieves better performance than other neural network architectures in 
terms of prediction accuracy.

2. Industrial system description and data preparation pipeline

This section describes the industrial heat exchanger system and the 
methodology used to derive the fouling factor, which serves as the 
target variable for model training. The dataset collected from on-site 
monitoring is introduced, followed by the data preprocessing work-
flow, feature selection method, and normalization procedure applied 
to prepare the input features for the predictive model.

2.1. Description of heat exchanger system

The EVA polymerization process at Versalis is carried out in a high-
pressure tubular reactor system designed to operate under extreme 
thermal and mechanical conditions. Specifically, the tubular reactor 
functions at pressures ranging from 2000 to 2600 bar and temperatures 
between 180 ◦C and 280 ◦C, as required for the free radical polymeriza-
tion of ethylene and vinyl acetate. The reactor is structurally designed 
as a long cylindrical tube, divided into multiple reaction zones that 
support different stages of the process: preheating, initiator injection, 
polymerization, and cooling. Surrounding this tubular reactor is a jack-
eted shell that serves as a pressurized hot water-based heat exchanger 
system, which dynamically regulates temperature along the reactors 
length. This configuration ensures that excess heat generated during 
the exothermic polymerization process is efficiently removed and that 
zone-specific thermal profiles are maintained to support precise con-
version rates and safe operation. Reactants and peroxide initiators are 
strategically injected at multiple points to manage the initiation and 
progression of polymer chains (Versalis, 2022). The overall process 
layout of the EVA polymerization line at the Versalis plant, including 
the compression section, reactor, separators, extrusion, and auxiliary 
units, is illustrated in Fig.  1. This schematic outlines the industrial 
context in which the heat exchanger system operates.
25 
The heat exchanger system is valuable not only for maintaining 
thermal stability and product quality but also for preventing local-
ized overheating, which could otherwise degrade reactor performance 
and safety. The integration of this thermal control infrastructure en-
ables real-time heat load balancing across varying operational condi-
tions (Versalis, 2022).

2.2. Fouling factor calculation

In order to quantify the extent of deposit buildup and its impact 
on heat transfer performance, the fouling factor (𝐹𝐹𝑅𝑖) for each re-
actor zone 𝑖 is computed from the difference between the overall 
heat transfer coefficients under fouled and clean operating conditions. 
This calculation, based on on-site process and utility measurements, 
provides a direct indicator of the additional thermal resistance caused 
by fouling (Versalis, 2022).

The clean overall heat transfer coefficient is determined from the 
process-side and utility-side convection coefficients, ℎ𝑟,𝑖 and ℎ𝑗,𝑖, as
Sholahudin Rohman et al. (2022), Jradi et al. (2022b): 

𝑈clean,𝑖 =
(

1
ℎ𝑟,𝑖

+ 1
ℎ𝑝,𝑖

+
𝐷𝑟,𝑖

𝐷𝑐𝑖,𝑖
⋅

1
ℎ𝑗,𝑖

)−1
[ 𝑊
m2 ⋅𝐾

]

(1)

where 𝐷𝑟,𝑖 and 𝐷𝑐𝑖,𝑖 are the reactor and channel diameters (m), respec-
tively.

The fouled overall heat transfer coefficient is calculated from the 
measured heat duty and the log mean temperature difference (𝛥𝑇𝑚𝑙𝑖), 
obtained as Jradi et al. (2022b), Sansana et al. (2024): 

𝛥𝑇𝑚𝑙𝑖 =
(𝑇𝑟,𝑖𝐴 − 𝑇𝑗,𝑖𝐴) − (𝑇𝑟,𝑖𝐵 − 𝑇𝑗,𝑖𝐵)

ln
(

𝑇𝑟,𝑖𝐴−𝑇𝑗,𝑖𝐴
𝑇𝑟,𝑖𝐵−𝑇𝑗,𝑖𝐵

) [𝐾] (2)

𝑈fouled,𝑖 =
𝑄jack,𝑖 ⋅ 4187

3600 ⋅ 𝑆𝑖 ⋅ 𝛥𝑇𝑚𝑙𝑖

[ 𝑊
m2 ⋅𝐾

]

(3)

where 𝑄jack,𝑖 is the heat exchanged in the jacket (kW), 𝑆𝑖 is the heat 
transfer surface area (m2), and 4187 is the specific heat capacity of 
water (J/kg⋅ K). 𝑇𝑟 and 𝑇𝑗 denote the reactor and jacket temperatures 
at points A and B.

Finally, the fouling factor is obtained as Jradi et al. (2022b): 

𝐹𝐹𝑅𝑖 =
1

𝑈fouled,𝑖
− 1

𝑈clean,𝑖

[

m2 ⋅𝐾
𝑊

]

(4)

which expresses the additional thermal resistance introduced by fouling 
layers. This parameter is computed for each zone and used as the target 
variable for subsequent model training.
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2.3. Data from on-site monitoring

The dataset used in this study was collected from the EVA polymer-
ization reactor system at the Versalis plant, covering the operational 
period from 2018 to 2024. It consists of 43,768 time-series records with 
26 process variables and one target variable (i.e., fouling factor), which 
was computed using the heat-transfer formula described in Eq. (4). 
These process variables include key parameters such as temperature, 
pressure, and flow rates, measured by industrial-grade sensors posi-
tioned along the reactor. All measurements were recorded at a fixed 
sampling frequency of 15 min throughout the operating period. This 
real-time operational data reflects the dynamic behavior of the process 
under varying conditions and serves as the foundation for training and 
evaluating the proposed predictive model.

2.4. Data preprocessing

Several data cleaning steps were performed to enhance the re-
liability of the dataset and support stable model development. The 
preprocessing workflow was carefully designed to ensure accurate rep-
resentation of operational behavior and includes:

• Filtering of Inactive States: Records corresponding to plant 
shutdowns or non-operational conditions were removed by apply-
ing threshold-based filters on important process variables such as 
system pressure, feed flow, and reactor temperature.

• Handling Missing Values: An Iterative Imputer strategy was 
employed to estimate missing entries. This approach allowed 
for the preservation of complex inter-feature relationships and 
minimized data loss.

• Outlier Removal: Unrealistic spikes in the computed fouling 
values, often due to sensor drift or noise, were addressed using 
the Interquartile Range (IQR) method. This statistical approach 
removed values falling outside the typical distribution range, 
improving data integrity while preserving genuine operational 
trends.

2.5. Feature selection using mutual information

Mutual information (MI) was employed for feature selection to 
reduce model complexity and improve generalization. MI is a widely 
used statistical measure that quantifies both linear and non-linear 
dependencies between input features and the target variable. Unlike 
correlation coefficients, which only capture linear relationships, MI 
estimates the shared information between random variables without 
assuming any specific distribution (Jain and Murthy, 2015; Ryu et al., 
2018).

Mathematically, the MI between two discrete random variables 𝑋
and 𝑌  is defined as: 

𝐼(𝑋; 𝑌 ) =
∑

𝑥∈𝑋

∑

𝑦∈𝑌
𝑝(𝑥, 𝑦) log2

(

𝑝(𝑥, 𝑦)
𝑝(𝑥)𝑝(𝑦)

)

(5)

where 𝑝(𝑥) and 𝑝(𝑦) are the marginal probability distributions of 𝑋
and 𝑌 , and 𝑝(𝑥, 𝑦) is their joint probability distribution. If 𝑋 and 𝑌
are independent, 𝐼(𝑋; 𝑌 ) = 0, whereas higher values indicate stronger 
dependencies.

In this study, MI scores were computed between each input feature 
and the target variable using the raw data. Based on the recommen-
dations of domain experts from the plant, a threshold of 0.45 was 
applied to select features with significant influence on the fouling 
factor. This process resulted in a refined subset of 22 variables that 
were subsequently used to train the proposed predictive model. Al-
though only four variables were excluded, these features exhibited very 
low MI scores and were known to be noise-prone, and their removal 
contributed to more stable model training. The selected features are pri-
marily associated with reactor- and utility-side operational conditions, 
representing variations in thermal and flow behavior that govern heat-
transfer performance within the system. These variables collectively 
capture both direct and indirect effects on fouling evolution.
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2.6. Normalization

Normalization is the process of rescaling numerical features to a 
common range to ensure consistent input magnitudes for model train-
ing. After the preprocessing steps, Min–Max normalization was applied 
to transform each feature into a fixed range of [0, 1], helping the model 
converge more efficiently. The transformation is computed using the 
following equation: 

𝑥normalized =
𝑥 − 𝑥min

𝑥max − 𝑥min
(6)

Where 𝑥 is the original feature value, and 𝑥min, 𝑥max are the mini-
mum and maximum values of that feature, respectively.

3. Proposed model architecture

The objective of the proposed architecture is to improve the predic-
tive capability for time series fouling factor forecasting by integrating 
complementary temporal features extracted from parallel Bidirectional 
GRU layers with MHA. This section provides a detailed explanation 
with the mathematical formulations of the BiGRU and MHA com-
ponents, followed by a high-level overview of the proposed fusion 
architecture.

3.1. Bidirectional gated recurrent unit

The Gated Recurrent Unit (GRU) (Bahdanau et al., 2014) is a 
simplified variant of the LSTM (Hochreiter and Schmidhuber, 1997) 
designed to capture sequential dependencies in time series data using 
two gating mechanisms for information update and reset. Its compact 
setup reduces computational complexity while mitigating vanishing 
gradient issues and preserving the ability to learn temporal patterns (Li 
et al., 2020). The resulting hidden state update can be expressed as: 
ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡 (7)

To further enhance contextual understanding of sequential data, a 
Bidirectional GRU (BiGRU) is adopted (Li et al., 2021). BiGRU processes 
the input in both forward and backward directions, allowing the model 
to consider both past and future temporal dependencies. At each time 
step, the forward GRU computes a hidden state ⃖⃗ℎ𝑡, and the backward 
GRU computes ⃖ℎ⃖𝑡. These are then concatenated as follows:
⃖⃗ℎ𝑡 = GRUforward(𝑥𝑡) (8)
⃖⃖ℎ𝑡 = GRUbackward(𝑥𝑡) (9)

ℎ𝑡 = [ ⃖⃗ℎ𝑡, ⃖⃖ℎ𝑡] (10)

Fig.  2 compares the internal structures of a GRU cell (a) and 
a BiGRU layer (b), highlighting the differences in temporal context 
processing.

In this study, we employ a parallel BiGRU-BiGRU architecture, 
in which two BiGRU blocks are run independently on the same in-
put sequence to extract diverse representations. The outputs of these 
parallel BiGRUs are subsequently fused using a Multi-Head Attention 
mechanism (detailed in Section 3.2) to generate a more richer and 
context-aware representation for final fouling prediction.

3.2. Multi-head attention mechanism

Multi-Head Attention (MHA) enables the network to attend to differ-
ent temporal relationships in parallel by projecting an input sequence 
into multiple query 𝑄, key 𝐾, and value 𝑉  spaces and computing 
attention weights across them (Wang et al., 2023b). The core operation 
applied within each head is the scaled dot-product attention: 

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾𝑇
√

)

𝑉 (11)

𝑑𝑘
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Fig. 2. Architecture of (a) a GRU cell, and (b) a BiGRU layer, consisting of a 
pair of forward and backward GRU cells at each time step.

Fig. 3. Schematic diagram of the Multi-Head Attention mechanism. Each head 
performs scaled dot-product attention, and the outputs are concatenated and 
linearly transformed.

where 𝑑𝑘 denotes the dimensionality of the key vectors. This operation 
allows the model to focus on the most relevant parts of the sequence 
when forming internal representations (Liu et al., 2024).

Outputs from individual heads are then concatenated and linearly 
transformed to produce the aggregated attention representation used in 
our model (Fig.  3).

3.3. Parallel BiGRU-BiGRU with MHA

The final forecasting architecture of our study fuses the strengths 
of recurrent sequence modeling and attention mechanisms to enhance 
27 
the predictive performance on fouling factor time series. As shown in 
Fig.  4, the proposed model is composed of two parallel BiGRU branches 
followed by a Multi-Head Attention module and a compact feedforward 
output head.

The input sequence is fed simultaneously into two independent Bi-
GRU encoders. Each branch consists of stacked BiGRU layers, enabling 
the network to capture rich bidirectional time-evolving dependencies 
from different representational perspectives. Batch normalization layers 
are inserted between BiGRU stacks to stabilize training and reduce 
internal covariate shift, promoting faster convergence.

The outputs from both BiGRU branches retain the full temporal 
resolution and are denoted as 𝐻1 and 𝐻2, respectively. These outputs 
are passed to the MHA block, where 𝐻1 acts as the query matrix 
and 𝐻2 serves as both the key and value matrices. This asymmetric 
configuration encourages the model to perform cross-branch atten-
tion and learn dependencies between independently learned sequential 
representations across time steps: 
MHA(𝑄,𝐾, 𝑉 ) = MultiHead(𝑄 = 𝐻1, 𝐾 = 𝐻2, 𝑉 = 𝐻2) (12)

After computing scaled dot-product attention across multiple heads, 
the resulting attended representation is projected through a linear layer 
and subsequently reduced using a Global Average Pooling operation. 
This compresses the sequential dimension into a fixed-length feature 
vector that serves as the final sequence encoding.

The pooled vector is passed through a dense layer with ReLU 
activation, followed by a dropout layer for regularization. Finally, a 
single-unit output layer produces the predicted fouling factor value. 
The architectural design enables the model to combine mutually re-
inforcing chronological features with attention over time steps, and its 
impact on prediction accuracy and error distribution is examined in 
the experimental analysis (Table  1, Figs.  6 and 10). All experiments 
were implemented in Python using TensorFlow and Keras, while data 
preprocessing and analysis were conducted with Pandas, NumPy, and 
Scikit-learn.

4. Experimental results

The following results present the outcome of training and evaluating 
the proposed model alongside baseline architectures. Hyperparameter 
settings, evaluation metrics, comparative performance analysis, and 
ablation study are reported to showcase the effectiveness of the model 
under the given operational data.

4.1. Hyperparameter settings

The hyperparameters of the proposed fusion architecture were de-
termined through iterative experimentation and comparative evalua-
tion. Key parameters such as the number of BiGRU units, dropout rate, 
number of attention heads, learning rate, batch size, and sequence 
window length were systematically varied to assess their influence on 
model prediction accuracy. The time sequence window was tested with 
lengths of 15, 30, 45, and 90 time steps, with 30 providing the best 
trade-off between capturing short-term and long-term dependencies. In 
this configuration, the model performs single-step forecasting, where 
each time step corresponds to a 15-minute sampling interval; thus, the 
preceding 30 time steps represent 7.5 h of operational history used 
to predict the fouling factor at the subsequent time step. The final 
configuration employed two parallel BiGRU branches with 64 and 32 
hidden units in the first and second layers, respectively, a dropout rate 
of 0.1, and the Adam optimizer with a learning rate of 0.001. The model 
was trained using a batch size of 64, with Mean Squared Error (MSE) 
as the loss function. The dataset is time-series data and was split in 
chronological order into 80% training and 20% testing, corresponding 
to 34,990 and 8784 samples, respectively.
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Fig. 4. Proposed attention-based fusion neural architecture for fouling prediction in EVA heat exchangers.
Table 1
Comparison of model performance on train and test sets using MSE, RMSE, 𝑅2, and parameter counts.
 Model Train Set (Normalized) Test Set (Normalized) Params (k) 
 MSE MSE 𝜎 RMSE RMSE 𝜎 𝑅2 MSE MSE 𝜎 RMSE RMSE 𝜎 𝑅2  
 (×10−3) (×10−2) (×10−2) (×10−2) (×10−3) (×10−2) (×10−2) (×10−2)  
 LSTM 6.00 1.57 5.69 5.26 0.80 6.51 1.69 5.66 5.75 0.67 210.6  
 BiLSTM 6.11 1.66 5.47 5.59 0.79 7.14 1.79 6.07 5.88 0.64 203.9  
 GRU 4.66 1.29 4.92 4.73 0.84 6.11 1.41 5.69 5.35 0.69 216.8  
 BiGRU 4.26 1.47 4.81 4.41 0.86 5.17 1.69 4.72 5.43 0.74 179.2  
 LSTM-GRU 5.66 1.73 4.92 5.69 0.81 7.70 2.11 5.73 6.64 0.61 155.0  
 BiLSTM-BiGRU 5.41 1.88 5.55 4.82 0.82 4.54 1.21 5.02 4.49 0.77 380.9  
 Parallel BiLSTM 3.15 1.39 3.63 4.28 0.89 5.58 1.52 5.28 5.29 0.72 193.5  
 Parallel BiGRU 3.79 1.27 4.32 4.39 0.87 4.73 1.26 4.84 4.89 0.76 182.2  
 Proposed Model 2.88 1.19 3.50 4.07 0.90 3.48 1.07 4.17 4.18 0.82 151.1  
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.2. Evaluation metrics

Evaluating the prediction accuracy of the proposed model for foul-
ng factor forecasting is a crucial step in identifying the optimal config-
ration and benchmarking it against alternative time series approaches. 
n this study, three widely used statistical error metrics are employed to 
uantify the deviation between predicted outputs and observed values, 
s defined below:
Mean Squared Error (MSE): Measures the mean of the squared 

ifferences between the predicted and actual fouling factor values. 
his metric penalizes larger errors more heavily, making it useful for 
dentifying cases where the model significantly deviates from observed 
alues:

SE = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2

Root Mean Squared Error (RMSE): Obtained by taking the square 
oot of the Mean Squared Error, RMSE restores the error metric to 
he same units as the target variable (fouling values). It offers a direct 
nterpretation of the average magnitude of prediction errors, giving a 
learer sense of the practical scale of deviations:

MSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2

Coefficient of Determination (𝑅2): Indicates the proportion of 
ariance in the actual fouling factor values explained by the model. A 
igher 𝑅2 value reflects a better fit and stronger predictive capability. 
his metric is particularly useful for assessing how effectively the model 
f
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aptures variability arising from different operating conditions and 
rocess fluctuations:

2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2

Here, 𝑦𝑖 and 𝑦̂𝑖 represent the actual and predicted fouling factor 
alues, respectively, 𝑛 is the total number of samples, and 𝑦̄ is the mean 
f the actual values.

.3. Model performance comparison

Table  1 presents a comparative analysis of the proposed fusion-
ased BiGRU-BiGRU with MHA architecture against a diverse set of 
ecurrent baselines, including single-layer (LSTM, GRU), bidirectional 
BiLSTM, BiGRU), hybrid (LSTM-GRU, BiLSTM-BiGRU), and parallel 
ariants (Parallel BiLSTM, Parallel BiGRU). In the hybrid models, the 
wo distinct recurrent layers operate in parallel on the same input 
equence, and their respective feature maps are concatenated before 
he pooling stage to combine heterogeneous temporal representations. 
he parallel variants comprise two identical bidirectional branches that 
earn different aspects of sequential behavior from the same input data, 
ith their outputs merged at the feature level through concatenation. In 
he developed BiGRU-BiGRU fusion model, temporal feature represen-
ations learned by the two parallel BiGRU branches are fused through 
n attention-based integration strategy, as detailed in Section 3. The 
omparison is conducted on both the training and test sets using 
ormalized data, in compliance with plant confidentiality constraints.
Across all metrics, the proposed novel model consistently outper-

orms the baseline architectures. On the test set, it achieves the lowest 
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(a) Train set

(b) Test set

Fig. 5. Actual versus predicted fouling factor values for the (a) train set (March 2021) and (b) test set (June 2023) across various recurrent models and the 
proposed architecture.
MSE (3.48 × 10−3) and RMSE (4.17 × 10−2), alongside the highest 𝑅2

score (0.82), indicating improved predictive accuracy and variance 
explanation compared to the alternatives. Relative to the standard 
LSTM baseline, the proposed model reduces RMSE by approximately 
26.3% and improves 𝑅2 by 22.4%, revealing its superior ability to 
capture complex sequential dependencies in fouling progression. In 
addition to its high accuracy, the model exhibits the lowest variability, 
with MSE standard deviation (1.07×10−2) and RMSE standard deviation 
(4.18 × 10−2), confirming its stability against fluctuations in the data.

The performance gain is also evident in the training set results, 
where the proposed model attains the lowest MSE (2.88 × 10−3), RMSE 
(3.50 × 10−2) and highest 𝑅2 (0.90), suggesting an effective balance 
between fitting the training data and forecasting coherence on unseen 
data. The sustained reduction in error metrics across both datasets 
indicates that the proposed fusion strategy, combining supplemen-
tary bidirectional dynamic representations with attention-driven fea-
ture weighting, enhances the model resilience to unseen operational 
conditions. The significance of the attention mechanism in the pre-
dictive process is visualized in the attention weight matrix (Fig.  6), 
which represents the average distribution learned over the test set. Each 
element in this heatmap quantifies the relative importance assigned by 
the model to the contextual time steps when predicting the current 
output step. Higher intensity regions denote stronger dependencies, 
indicating that the model focuses more on recent and temporally rele-
vant observations when estimating the response variable (i.e., fouling 
factor). The structure of the attention weights reveals that the most 
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recent segments exert a dominant influence, an expected behavior in 
industrial processes where fouling is closely tied to immediate opera-
tional history. At the same time, non-zero attention assigned to earlier 
time steps suggests that the model leverages longer-term contextual 
information, reflecting the cumulative and history dependent nature of 
fouling trajectory. Besides accuracy, Table  1 also reports the number 
of trainable parameters, offering insight into model complexity. The 
proposed model achieves superior results with only 151k parameters, 
fewer than all compared methods. This is because each BiGRU branch 
uses smaller hidden dimensions than the single stream baselines, con-
firming that the improvements stem from the fusion and attention 
design rather than from a larger model size, as supported by the 
ablation analysis (Section 4.4).

In addition to the quantitative results summarized in Table  1, Fig. 
5 provides a visual comparison between the actual and predicted 
fouling factor values for both the training and test sets. The proposed 
model tracks the real trend more closely than the other recurrent 
architectures, capturing both local fluctuations and broader progression 
patterns with reduced deviation. Moreover, Fig.  7 shows a strong 
alignment of data points along the equality line (𝑦 = 𝑥). This close cor-
respondence between measured and estimated values indicates minimal 
bias and high predictive consistency across datasets. This visual evi-
dence further substantiates the enhancements in forecasting precision 
and steadiness across conditions achieved by the proposed approach.

It is important to note that the apparent sudden variations visible 
in both the training (Fig.  5(a)) and test (Fig.  5(b)) curves reflect the 
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Fig. 6. Attention weight heatmap showing how each query time step attends 
to past context positions. The model assigns higher weights to boundary 
positions, with relatively low attention to intermediate time steps.

Fig. 7. Scatter representation of predicted and historical fouling values (nor-
malized) for training and test data.

inherent nature of industrial data. In large-scale EVA polymerization 
plants, process sensors such as thermocouples and pressure transmit-
ters are subject to calibration drift, flow disturbances, and transient 
control actions, all of which can momentarily alter measured heat-
transfer behavior. Similarly, periods of gradual stabilization or sharp 
spikes often coincide with operational transitions such as temporary 
steady-state phases or utility adjustments. These prominent fluctuations 
are characteristic of routine process transients rather than modeling 
artifacts. The fact that all recurrent models follow the trend indicates 
that the fouling signal is intrinsically embedded within the process 
variables, while the proposed architecture reduces the deviation around 
these disturbance regions.

Fig.  8 illustrates the variation of the predicted fouling factor across 
different operating ranges of selected process variables. For each vari-
able on the 𝑥-axis, the data are partitioned into value intervals, and the 
curves report the mean fouling factor observed within each range, with 
shaded regions indicating the associated ±𝜎 variability for training and 
test sets. These variables include both directly and indirectly related 
operational parameters that influence heat-transfer performance. The 
observed trends manifest the model capacity to reproduce realistic foul-
ing dynamics consistent with overall process behavior. Across all cases, 
the close agreement between the actual and forecast mean curves, 
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Table 2
Performance of alternative architectures on the test set (normalized).
 Model MSE MSE 𝜎 RMSE RMSE 𝜎 𝑅2  
 (×10−3) (×10−2) (×10−2) (×10−2)  
 CNN 8.17 1.71 9.04 5.93 0.59 
 TCN 5.45 1.28 7.38 5.05 0.72 
 Transformer 6.02 1.59 7.76 5.50 0.70 
 xLSTM 6.52 1.63 5.72 5.70 0.67 
 Proposed Model 3.48 1.07 4.17 4.18 0.82 

together with the narrow ±𝜎 confidence bands, indicates that the 
model can follow both gradual fouling evolution and rapid fluctuations 
observed during the process.

Following the extended evaluation, Table  2 reports the perfor-
mance of the additional deep learning architectures considered in this 
work. Overall, the ranking observed from these experiments positions 
the Temporal Convolutional Network (TCN) (Pang et al., 2025) as 
the strongest among these models, yet still not at the level of the 
proposed fusion model, which achieved the lowest error values and 
highest coefficient of determination on the test set. The xLSTM (Al-
harthi and Mahmood, 2024) model also shows moderate performance; 
however, its design is tailored for long-horizon sequence modeling, and 
the relatively short input window used in our experiments limits its 
ability to fully exploit its extended memory mechanisms. Unlike the 
Convolutional Neural Network (CNN), Transformer, and xLSTM archi-
tectures, the proposed design benefits from attention-guided integration 
of recurrent representations, allowing the model to retain temporal 
information across successive operating periods, which appears es-
sential for modeling progressive fouling in industrial heat-exchange 
environments.

4.4. Ablation study of proposed model

To analyze the contribution of each architectural component, we 
conducted an ablation study comparing three variants: a baseline Sin-
gle BiGRU, Proposed_without_MHA, and the complete Proposed model 
on the test set. As shown in Fig.  9, the Single BiGRU baseline ex-
hibits a higher median error and more pronounced extreme deviations, 
reflecting limited capacity to capture complex dynamics. The Pro-
posed_without_MHA variant narrows this distribution, suggesting that 
parallel BiGRUs enrich the learned sequence features. The full Proposed 
model further reduces both the median error and the presence of 
large deviations, attesting to the stabilizing effect of incorporating the 
attention mechanism.

We use Gaussian Kernel Density Estimation (KDE) plots to analyze 
the spread of absolute prediction errors and to evaluate how well 
the predicted values match the actual sample distribution in the test 
set. KDE is a non-parametric method for estimating the probability 
density function of a variable, providing a smooth approximation of 
the underlying distribution from the available data samples.

The KDE plots provide additional insights into the behavior of the 
ablation variants. Fig.  10(a) shows the distribution of absolute predic-
tion errors for the three models. The Single BiGRU baseline produces 
a peak at comparatively higher error values, reflecting the presence 
of larger errors, whereas the Proposed_without_MHA variant shifts 
the density toward lower magnitudes. The complete Proposed model 
exhibits the highest concentration of errors near zero, accompanied 
by a shorter right tail, demonstrating a clear reduction in both error 
magnitude and variability.

A supportive perspective is given in Fig.  10(b), which compares the 
predicted sample density distributions with the actual fouling factor 
distribution. The peaks of the Proposed_without_MHA and Proposed 
models lie close to one another, revealing similar estimation of the most 
frequent fouling levels. However, differences appear in the shoulder 
regions: the Proposed model spreads probability more smoothly across 
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Fig. 8. Variation of the fouling factor with representative process variables for predicted and measured values.
Fig. 9. The boxes represent the interquartile range (IQR), covering the middle 
50% of errors, with whiskers extending to 1.5×IQR. The Proposed model 
achieves a lower median error compared to Single BiGRU and the no-MHA 
variant, indicating improved prediction accuracy, while exhibiting a compara-
ble spread of errors.

moderate fouling ranges, whereas the Proposed_without_MHA shows 
sharper transitions. This suggests that the attention mechanism influ-
ences the representation of off-peak regions, rather than shifting the 
dominant density region.
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5. Discussion

The proposed fusion-based BiGRU-BiGRU with MHA architecture 
reliably improves predictive accuracy and consistency to process vari-
ability in fouling factor forecasting. This improvement is evident across 
both training and test sets, as well as in the ablation results and error 
distribution analyses. When contrasted with prior research, several 
distinctions emerge. In Wang et al. (2023a), the proposed framework 
was validated primarily on experimental data from controlled test 
environments rather than on long-horizon industrial plant records. 
Consequently, its robustness under highly non-stationary operating 
conditions, such as those observed in EVA reactors, remains unverified 
and thus would need to be checked against real-world data. In Ikram 
et al. (2023), machine learning models for refinery shell-and-tube ex-
changers reported high accuracy. However, these models mainly relied 
on static operating variables and did not explicitly capture tempo-
ral dependencies or sequential correlations across time, limiting their 
applicability to predictive maintenance requiring timely forecasting. 
Other comparative studies, such as Yin et al. (2024), Krüger et al. 
(2023), achieved good short-horizon forecasts with univariate models 
(e.g., ARIMA, Prophet, LSTM). Furthermore, none of these works in-
tegrated attention mechanisms to explicitly pinpoint informative time 
steps, an aspect shown in our results to enhance stability and reduce 
large deviation errors. Expanding on the preceding discussion, Table 
3 compares representative fouling prediction studies reported in the 
literature. Although many achieved high accuracy in controlled envi-
ronments, they were predominantly trained on small and static datasets 
and therefore lack temporal scalability; hence, their reported accuracies 
should be interpreted as contextual rather than directly comparable 
benchmarks. It is also worth noting that our dataset is characterized by 
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Fig. 10. Gaussian kernel density estimation plots from the ablation study: (a) absolute prediction error distributions, and (b) sample density distributions of 
predicted fouling factors compared with actual values in the test set.
Table 3
Comparison of representative fouling prediction studies based on dataset characteristics, model variety, accuracy, and application.
 Reference Application Dataset Data Type Inputs Models Tested Best Accuracy  
 Davoudi and Vaferi 
(2018)

Portable Fouling Research 
Unit and single-tube heat 
exchangers

11,626 Experimental data Fluid density, surface 
temperature, fluid temperature, 
fluid velocity, hydraulic diameter, 
dissolved oxygen concentration, 
and time

Multiple ANN 
configurations

MLP ANN with Bayesian 
regulation back-propagation: 
𝑅2 = 0.97, RMSE = 0.0355, 
MSE = 0.0013

 

 Hosseini et al. (2022) General shell and tube 
heat exchangers

11,626 (train: 9268, test: 
2358)

Experimental data 
(non-temporal)

Fluid density, Surface 
temperature, Fluid temperature, 
Fluid velocity, Operation time, 
Equivalent diameter, Oxygen 
content

GPR, Decision Tree, 
Bagged Tree, SVR, Linear 
Regression

GPR: 𝑅2 = 0.98, MAPE = 
13.89%, MSE = 7.02 ×
10−4

 

 Jradi et al. (2022a) Phosphoric acid 
concentration plant

361 observations Experimental plant data Time, acid inlet temperature, acid 
outlet temperature, steam 
temperature, acid density, acid 
volume flow rate

RSM and multiple ANN 
configurations

ANN (6-6-1): 𝑅2 = 0.99, 
RMSE = 4.08 ×  10−6, MSE 
= 1.67 ×  10−11

 

 Ikram et al. (2023) E101 CBA shell-and-tube 
heat exchanger 
(atmospheric-distillation 
unit)

290 samples (train:232, 
test:58)

Experimental industrial 
data (static 
measurements)

Tube inlet temperature, tube 
outlet temperature, tube mass 
flux, shell inlet temperature, shell 
outlet temperature, shell mass 
flux

FNN-MLP, NARX, and 
SVM-RBF

FNN-MLP: 𝑅 = 0.99, nRMSE 
= 1.0031%, nMAE = 
0.7939%, SEP = 1.0027%

 

 Wang et al. (2023a) Aircraft air-conditioning 
heat exchangers (Boeing 
737-800)

25 records (laboratory 
setup)

Short experimental data Ambient temperature, air 
conditioning system inlet 
pressure, primary heat exchanger 
outlet pressure, secondary heat 
exchanger outlet pressure

BP neural network, 
LSTM, and TA-LSTM

TA-LSTM: MAPE = 0.00231, 
RMSE = 0.00168, MAE = 
0.00136

 

 Sholahudin Rohman 
et al. (2022)

LDPE tubular 
polymerization reactor

8000 Simulated dynamic data 
(non-temporal modeling)

Heat transfer coefficient (zone 4), 
terminal-point temperature (zone 
4), polymer exit density

FFNN with different 
configurations

FFNN (3-8-1): 𝑅2 = 0.98; MSE 
= 1.17 ×  10−9

 

 Sansana et al. (2024) Ethylene oxide 
production (Dow 
chemical company)

– 3 years of real industrial 
time-series data

Reynolds number (KPI), lagged 
KPI𝑡−1 , cycle gas flow, 
cumulative EO production, inlet 
tube temperature

Hybrid approach 
(Mechanistic data-driven 
approach using Multiple 
Linear Regression)

𝑅2 = 0.70  

 Ours EVA polymerization heat 
exchanger (Polymer 
production plant)

43,768 records 
(train:34,990, test:8,784)

6 years of real industrial 
time-series data

Key process parameters including 
reactor temperature, pressure, and 
flow rates (22 selected features 
based on Mutual Information)

LSTM, BiLSTM, GRU, 
BiGRU, LSTM-GRU, 
BiLSTM-BiGRU, Parallel 
BiLSTM, Parallel BiGRU, 
and Proposed Parallel 
BiGRU with MHA

Proposed Parallel BiGRU with 
MHA: 𝑅2 = 0.82, RMSE = 
0.0417, MSE = 3.48×10−2

 

relatively short time windows and a moderate number of samples. Un-
der these conditions, transformer-based architectures are generally less 
effective, not only because they tend to benefit from longer sequences 
and larger datasets (Wen et al., 2023), but also because they lack the 
inductive bias of RNNs towards processing recent time dependencies. 
This further justifies our focus on recurrent architectures.

The present work lies in leveraging six years of real industrial 
monitoring data from an EVA tubular reactor, enabling evaluation 
under authentic process variability rather than synthetic or laboratory-
generated datasets. The proposed fusion approach not only captures 
bidirectional sequential patterns through parallel BiGRU branches but 
also exploits MHA to adaptively emphasize critical temporal dependen-
cies. This design choice was confirmed by the ablation study, which 
demonstrated that both fusion and attention contribute additive bene-
fits, yielding lower error variance and improved fidelity to the actual 
fouling distribution (see Table  1). The KDE plot (Fig.  10), and boxplot 
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analyses (Fig.  9) further confirm that the inclusion of attention reduces 
large-deviation errors and aligns the predicted distribution more closely 
with the true fouling behavior. In addition, MI-based feature selection 
was applied to identify the most influential input variables, ensuring 
that the model focuses on physically meaningful factors driving fouling 
progression while avoiding redundancy and noise. Together, these 
methodological advances establish a robust and practically relevant 
predictive framework suitable for industrial monitoring and mainte-
nance planning. In summary, this study contributes to the existing 
literature by applying a fusion-based, sequence-aware model to real 
plant data. This advancement supports improved operational decision 
making for fouling control in industrial polymerization reactors.

While the results imply promising forecasting capabilities, the pro-
posed framework is subject to certain limitations. First, the model was 
trained and evaluated on data from a single industrial EVA polymer-
ization reactor, and although the dataset spans six years of operation, 
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its generalizability to other plants, process configurations remains to be 
verified. The forecasting strategy employed is single-step and assumes 
that historical windows provide sufficiently stable temporal representa-
tion; however, longer prediction horizons or rapidly shifting operating 
regimes may introduce additional uncertainties. Moreover, the ap-
proach is fully data-driven and does not incorporate physical fouling 
knowledge or mechanistic constraints, which may limit reliability when 
the process moves outside previously observed operating ranges.

6. Conclusion

In this study, we developed a fusion-oriented neural architecture 
combining parallel BiGRU layers with a Multi-Head Attention mecha-
nism to predict fouling factors in EVA tubular polymerization reactors. 
The framework was trained and tested on six years of real-world 
industrial operating data from Versalis, with preprocessing and Mu-
tual Information-based feature selection applied to ensure meaningful 
and robust inputs. The evaluation revealed that the proposed model 
provides superior forecasting capability compared with a range of re-
current architectures, achieving the lowest error values and the highest 
𝑅2 on the test dataset. The ablation analysis further confirmed that 
both the fusion of parallel BiGRUs and the adoption of the attention 
mechanism play essential roles in reducing prediction variance and en-
hancing stability under time-varying operating conditions. Overall, the 
developed model has proven to be accurate and stable for monitoring 
fouling growth in EVA reactors and can be considered as a reliable 
data-driven soft-sensor solution for industrial applications, particularly 
in supporting proactive maintenance and improving process efficiency. 
To strengthen industrial applicability, future studies will evaluate the 
dependability of the model against overfitting and validate its effec-
tiveness using actual data from additional sections of the plant, where 
fouling forecast remains vital.
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