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Accurately predicting key product features is essential for process optimization and safety in petro-
chemical processes. However, conventional data-driven Al models often struggle to adequately capture
the strong nonlinearity and multi-scale characteristics of these systems. To address this challenge, this
paper proposes a multi-scale prediction framework that integrates variational mode decomposition
(VMD), attention mechanisms, and temporal convolutional networks (TCN), referred to as DATCN. This
framework facilitates the extraction of multi-scale features across temporal, spatial, and frequency
domains, enabling cross-scale interaction modeling in complex processes. Comparative experiments on
the Tennessee Eastman (TE) benchmark and industrial fluid catalytic cracking (FCC) long-term time-
series datasets demonstrate that the proposed model achieves superior prediction accuracy (RMSE
reduced by 24.75% to 37.26% versus other deep-learning models). The results demonstrate the frame-
work’s capability to address both nonlinear dynamics and spatiotemporal heterogeneity, offering a
promising solution for intelligent optimization in petrochemical production.
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1. Introduction

The petrochemical industry lies at the heart of the energy and
materials supply chain and plays a vital role in the global economy
[1]. As regulations on new energy tighten and demand for high-
value materials grows, there is a pressing need to optimize and
control petrochemical processes. This calls for industrial models
that are both accurate and broadly applicable. However, petro-
chemical processes typically involve multiphase flow, coupled
heat and mass transfer, and complex chemical reactions [2,3]. They
exhibit clear multi-scale behavior in time and space [4—6] and
respond strongly to feedstock variability. Developing mechanistic
unit-operation models that capture these multi-scale dynamics
with high accuracy and generality remains a major challenge.

Artificial intelligence models have become catalysts for
unlocking value from industrial data [7,8] and are widely applied
in petrochemistry [9—14]. Feedforward neural networks excel at
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predicting yields and optimizing process outputs [15—18]. Con-
volutional neural networks (CNN) and long short-term memory
networks (LSTM) attract attention for time-series modeling,
thanks to their powerful feature extraction and long-dependency
learning abilities [19—21].

However, complex petrochemical processes, such as fluid cat-
alytic cracking, hydrocracking, and reforming, require coordinated
operation of multiple units, where key features are tightly inter-
related [22,23]. Process features (e.g., temperature, pressure, flow
rates) and the underlying chemical reactions interact strongly
[24,25]. These interactions drive nonlinear, multi-scale, and non-
steady behavior [23,24,26—28]. Therefore, data-driven models
constructed directly from raw multivariate time-series data often
exhibit limited predictive performance [29,30]. Some researchers
have built hybrid frameworks that combine multiple predictive
models to reveal hidden patterns in nonlinear systems [31—34].
However, the high dimensionality and multi-scale nature of multi-
unit processes still pose severe challenges for achieving both high
accuracy and strong generalization [23]. This limitation arises from
two main factors. First, dynamic features at different time scales in
the raw data are mixed, preventing the model from clearly
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distinguishing long-term trends and short-term fluctuations.
Second, redundant and irrelevant variables accumulate in the
high-dimensional space during modeling, which obscures the key
dynamic features driving the prediction task. Therefore, separating
multi-scale features and performing targeted screening and
reconstruction of high-dimensional variables before time-series
modeling are essential for improving the predictive performance
of petrochemical process models.

VMD is an adaptive, non-recursive signal processing method
that effectively addresses mode mixing issues in Empirical Mode
Decomposition (EMD) and its variants [35—39]. It decomposes a
time series into a set of smooth intrinsic mode functions (IMFs)
across multiple frequency scales, reducing non-stationarity and
mode mixing [23]. By reducing nonlinearities and redundancy,
VMD improves dynamic feature extraction and has been widely
used in complex industrial data analysis [23,40—43]. However,
capturing long-term dependencies in these multi-scale features is
challenging for traditional temporal models, which suffer from
vanishing or exploding gradients, limited parallelism, and weak
long-term dependency modeling. The TCN was developed to
overcome these issues [44]. TCN integrates the local pattern
extraction capabilities of CNN with the temporal modeling
strengths of recurrent architecture [45,46]. Without recurrence,
TCN avoids gradient issues and stably learns long-term de-
pendencies. Causal convolutions further preserve temporal order,
ensuring valid predictions [47,48].

In multi-unit petrochemical processes, different variables and
their multi-scale modal components have varying importance for
prediction. VMD can decouple multi-scale dynamic features, but it
also increases the feature dimension. Without proper feature se-
lection, feeding all VMD components equally into TCN may
introduce redundant information and reduce TCN’s ability to
capture key features.

Based on the analysis above, this paper tackles the modeling
challenges of non-stationarity, high-dimensional coupling, and
multi-scale dynamics in petrochemical processes. We propose
DATCN, a multi-scale attention-based temporal prediction
framework that integrates VMD decomposition, feature recali-
bration, and TCN modeling. The main innovations and contri-
butions are summarized in three points:

(1) Multi-scale signal decoupling and structured feature
representation

Enhanced VMD decomposes non-stationary petrochemical
signals into distinct frequency components, effectively resolving
feature overlapping and providing a structured input for the
model.

(2) Multi-variable multi-scale feature recalibration

The Squeeze-and-Excitation (SE) attention mechanism is inte-
grated before temporal modeling to adaptively weight and filter
structured features, suppressing redundant noise while high-
lighting key dynamic information critical for process monitoring.

(3) Long-term sequence modeling with causal convolution

TCN captures long-term dependencies through dilated causal
convolutions, improving stability and generalization across com-
plex operating conditions.

The rest of this paper is structured as follows: Section 2 in-
troduces the mathematical and physical models used, while Sec-
tion 3 outlines the modeling process and results of industrial

experiments, both TE process and industrial FCC unit are analyzed
and discussed.

2. Proposed Methodology

As shown in Fig. 1, this paper proposes DATCN, a multi-scale
modeling framework integrating temporal-spatial-frequency for
complex petrochemical processes modeling. First, operational
data are collected from petrochemical units and preprocessed
through cleaning, outlier removal, and normalization to construct
a high-dimensional structured time-series dataset. To reduce the
influence of redundant features, a hybrid Filter-Wrapper feature
selection method developed by our group is applied [31],
enhancing data quality for subsequent modeling. At the frequency
scale, a Whale Optimization Algorithm (WOA)-based strategy is
employed to adaptively optimize the parameters of VMD. This
enables progressive decomposition of the signal into IMFs with
distinct frequency characteristics, effectively denoising the data
while revealing latent dynamics across different frequency bands.
Subsequently, the resulting multi-frequency components are
processed by a spatial attention mechanism, which learns dynamic
weights to highlight salient features in the spatial dimension.
These spatially enhanced multi-scale frequency features are sub-
sequently fed into TCN for time-scale modeling. It leverages causal
convolution to preserve temporal causality and dilated convolu-
tion to expand the receptive field for the integrated modeling of
space-time and frequency scales. The TCN efficiently captures
long-term dependencies and complex temporal patterns. Each IMF
is modeled individually, and the final prediction is obtained via
signal reconstruction. By combining time-aware learning, spatial
feature enhancement, and frequency-domain decomposition, the
proposed framework enables comprehensive multi-scale dynamic
modeling, offering a robust solution for intelligent prediction in
industrial petrochemical systems.

2.1. Adaptive signal decomposition module

2.1.1. VMD framework
The primary process of the VMD algorithm involves iteratively

searching for the optimal solution of the variational model to
determine the center frequency and bandwidth of each decom-
posed component. Assuming that the original signal z is decom-
posed into k intrinsic mode components, a constrained variational
model is constructed, as shown in Eq. (1):
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where uy = {uy, Uy, ..., uy} represents the modal functions, wi = {w1,
wy, ..., wi} denotes the center frequency of each mode, t represents
time. To solve the constrained optimization problem, the VMD
algorithm introduces penalty terms and Lagrange multipliers,
converting the constrained variational model into an uncon-
strained variational problem, as shown in Eq. (2):
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Fig. 1. The overall framework of the proposed DATCN model.

where « is the second-order penalty factor, and 4 is the Lagrange
multiplier. Using the alternating direction multiplier method to
solve, we get Eq. (3):
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where w is the frequency, n denotes the number of iterations,
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The iteration stop condition is shown in Eq. (7), where ¢ is a
threshold value:
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The detailed execution flow of the VMD algorithm is illus-
trated in Fig. 2. First, uy, wy, and A are initialized. Then, i and wi

are updated according to Eqs. (4) and (5). Next, the algorithm
checks if the condition in Eq. (7) is met. If not, the iteration
continues with updates to n and k. If the condition is satisfied, the
Lagrange multiplier 1 is updated. Finally, the algorithm evaluates
whether the stopping condition for the iteration is met. If so, the
iteration process concludes; otherwise, it continues to update.

2.1.2. Parameter optimization strategy

VMD performs well in signal decomposition, but its effec-
tiveness depends on selecting appropriate hyperparameters,
especially the number of modes (k) and the penalty factor («),
which significantly affect the results [49]. If k is too small, the
signal may not be fully decomposed, leading to incomplete sep-
aration of key frequency components and potential mode alias-
ing. If k is too large, over-decomposition can occur, generating
spurious components. The value of « affects the stationarity of
the decomposed modes and the retention of detailed informa-
tion. A smaller o may produce finer decomposition but risks
overfitting by keeping redundant frequencies, while a larger «
may smooth the result but lose important frequency information.
Thus, choosing the right values for k and « is crucial for effective
signal decomposition.

The WOA simulates the hunting behavior of humpback whales.
It achieves efficient global search and local exploitation through
the shrinking encirclement and spiral bubble net mechanisms
[50]. Compared to Genetic Algorithm (GA) and Particle Swarm
Optimization (PSO), WOA converges faster. It also shows greater
stability in high-dimensional parameter spaces. In this study, WOA
optimizes the key parameters of VMD (k and «) to improve signal
decomposition accuracy.

In VMD decomposition, each IMF component ideally corre-
sponds to a narrowband mode with a distinct center frequency and
a concentrated spectrum. To assess decomposition quality, this
paper uses minimum envelope entropy as a fitness function to
optimize the decomposition parameters.
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Fig. 2. Flow chart of the VMD algorithm.

The envelope entropy E, is calculated from the envelope signal
a(t), which is obtained from the original signal using the Hilbert
transform. First, the envelope sequence is normalized:

N
gj=a(f)/ > a(i) (8)
i=1

Envelope entropy is defined as:

N
Ep= - glogyg; 9)
=

Envelope entropy serves as a measure of signal complexity.
Lower envelope entropy indicates a more structured and orderly
signal, reflecting higher information content and less noise [51].
Minimizing envelope entropy guides the optimization of VMD
parameters (k, «), enabling the generation of IMF components that
are more regular and stable. This improves both the physical
interpretability of the decomposition results and the effectiveness
of subsequent time-series modeling. The flowchart illustrating the
WOA-based optimization of VMD parameters is shown in Fig. 3.

2.2. Squeeze-and-excitation spatial attention module

The importance of different VMD-derived modes and variables
varies significantly across prediction tasks. Therefore, a spatial
attention module based on the Squeeze-and-Excitation (SE)
structure is integrated to recalibrate spatial feature representation.
As shown in Fig. 4, it adaptively weights features through light-
weight channels to emphasize informative features and suppress
irrelevant ones with low computational cost [52,53]. This mech-
anism improves the ability to learn complex physicochemical
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Fig. 3. Flowchart of the WOA-based VMD parameter optimization process.

processes in petrochemical production, significantly enhancing
prediction accuracy and generalization.

The implementation of the SE module consists of the following
three steps:

2.2.1. Global feature squeeze

Global average pooling is applied along the temporal dimen-
sion of each channel to obtain global feature statistics. The com-
pressed statistics of the i-th feature are given by:

T
2= Fag(%) = 1. > xi(0 (10)
i=1

T denotes the time step. The compressed vector z; represents
the average response of the feature over the current time window.

Excitation

Input Output

Fig. 4. Structure of the SE attention module.
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2.2.2. Adaptive weight excitation

To capture nonlinear dependencies among features, a gating
mechanism using two fully connected layers generates the chan-
nel weight vector s:

si=a(Wr0(W1z)) (11)

here, ¢ denotes the Sigmoid activation function, ¢ denotes the
ReLU activation function, and Wy and W5 are the weight matrices
of the two fully connected layers, respectively.

This step allows the model to automatically identify key and
noisy modes and assign appropriate weights to each.

2.2.3. Feature recalibration
Finally, the weight vector s is multiplied element-wise with the
original feature matrix to obtain the weighted feature matrix x:

)?,':Si'xi (12)

After recalibration, features strongly related to the prediction
task are enhanced, while irrelevant or noise-dominated features
are suppressed. This yields optimized inputs for subsequent TCN
modeling, improving the model’s ability to capture and learn
critical modes.

2.3. Temporal convolutional network model

TCN is a convolutional neural network designed for time series
modeling. It combines causal convolution, dilated convolution,
and residual connections to capture long-term dependencies
while preserving temporal structures. Compared to traditional
RNN, TCN supports parallel and efficient computation, making it
well-suited for modeling complex dynamics in petrochemical
processes.

2.3.1. Causal convolution mechanism

Causal convolution is a fundamental operation in TCN designed
to preserve temporal consistency by preventing information
leakage from future time steps. At any time t, the output depends
only on the current and past inputs within the kernel’s receptive
field. This design ensures that the model learns true causal re-
lationships, as illustrated in Fig. 5.

Assume that the input time series is x(t) = {xo, X1, X2, ..., Xt} and
the convolution kernel is j, then the causal convolution can be
defined as Eq. (13):

Hidden

Input

Xo X1 X2 Xg-2 Xe-1 Xt

Fig. 5. Schematic diagram of causal convolutional network.

-1
p(i)- X (13)

3

o=

1
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o

where p(i) represents the i-th weight of the convolution kernel, m
denotes the size of the kernel, and y(t) is the output at time t.

2.3.2. Dilated convolution structure

Traditional convolutional neural networks often struggle
with time series data due to a limited receptive field. The
fixed kernel size constrains their ability to capture long-term
dependencies-an essential requirement in industrial applica-
tions. While pooling layers can enlarge the receptive field,
they often lead to information loss. In contrast, dilated convo-
lution in TCN introduces a dilation factor d, which inserts gaps
between kernel elements. This design enlarges the receptive
field without reducing resolution, enabling the model to learn
long-time dependencies while preserving data integrity, as
shown in Fig. 6.

The dilated convolution is defined as Eq. (14):

m—1
FO = pl)xe a.i (14)
1=
where t—d-i indicates the direction of the historical data. When
d = 1, the dilated convolution reduces to standard convolution. As
d increases, the kernel can cover a wider temporal range, allowing
the model to capture longer-term dependencies. The receptive
field of dilated convolution grows exponentially with the number
of layers, approximately O(m~2’), allowing TCN to effectively cap-
ture long-term dependencies from multi-scale temporal patterns
in industrial data.

2.3.3. Residual learning block

To address gradient vanishing and explosion during deep
network training, TCN incorporates residual blocks into its archi-
tecture, as shown in Fig. 7. These residual connections alleviate
information loss during training by directly passing input signals
to deeper layers through shortcut paths [54]. Each residual block
contains two dilated convolution layers followed by ReLU activa-
tion. Weight regularization is applied to prevent gradient explo-
sion during training.

As shown in Fig. 8, the TCN architecture comprises
multiple stacked residual blocks. Each block captures
temporal dependencies at different scales using causal and dilated
convolutions, followed by a fully connected layer for final
prediction.

3. Results and Discussion

In order to examine the performance and application potential
of the DATCN model on complex chemical processes, we fully
verify the performance of the model through the TE simulation
process and the industrial FCC process.

3.1. Case study I: Tennessee Eastman process

The TE process is a simulation platform developed by Eastman
Chemical Company, reflecting actual chemical reaction processes.
Its process chart is shown in Fig. 9. The system includes five main
units: reactor, condenser, compressor, separation tower, and
stripping tower. As a standard test platform, the TE process sim-
ulates the dynamic complexities of actual production environ-
ments [55]. The generated data is free from external interference
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Fig. 6. Structure of dilated convolution with different dilation factors.

and displays dynamic variations, nonlinearity, and multi-scale
behaviors. Therefore, this study uses TE process data to validate
the proposed model’s performance.

The TE process has 52 features: 12 control, 19 analytical, and 21
direct measurement features. The verification dataset includes
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Fig. 7. Schematic diagram of residual block structure.

48 h of simulation data under normal conditions, with samples
taken every 3 min, totaling 960 samples. Due to the steady-state
nature of the TE process under normal conditions, the dataset is
limited in size and highly regular. It is split 6:4 into training and
test sets, with the relatively large test set used to rigorously
evaluate the model’s prediction accuracy and generalization in
small-sample conditions. The model’s performance is validated
using the mole content of component A in the purge as the target
feature.

To reduce model complexity and improve prediction accuracy,
we adopt the Filter-Wrapper model proposed by our group for
feature selection [31]. The selected optimal feature subset is listed
in Table 1.

Based on the feature selection results, VMD is first applied to
decompose the TE data. Given the differences in physical mecha-
nisms and frequency characteristics among process variables such
as temperature and flow rate, each variable is independently
decomposed in sequence with a unified mode number k to
maintain a consistent input structure. The parameters k € [2,8]
and «<[200, 3000] are optimized using WOA, yielding optimal
values of k = 5 and a = 1721. Under these parameters, VMD de-
composes the signal into five IMF components, as shown in
Fig. 10(a). For n variables, decomposition yields n x k IMF com-
ponents, which are concatenated along the channel dimension to
form a high-dimensional input matrix xi; € R (), Each IMF is
then used as input to the TCN model for individual prediction, and
the outputs are reconstructed to obtain the final prediction of the
target variable, as shown in Fig. 10(b). The prediction results
demonstrate that the DATCN model not only captures the overall
data distribution accurately but also mitigates the influence of
non-stationarity on predictions, yielding more stable and consis-
tent results.

To further evaluate the model’'s prediction accuracy, Fig. 11
presents the distributions of the true and predicted values, along
with their relative errors. The results show strong consistency
between the two distributions, with most relative errors below
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0.01, confirming the high accuracy of the DATCN model. This
performance is primarily attributed to DATCN’s multiscale signal
processing and modeling strategy, which allows the model to
capture the overall dynamic characteristics of the data and sup-
press noise.

To comprehensively evaluate model performance, DATCN is
compared with standard TCN, several hybrid models (TCN-LSTM,
TCN-GRU, and CNN-LSTM), as well as Transformer and graph

neural network (GNN) models. The predicted results of different
models are presented in Fig. 12.

As shown in Fig. 12, the TCN model (Fig. 12(a)) can reasonably
predict trend changes in the data, but its prediction curve exhibits
significant sawtooth fluctuations. This indicates that the single TCN
structure is highly sensitive to high-frequency noise, leading to
unstable prediction results and relatively scattered point cloud
distributions. The hybrid models TCN-LSTM (Fig. 12(b)) and TCN-
GRU (Fig. 12(c)) leverage the memory capabilities of RNN units to
mitigate the non-stationarity. However, they fail to effectively
capture the global trend and show lower prediction accuracy.
The prediction curves of CNN-LSTM (Fig. 12(d)), Transformer
(Fig. 12(e)), and GNN models (Fig. 12(f)) are overly smooth, almost
eliminating local details and transient fluctuations. This is due to
their global or strong feature extraction mechanisms, such as CNN
pooling, Transformer global attention, and GNN neighborhood ag-
gregation, which can excessively smooth signals rich in high-
frequency dynamics.

To evaluate model performance, Root Mean Square Error
(RMSE), Mean Square Error (MSE), Mean Absolute Error (MAE),
and Relative Error (RE) are used to assess prediction accuracy
and stability, as shown in Fig. 13. The results show that DATCN
consistently outperforms all baseline models. Its prediction er-
ror is reduced by at least 23.43%, with a maximum improvement
of 52.94% over the other models. This performance improve-
ment is primarily attributed to DATCN’s multi-scale collabora-
tive modeling mechanism. VMD decomposes non-stationary
signals into multiple scales, reducing signal volatility and
enhancing stationarity. The spatial attention mechanism adap-
tively emphasizes key modal features while suppressing
redundant information, improving the effectiveness of input
features. TCN efficiently captures long-range temporal de-
pendencies through causal and dilated convolutions, fully
leveraging historical dynamic information. The synergy of these
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Compactor
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Fig. 9. Process flow diagram of the TE process.
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Table 1

M. Luo et al. / Chinese Journal of Chemical Engineering 95 (2026) 313—327

Optimal feature subset for the TE process.

Feature ID

Description Feature ID Description
XMEAS7 The pressure of reactor XMEAS18 The temperature of stripper
XMEAS10 Venting rate XMEAS19 The steam flow of stripper
XMEAS11 The temperature of separator XMEAS20 Compressor power
XMEAS13 Liquid level of separator XMV1 D feed flow
XMEAS16 Liquid level of stripper XMV3 A feed flow
DATCN
(a)
33.25]

X X

= =

§ 32.75 §

o

= 3225 %

= =

—— True value
——— Predicted value

0 100 200 300 400
Samples

Fig. 10. Results of component A in the TE process: (a) VMD decomposition; (b) DATCN prediction comparison.

three components across temporal, spatial, and frequency do-
mains not only suppresses noise effectively but also preserves
high-frequency physical details. This approach avoids jagged
fluctuations and excessive smoothing commonly seen in other
models, achieving superior prediction accuracy and stability on
TE data.

To further validate DATCN'’s practical performance, a case study
from an industrial petrochemical unit is presented next to
demonstrate the model’s effectiveness under highly volatile and
noisy conditions.

3.2. Case study II: industrial FCC process

FCC process is a key unit in deep petroleum refining,
primarily used to convert heavy oil into fuel oil and light
olefins [56]. It consists of three main subsystems: the
reaction-regeneration system, the fractionation system, and the
absorption—stabilization system. Among these, the reaction-
regeneration system is central to the process and includes the
riser reactor, disengager, and regenerator, forming a raw
material-product-catalyst circulation system [57]. This system is
characterized by tightly coupled flow, reaction, heat transfer, and
mass transfer processes, exhibiting strong nonlinearity, multi-
scale behavior, and nonstationary dynamics [8,58]. In practice,
even minor variations in reaction conditions can significantly
impact system performance, with disturbances propagating
throughout the riser-disengager-regenerator loop due to strong
causality. Consequently, the development of a high-precision
prediction model is crucial for optimizing FCC operations and
guiding process parameter adjustments.
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Fig. 11. Relative error distribution of DATCN for component A in the TE process.

This study evaluates the performance of DATCN by predicting
the gasoline yield from an FCC unit at a refinery in Northwest
China. The schematic of the reaction-regeneration system is
shown in Fig. 14.

This study utilizes 97 DCS feature bit numbers of industrial
data, spanning 90 days with a sampling interval of 20 min,
resulting in a total of 6480 entries. To enhance data completeness
and accuracy, preprocessing is required. First, missing data is filled
using polynomial interpolation based on neighboring cycles. Then,



34

34

N

=

g

2

g 33

o

Lo

3

=
32
34

N

=

=

2

g 33

o

3

3

P>
32
34

N

=

g

g 33

Qo

]

3

=
32
34

N

=

=

2

g 33

o

o

3

=
32
34

N

=

=

2

g 33

o

Lo

3

=
32

N

=

=

L

g 33

o

o

3

=
32

Fig. 12. Prediction comparison of component A in the TE process using different models: (a) TCN; (b) TCN-LSTM;

M. Luo et al. / Chinese Journal of Chemical Engineering 95 (2026) 313—327

(a) TCN
xX
[ )
' \‘ ‘ 3
\h '\ (MH M , ' ‘ nu .;)
Ll 1 -
| ”W ! <
—— True Value '\ l &
—— Predicted Value
0 100 200 300 300
Samples
X
)
=2
<
>
k=l
2
Q
._g
—— True Value &
—— Predicted Value
0 100 200 300 300
Samples
© TCN-GRU
X
)
=
<
>
=}
L
Q
2
g
A~
0 100 200 300 400
Samples
@ CNN-LSTM
xX
)
=
<
>
k=l
2
Q
._q..:
—— True Value £
—— Predicted Value
0 100 200 300 400
Samples
(e) Transformer
X
)
=
<
>
k=l
]
Q
§
—— True Value £
——— Predicted Value
0 100 200 300 400
Samples
® GNN
xX
)
=
<
>
k=l
2
Q
._q‘.:
—— True Value &
——— Predicted Value
0 T00 200 300 200
Samples

34

33

32

34

33

32

34

33

32

34

33

32
34

33

32
34

33

32

32 34
[ ]

37 34
[ ]

32 33 34

32 33 34
True value/%
K o,"/ °
| 2 18
° o g ° e
il ©
32 33 34

True value/%

321

(c) TCN-GRU; (d) CNN-LSTM; (e) Transformer; (f) GNN.
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Fig. 14. Process flow diagram of the reaction-regeneration system in the FCC process.

outliers are removed using the standard deviation of the data and
the PauTa criterion.

Given the large number of features, feature selection is per-
formed prior to modeling and validation. The hybrid Filter-
Wrapper feature selection method, proposed by Lan’s group, is
employed, and its effectiveness has been validated in several
complex petrochemical processes. This method identifies 34 fea-
tures most relevant to the target features. Table 2 lists the de-
scriptions and corresponding DCS bit numbers of the optimal
feature subsets. For data security reasons, the actual bit numbers
are omitted.

The optimal feature subset selected includes features such as
the flow rate of raw material atomizing vapor, the flow of pre-
lifting dry gas and vapor, the steam flow rate in the stripping
section, fluidized and conveying air flow rates in the catalyst
cooler, as well as temperatures and pressures in key system
components such as the riser, disengager, regenerator, and
catalyst cooler. To verify the relevance of these features, a
mechanism analysis is conducted. The flow rates of raw material
atomizing vapor, pre-lifting dry gas, pre-lifting vapor, and steam
in the stripping section directly influence the flow of oil, gas,
and catalyst, which in turn affect product yield [59]. The tem-
peratures in the riser, disengager, regenerator, and of the cata-
lyst directly impact reaction selectivity and catalyst activity
[60]. Similarly, the pressures in the riser, disengager, and
cyclone affect catalyst flow and distribution, influencing
both reaction selectivity and yield. The pressure drop across the
spent catalyst slide valve determines the catalyst circulation
and fluidization, influencing its contact with the oil. Addition-
ally, the FCC unit may experience excess heat, affecting
reaction depth. The catalyst cooler serves to cool the catalyst,
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Table 2
Optimal feature subset for the industrial FCC unit.
Feature ID Description Feature ID Description
FIC001 The flow rate of raw material atomizing vapor TIA003 The temperature of catalyst in the small-scale feeding
line
FIC002 The flow of pre-lifting dry gas in riser TI006 The temperature at the lower part of the dilute phase in
the regenerator R-102
FIC003 The flow of pre-lifting vapor in riser TICA002 The temperature of the dense phase in the regenerator
R-102
FIC004 The steam flow rate in the stripping section TIO07 The temperature at the main air inlet of the regenerator
coke burning drum
FIC005 The flow of combustion oil to regenerator R-102 TIO08 The temperature of the catalyst in the cold regenerator
feed line
FI001 The fluidized air flow rate in catalyst cooler R-103A TIA004 The temperature of the gas collection chamber at the
top of the regenerator R-102
FI002 The fluidized air flow rate in catalyst cooler R-103B TIO09 The temperature at the upper part of the catalyst cooler
R-103A
FI003 The conveying air flow rate in catalyst cooler R-103B TIO10 The temperature at the upper part of the catalyst cooler
R-103B
TIA001 The outlet temperature of oil and gas from the top of TIO11 The temperature at the middle section of the catalyst
disengager R-101 cooler R-103A
TIOO1 The bottom temperature of the first reaction region in TIO12 The temperature at the bottom section of the catalyst
riser cooler R-103A
TI002 The inlet temperature of the single-stage cyclone in PI001 The feedstock pressure of the riser reactor R-101A
disengager R-101
TICA001 The temperature of the pre-lifting section in the riser PDRCA001 The pressure drop across the spent catalyst slide valve
reactor R-101A
TIO02A The temperature of gas collection chamber in the top of PDROO1 The pressure drop across the single-stage in the
the R-101 disengager R-101
TIOO3 The upper temperature of the dilute phase in the PDR002 The pressure drop of the primary cyclone in the
disengager R-101 disengager R-101
TI004 The upper temperature of the dilute phase in the PDIA0O1 The balance pressure difference in the riser reactor
disengager R-101
TIO05 The bottom temperature of the dilute phase in the PDRA001 The pressure drop across the catalyst cooler slide valve
disengager R-101
TIA002 The catalyst temperature in the large-scale feeding line WRO001 The catalyst level of catalyst cooler

removing excess heat and regulating the regenerator tempera-
ture [61]. Therefore, the fluidized and conveying air flow,
along with the temperature and catalyst level in the catalyst
cooler, play a crucial role in product yield. By combining
hybrid Filter-Wrapper feature selection with mechanism anal-
ysis, this study identifies 34 key features as inputs for the
DATCN model, thereby improving the prediction accuracy for
gasoline yield.

It is worth noting that this study specifically focuses on
predicting gasoline yield over a continuous future period, which
differs from traditional regression tasks and presents significant
challenges in industrial systems. Industrial FCC data exhibits
strong nonlinearity, non-stationarity, and high noise, making
models with limited historical samples prone to underfitting.
Therefore, unlike the 6:4 training-test split used for the TE
process, this study adopts an 8:2 split based on chronological
order. The first 80% of the data forms the training set, enabling
the model to fully capture long-term dependencies and latent
dynamic trends. The remaining 20% serves as the test set to
evaluate the model’s generalization and stability over future
periods. This time-sequence-based partitioning not only reflects
real industrial scenarios where historical data are leveraged to
predict future outcomes but also effectively prevents temporal
information leakage from random shuffling.

To evaluate the performance of the DATCN model proposed in
this paper, Figs. 15 and 16 present its application results in FCC
gasoline yield prediction using the optimal feature subset from
Table 2, along with a comparative analysis against multiple
models. As illustrated in the figures, the predicted values of

DATCN closely track the dynamic trajectory of the actual data,
while the tight clustering of scatter points along the diagonal line
confirms the model’s high accuracy and robust stability. While
other models perform well in regions with minor fluctuations
(e.g., after 500 sample points), their accuracy declines in areas
with larger fluctuations (0-500 sample points). This indicates
their difficulty in handling complex industrial time-series data
and capturing its dynamic characteristics. In contrast, the DATCN
model maintains its predictive accuracy even in regions with
significant fluctuations, highlighting its robustness for industrial
data.

The performance metrics of the different models are presented
in Fig. 16(h). The DATCN model demonstrates significant advan-
tages across four metrics: RMSE, MSE, RE, and MAE, with all values
achieving optimal results. Specifically, compared to other models,
the DATCN model reduces MSE by 43.38% to 60.64%, RMSE by
24.75% to 37.26%, MAE by 22.91% to 36.88%, and RE by 23.88% to
37.71%. These results validate the DATCN model’s superior
accuracy and reliability in predicting complex petrochemical
processes.

This performance enhancement is attributed to the frame-
work’s effective decoupling of multi-scale information and
its hierarchical modeling capability. Specifically, VMD de-
composes complex industrial signals into physically meaningful
intrinsic modes. Subsequently, the SE attention mechanism
adaptively highlights the dominant modes of critical variables,
such as riser reaction temperature and regeneration pressure,
thereby filtering out noise and ensuring feature clarity.
Finally, TCN utilizes causal dilated convolutions to capture
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Fig. 15. Prediction comparison of gasoline flow rate in the FCC process using different models: (a) DATCN; (b) TCN; (c) TCN-LSTM; (d) TCN-GRU; (e) CNN-LSTM; (f) Transformer;

(g) GNN.

multi-scale dynamic features. Its expanded receptive field covers
extended time windows, enabling the precise capture of
nonlinear cumulative effects from historical disturbances on
current yield.

In summary, the performance enhancement of DATCN
transcends the mere accumulation of model complexity. Instead, it

stems from the synergistic integration of frequency-domain
decoupling, feature recalibration, and causal sequence modeling.
This synergy effectively reconciles the trade-off between noise
suppression and dynamic pattern capture, ensuring enhanced
accuracy and stability in predicting complex petrochemical
processes.
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4. Conclusions

To address the strong nonlinearity, multiscale characteristics,
and non-stationarity of petrochemical process data, this paper
proposes the DATCN prediction framework, which integrates
mode decomposition, attention mechanisms, and TCN in a syner-
gistic manner. VMD decomposes raw signals into modes at mul-
tiple scales. The attention mechanism adaptively recalibrates
these features to emphasize key dynamics while suppressing
noise. TCN captures long-term dependencies through causal
dilated convolutions, enabling robust prediction of complex
process dynamics.

Comparative experiments on the TE process and real industrial
FCC unit data show that DATCN consistently outperforms several
benchmark models in both prediction accuracy and stability across
various process variables, demonstrating its robustness and prac-
tical applicability in industrial processes.

Despite its strong performance, deploying DATCN faces chal-
lenges related to computational complexity and sensitivity to
changes in operating conditions. Future research will focus on
two main directions: (1) developing lightweight feature decom-
position and parameter adaptation techniques for online
deployment, and (2) incorporating domain knowledge through
physics-informed learning to improve interpretability and
maintain predictive consistency under prolonged and complex
operating conditions.
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