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a b s t r a c t

Coking at the fractionating tower bottom and the decant oil circulation system disrupts the heat balance,
leading to unplanned shutdown and destroying the long period stable operation of the Fluid Catalytic
Cracking Unit (FCCU). The FCCU operates through interconnected subsystems, generating high-
dimensional, nonlinear, and non-stationary data characterized by spatiotemporally correlated. The
decant oil solid content is the crucial indicator for monitoring catalyst loss from the reactor-regenerator
system and coking risk tendency at the fractionating tower bottom that relies on sampling and labo-
ratory testing, which is lagging responsiveness and labor-intensive. Developing the online decant oil
solid content soft sensor using industrial data to support operators in conducting predictive maintenance
is essential. Therefore, this paper proposes a hybrid deep learning framework for soft sensor develop-
ment that combines spatiotemporal pattern extraction with interpretability, enabling accurate risk
identification in dynamic operational conditions. This framework employs a Filter-Wrapper method for
dimensionality reduction, followed by a 2D Convolutional Neural Network (2DCNN) for extracting spatial
patterns, and a Bidirectional Gated Recurrent Unit (BiGRU) for capturing long-term temporal de-
pendencies, with an Attention Mechanism (AM) to highlight critical features adaptively. The integration
of SHapley Additive exPlanations (SHAP), Complementary Ensemble Empirical Mode Decomposition
with Adaptive Noise (CEEMDAN), 2DCNN, and expert knowledge precisely quantifies feature contribu-
tions and decomposes signals, significantly enhancing the practicality of risk identification. Applied to a
China refinery with processing capacity of 2.80 � 106 t/a, the soft sensor achieved the R2 value of 0.93
and five-level risk identification accuracy of 96.42%. These results demonstrate the framework's accuracy,
robustness, and suitability for complex industrial scenarios, advancing risk visualization and
management.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/

4.0/).
1. Introduction

Fluid Catalytic Cracking Unit (FCCU) is a crucial technology in
refining for both energy efficiency and stable production. Refineries
are realizing the vision of an efficient, safe, and environmentally
friendly industry through digital and intelligent transformation
(Wu et al., 2024). However, FCCU is the highly complex installation,
with multiple operation units, multi risk coupling characteristics,
and the potential source of major hazards (Mkrtchyan et al., 2022).
Due to the tightly coupled correlation among subsystems,
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deteriorating abnormal conditions can escalate safety risks and
lead to unplanned shutdowns, disrupting long period stable oper-
ation and resulting in economic losses (Agarwal et al., 2022;
Leveson and Stephanopoulos, 2014). Creating an appropriate bal-
ance between safety and economic goals has always been the focus
of refineries (He et al., 2024; Liu et al., 2024). The coking failures
degrade operating conditions, progressively reducing decant oil
circulation and steam output, causing pipeline blockages, dark-
ening diesel oil color, and ultimately limiting product quality and
increasing safety risks. Decant oil solid content primarily results
from catalyst loss in the reactor-regenerator system and coke for-
mation in the fractionating tower bottom and decant oil circulation
system. Catalyst fines enter the decant oil, increasing coking cen-
ters, while catalyst particles in high-temperature environments act
as nucleation sites, accelerating the polymerization of polycyclic
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aromatic hydrocarbons, resins, and asphaltenes. Therefore, any
increase in decant oil solid content-whether from catalyst or coke
particles-signals the elevated coking risk tendency in the system.
Due to technical and economic constraints, decant oil solid content
cannot be directly measured by hardware sensors and rely instead
on manual, offline lab analyses, causing time delays. This approach
fails to meet the FCCU's requirement for real-time risk monitoring,
which necessitates immediate integration of fundamental process
mechanisms and risk factors to construct the soft sensor, enabling
proactive intervention and ensuring safe production.

The advancement of instrumentation and automation technology
in refineries generates comprehensive operational data, essential for
the soft sensor development (Fisher et al., 2020). Soft sensors, critical
for advanced process control, optimization, and monitoring, provide
real-time online estimations of difficult-to-measure variables by
leveraging correlations with easily measurable process variables
(Kadlec et al., 2009). This overcomes limitations such as lowsampling
rates and offline risk monitoring, particularly valuable in FCCU ap-
plications due to resilience against predictive maintenance (Sun and
Ge, 2021). Data-driven soft sensors, utilizing operational data from
Distributed Control Systems (DCS) and Laboratory Information
Management Systems (LIMS), offer a more precise representation of
real-time operational conditions in FCCU (Ferreira et al., 2022).
However, the industrial data of FCCUs is characterized by high-
dimensional, nonlinear, and non-stationary, necessitating advanced
feature extraction techniques to capture coupled spatiotemporal re-
lationships. Traditional data-driven methods, such as Principal
Component Analysis (PCA) and Artificial Neural Networks (ANN), are
constrainedbyshallowarchitectures, limiting their capacity to extract
complex, nonlinear patterns in large-scale processes under fluctu-
ating operational conditions, resulting in lower convergence and
generalizability (Perera et al., 2023).

Capturing spatiotemporal correlations through hybrid Deep
Learning (DL)methodologies in soft sensordevelopment is crucial for
enhancing predictive accuracy, thereby maintaining process safety
and product quality (Y. Z. Liu et al., 2024; Wang et al., 2024). Hybrid
architectures integratingDL techniques like the Convolutional Neural
Network (CNN), Long Short Term Memory Network (LSTM), and
Attention Mechanism (AM) (Qin and Zhao, 2022) enhance the risk
management across applications, including gas leakage detection
(Kopbayev et al., 2022) and chemical process fault diagnosis
(Arunthavanathan et al., 2021), by leveraging multiscale spatiotem-
poral dependencies for robust performance. The final premise of risk
management involves identifying potential risk factors and conse-
quences, enabling predictive and prescriptive strategies to improve
the decision-making process and prevent accidents. While hybrid
modeling techniques achieve credible results in industrial prediction
tasks, their inherent 'black-box' nature remains the limitation in risk
monitoring, where model transparency is essential for effective risk
management (Zhang et al., 2024). The eXplainable Artificial
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Intelligence (XAI) has emerged for addressing interpretability chal-
lenges (Bhakte et al., 2022), with SHapley Additive exPlanation
(SHAP) analysis offering notable post-hoc insights, that improve un-
derstanding of model intrinsic decision-making mechanisms
(Sharma Timilsina et al., 2024). Integrating SHAP analysis with the
decant oil solid content soft sensor enables operators to handle the
coking anomaly at the fractionating tower bottom while identifying
critical risk factors, thus supporting subsequent risk identification
through signal decomposition. The convergence of signal processing
and DL techniques provides a robust framework for continuous risk
identification (Cui et al., 2024). High-frequency signals, such as flow
and temperature, are valuable due to their rich operational informa-
tion across extensive time scales; these signals are meticulously
analyzed in the time-frequency domain to detect fluctuating opera-
tional conditions in FCCUs. Numerous studies have been dedicated to
characterizing the features contained in these signals (Liu et al., 2020).
Signal processing methods, including time-frequency domain anal-
ysis, Empirical Mode Decomposition (EMD) (Yuzgec et al., 2024),
Ensemble Empirical Mode Decomposition (EEMD) (Xue et al., 2024),
and Complementary Ensemble Empirical Mode Decomposition with
Adaptive Noise (CEEMDAN) (Kim et al., 2022), have demonstrated
remarkable success in signal decomposition. This integrated
approach harnesses the strengths of both signal processing and DL
techniques, enabling automated andhigh-accuracy risk identification
and adaptation in complex industrial scenarios.

In conclusion, the decant oil solid content soft sensor for coking
risk tendency monitoring at the fractionating tower bottom, which
faces hurdles due to intertwined spatiotemporal pattern com-
plexities and DL model opacity. This study proposes a hybrid DL
framework for soft sensor development to enhance system safety
and responsiveness. The framework, applied to China's refinery
with a capacity of 2.80� 106 t/a, models the decant oil solid content
soft sensor and employs the five-level risk identification, improving
coking risk management at the fractionating tower bottom. The
structure of this paper is as follows: Section 2 introduces the pro-
posed framework, Section 3 details a case study for a 2.80 � 106 t/a
FCCU, and Section 4 provides a summary of the findings.

2. Methodology

2.1. Problem statement

Soft sensors are crucial for process control and performance
monitoring, as they estimate critical quality variables that are
difficult or costly to measure in real time, thereby enhancing
product quality and risk management. By integrating into feedback
control systems, soft sensors provide accurate, real-time estima-
tions, replacing expensive hardware sensors and enabling informed
adjustments by human operators to maintain process stability and
safety, as shown in Fig. 1.
Plant input

Input process
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f industrial soft sensor.
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The decant oil circulation system in FCCUs plays a crucial role in
process stability but is highly susceptible to coking. At the frac-
tionating tower bottom, decant oil, containing asphaltenes, resins,
and macromolecular hydrocarbons, undergoes dehydrogenation
and condensation reactions at high temperatures, accelerating coke
formation. Solid content increases due to catalyst loss in the
reactor-regenerator system and coke deposition within the tower
and circulation system. Catalyst fines, with low mechanical
strength and poor sphericity, are carried into the decant oil,
creating additional coking centers. These catalyst particles act as
nucleation sites, adsorbing polycyclic aromatic hydrocarbons and
other large organic molecules, which aggregate into coke-like
structures (Oloruntoba et al., 2022; Zhang et al., 2021). Over time,
the aggregation and deteriorating phase solubility lead to the
transition from soft to hard coke, exacerbating fouling and opera-
tional challenges, as shown in Fig. 2. Thus, any increase in decant oil
solid contentdwhether from catalyst or coke particlesdsignals
heightened coking risk tendency. Since decant oil solid content is
critical for monitoring catalyst loss and coking risk tendency,
traditionally assessed via labor-intensive, lagging sampling and
laboratory tests, developing a soft sensor for real-time measure-
ment is imperative for enhancing operational stability, preventing
downtime, and improving economic efficiency.

2.2. Overview of the proposed framework

To construct the decant oil solid content soft sensor for moni-
toring coking risk tendency at the fractionating tower bottom, DL,
SHAP analysis, expert knowledge, and data decomposition tech-
niques are integrated. The overarching soft sensor modeling
framework is depicted in Fig. 3.

The decant oil solid content soft sensor development framework
is structured into three hierarchical stages:

Feature Dataset Construction: Data preprocessing is followed by
feature selection using the Filter-Wrapper method, creating the
optimal feature subset to balance information content and
computational efficiency.

Soft Sensor Model Construction: The 2D Convolutional Neural
Network (2DCNN)-Bidirectional Gated Recurrent Unit (BiGRU)-AM
architecture integrates multi-level feature extraction and bidirec-
tional modeling to adaptively extract the spatiotemporal pattern in
the FCCU's nonstationary data. Hyperparameters are optimized
using the Random Searchmethod, enhancing the generalizability of
the decant oil solid content soft sensor.

Risk Identification: SHAP analysis bridges the soft sensor and
risk identification by quantifying feature impacts and integrating
data insights with expert knowledge to identify coking risk factors
and classify risk levels. CEEMDAN decomposes signals into Intrinsic
Mode Functions (IMFs), capturing time-frequency domain and
fluctuations, which enhances 2DCNN's ability to identify anomalies
and extract features across spatiotemporal scales.
Time, d

Fig. 2. The coking process at the fractionating tower bottom.
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2.2.1. Filter-Wrapper method
The proposed Filter-Wrapper feature selection framework,

illustrated in Fig. 4, combines the ReliefF-based Filter method with
the Genetic Algorithm (GA)-basedWrapper method that utilizes K-
Nearest Neighbors (KNN) for learning.

ReliefF evaluates the importance of each feature Xi by estimating
its relevance to the target variable Y. The number of features and
information content is balanced through the reconstructed feature
contribution and cumulative feature contribution to get the rough
feature dataset (Liu et al., 2022). The weight Wi for each feature is
calculated using:

Wi ¼Wi þ

Pm
j¼1

ðDðXi;nearestHitðjÞÞ � DðXi;nearestMissðjÞÞÞ

m
(1)

where m is the number of instances, D is a distance function,
nearestHit(j) is the closest instance of the same class, and near-
estMiss(j) is the closest instance of a different class.

A population of feature subsets is initialized, each subset Sk
representing a potential solution. In the Wrapper stage, the per-
formance of each subset is evaluated using a fitness function F(Sk).
KNN is employed to learn from the data:

FðSkÞ¼
1
n

Xn
i¼1

ðyi � byiÞ2 (2)

where n is the number of instances, yi is the actual value, and byi is
the predicted value using KNN.

This integration enhances the generalization of the decant oil
solid content soft sensor and reduces overfitting. The proposed
Filter-Wrapper method is provided in Table S1 of the supplemen-
tary material.

2.2.2. Architecture construction for soft sensor
This architecture integrates spatial and temporal feature

extraction with AM and dropout regularization for precise predic-
tion of decant oil solid content, as detailed in Fig. 5. The process
begins with an input sequenceX ¼ ½X1;X2;/;XT �, where each XT is a
data vector at time step T.

Initially, the 2DCNN layer processes the input X to capture
spatial dependencies through convolutional operations. This layer
produces spatial features PT using the convolutional filter Wconv

and bias bconv, followed by the Max pooling operation to distill
essential patterns and reduce computational complexity:

PT ¼PoolingðsðWconv*XT þ bconvÞÞ (3)

where s denotes the activation function, and * represents the
convolution operation. The Max pooling operation aggregates
feature information, enhancing robustness by retaining critical
patterns while mitigating noise.

Subsequently, the output from the 2DCNN, PT , is then fed into a
BiGRU network which captures temporal dependencies in both
forward and backward directions. This results in forward hidden

states H
!

T and backward hidden states H
)

T :

H
!

T ¼GRUf

�
PT ; H

!
T�1

�
H
)

T ¼GRUb

�
PT ; H

)

Tþ1

�
(4)

These hidden states encapsulate the temporal evolution of
spatial features, allowing the model to discern temporal patterns
crucial for prediction accuracy. To mitigate overfitting and bolster
generalization, the hidden states from the BiGRU layer are sub-
jected to a Dropout layer. Dropout randomly zeroes a fraction of



Fig. 3. The overall diagram of soft sensor development framework.
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input units during training, as controlled by the dropout rate p,
thereby promoting redundant representations:

HDrop
T ¼DropoutðHT ;pÞ (5)

where HDrop
T represents the BiGRU hidden states post-dropout. This

mechanism enhances model robustness by preventing excessive
reliance on specific feature subsets.

The dropout-processed hidden states HDrop
T are then refined

using an AM, which assigns weights to each time step to create a
context vector CT , emphasizing the most pertinent features for
prediction. The attention scores aT are computed through a soft-
max function on similarity scores vT :
3045
vT ¼ tanh
�
WaH

Drop
T þ ba

�
(6)

aT ¼
exp ðvTÞP
T 0 exp ðvT 0 Þ (7)

CT ¼
XT

i¼1
aTH

Drop
T (8)

whereWa and ba are the parameters of the attention layer. The AM
selectively enhances significant spatiotemporal features, aligning
model focus with critical sequence aspects.



Fig. 4. The proposed Filter-Wrapper feature selection schematic diagram.
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Finally, the context vector CT , enriched with both spatial and
temporal features, is passed through a dense layer to generate the

final prediction bYT :

bYT ¼ sðWdCT þ bdÞ (9)

where Wd represents the weights, bd the biases, and s the activa-
tion function used to produce the output. The dense layer in-
tegrates the learned features to output a prediction that reflects the
current state of decant oil solid content.

The 2DCNN architecture effectively enhances model accuracy in
industrial applications by capturing spatial correlations among
operational parameters (Yuan et al., 2020). Its hierarchical feature
extraction through convolution layers enables fine-grained and
broader spatial pattern recognition, as depicted in Fig. 6, essential
Spatial dependence module Tem
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for robust coking risk tendency monitoring in FCCU, while
parameter sharing and translation invariance improve model
performance.

The 2DCNN operator can be expressed as Eq. (10).

v
xy
ij ¼ f

 X
z

XMi�1

m¼0

XNi�1

n¼0

umn
ijk v

ðxþmÞðyþnÞ
ði�1Þk þ bij

!
(10)

where v
xy
ij is the value of the cell at the spatial location (x, y) in the

jth element map of the ith layer, f(,) is the activation function, k is
the index of the set of feature maps connected to the (i�1)th layer
of the current feature map, umn

ijk denotes the value at the ijk position

(m, n) of the kernel connected to the kth feature map, Mi and Ni

denote the height and width of the kernel, and bij denotes the
deviation of this feature map.

In Fig. 7, the architecture employs AM for its superior capability
in selective feature aggregation and contextual awareness,
dynamically assigning importance to features at each time step.
Unlike fully connected layers that treat all features uniformly, AM
adjusts weights contextually, capturing intricate spatiotemporal
dependencies crucial for accurate risk monitoring in FCCU. GRU, a
simpler variant of LSTM with fewer parameters, uses update and
reset gates for improved convergence and information retention.
Traditional sequential models like LSTM and GRU have limitations
in capturing relationships between distant data points. To over-
come this, the BiGRU is employed, processing input time series
through forward and backward GRU units explained by the
following Eqs. (11)e(13), enhancing the ability to learn features
from both directions and improving long-period time dependence
modeling. This dynamic, responsive feature aggregation and bidi-
rectional processing enhance model performance.

H
!

t ¼GRU
�
xt $ H

!
t�1

�
(11)
poral dependence module

Dropout Attention module

H1
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HtDrop

HT-1
Drop

HTDrop
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^
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^
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^

YT
^

f coking soft sensor.
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H
)

t ¼GRU
�
xt $ H

)

tþ1

�
(12)

Ht ¼wt H
!

t þ vt H
)

t þ bH (13)

where GRU(,) denotes the nonlinear transformation. The weights

wt and vt correspond to the forward hidden state H
!

t�1 and reverse

hidden state H
)

tþ1 for BiGRU, respectively. The term bH represents
to bias associated with the hidden state at t time.
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2.2.3. Methodology for risk identification
Fig. 8 illustrates the framework for coking risk identification.

Initially, CEEMDAN decomposes the signals into multiple IMFs and
reduces noise handling complex nonlinear and non-stationary
signals. The 2DCNN then extracts intricate spatiotemporal pat-
terns from the IMFs while capturing local dependencies and in-
teractions crucial for adapting to different operational conditions.
SHAP analysis quantifies the contributions of features to decant oil
solid content prediction. This interpretable layer is refined through
expert knowledge, validating key operational factors like temper-
ature, flow, and pressure. This hybrid approach enhances model
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transparency, credibility, and precise, real-time risk assessment,
advancing predictive maintenance in monitoring coking risk ten-
dency at the fractionating tower bottom.

Despite the absence of the consensus in the industry or litera-
ture for the boundary values and corresponding risk levels of
decant oil solid contentdlargely attributable to process variability
across refineries and the consequent reliance on individual opera-
tional experiencedthis study adopts expert experience, recognized
as the reliable approach to risk ranking, by drawing on extensive
plant knowledge and operator insights to define the boundary
values for decant oil solid content. Since catalyst fines, coke parti-
cles, and other impurities collectively constitute decant oil solid
content, with catalyst fines predominating and accelerating solid
accumulation and promoting coke formation, these thresholds are
essential for preserving operational stability. By the refinery's
operational guidelines and empirical observations of how solid
content fluctuations affect equipment performance, 5.5 and 13.5 g/
L are designated as lower and upper limits, corresponding to
normal and shutdown conditions, respectively, while intermediate
intervals delineate warning, serious, and failure risk levels. Notably,
the wider interval (5.5e9.5 g/L) enables early detection and flexible
Fig. 9. The decant oil solid content risk levels.
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intervention, thus minimizing unnecessary adjustments, whereas
the narrower intervals (9.5e11.5 g/L and 11.5e13.5 g/L) provide
more precise control under higher risk scenarios, as shown in Fig. 9.
This five-level risk classification approach provides structured
monitoring, targeted safety responses, enhanced operational sta-
bility, and an optimal balance of cost with risk, facilitating long-
term stable operation.

Model interpretability involves the understanding intrinsic
decision-making mechanism within the prediction. SHAP, groun-
ded in game theory, allocates optimal credits using Shapley values
to estimate feature importance. It provides clear visualizations and
ensures fair distribution of prediction credits, enhancing trust in
the model. The following is a brief description of its principle.

fðiÞ¼
X

S3fx1;…;xpg=fxjg
jSj!ðp� jSj � 1Þ!

p!
ðf ðS

[
fxpgÞ� f ðSÞÞ

(14)

where fðiÞ denotes the attribute value for each feature i, f ð $Þ is the
soft sensor's output, S represents the subset of risk factors, xj rep-
resents the feature j of risk factors, p is the number of risk factors.

Decoupling the multiscale information from highly nonlinear
FCC industrial data, which encompasses process details such as
flow, reaction, mass transfer, and heat transfer, is crucial for accu-
rately identifying coking risks. The advantage of the CEEMDAN-
2DCNN architecture in FCCU risk identification lies in its ability to
effectively decompose noise and nonlinear interferences while
capturing spatiotemporal dependencies. CEEMDAN decomposes
risk factors into IMFs, effectively extracting multiscale information
and reducing noise interference. Combined with 2DCNN's convo-
lution operations in both temporal and spatial dimensions, this
approach captures spatiotemporal dependencies among the IMFs.
For XðtÞ, representing the signal of risks factors, the calculation of
the latter modal component continues until all the residual signals
RðtÞ can no longer be decomposed. The termination criterion is that
the maximum number of extremum points of RðtÞ should not
exceed two. When the algorithm terminates, if the number of
modal components is T, the final RðtÞ is given by Eq. (15):
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RðtÞ¼XðtÞ �
XT
i�1

IMFiðtÞ (15)

Finally, the original signal XðtÞ is expressed as shown in Eq. (16):

XðtÞ¼
XT
i�1

IMFiðtÞ þ RðtÞ (16)

3. Case study

3.1. Descriptions of FCCU

The FCCU comprises several interconnected operational units,
including the reactor-regenerator system, fractionation, and ab-
sorption stabilization, as shown in Fig. 10. These subsystems exhibit
strong coupling correlations, resulting in high-dimensional,
spatiotemporally correlated data. Given the continuous nature of
production, fluctuations in crude oil properties and market de-
mands lead to dynamic changes in the production environment
and operational conditions. Consequently, various operating pa-
rameters require periodic adjustments, making FCCU data highly
nonlinear and complex. Abnormal conditions, such as coking and
catalyst loss, frequently occur, posing significant safety hazards,
causing unplanned shutdowns, and reducing production efficiency.
In particular, monitoring decant oil solid content is crucial for
assessing the coking risk tendency at the fractionating tower and
circulation system. However, current daily sampling methods are
inefficient and insufficient for real-time decision-making. There-
fore, developing a soft sensor for decant oil solid content is vital for
enhancing FCCU operational stability, improving safety, and opti-
mizing overall production efficiency.

3.2. Decant oil solid content soft sensor

3.2.1. Optimal feature dataset construction
The industrial data from a refinery in China, with a processing

capacity of 2.80 � 106 t/a, spans from June 2018 to September 2021
and consists of DCS datawith six selected variables: external heater
density, dry gas outlet flow, diesel outlet flow, cold feed flow,
decant oil recycle flow to the tower, and external heater air riser
density, as shown in Fig. 11. DCS data, with its high sampling fre-
quency, real-time availability, and direct correlation with
Fractionatio

 

Reactor-regenerator unit

Fig. 10. The flowc
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operational parameters, provides the necessary temporal resolu-
tion and consistency required for accurate and reliable online
monitoring. In contrast, LIMS data is characterized by low sampling
frequency, significant time lag, low data density, and frequency
mismatches among different physical variables, limiting its appli-
cability for deployment in industrial field applications. The high
dimensionality and non-stationarity of the data demand advanced
feature selection and extraction methods to capture essential
spatiotemporal patterns. Additionally, sensor errors and production
adjustments introduce noise and nonlinearity, necessitating a
robust and adaptable model for accurately monitoring the coking
risk tendency. To ensure consistency between input and output
variables, the high-frequency DCS data (one sample per minute) is
downsampled to a daily frequency. This frequency adjustment
aligns with the low-frequency measurement of decant oil solid
content, which exhibits long-term trends with minimal short-term
fluctuations, supports practical industrial decision-making, and
better aligns with industrial operating conditions. Notably, a nearly
two-monthmaintenance period from February 8 toMarch 21, 2020,
resulted in a synchronized downward trend across multiple vari-
ables, followed by gradual recovery. This period serves as an
important validation of the decant oil solid content soft sensor,
demonstrating its generalizability and effectiveness in capturing
dynamic process variations.

The dataset comprises 102 operational variables. Initially, the
ReliefF-based Filter method is used for preliminary selection.
Fig. 12(a) reveals the weight of each feature in predicting decant oil
solid content, with the first 20 variables having significant and
varied weights, indicating their importance. Variables 20 to 80
show comparable importance with slower weight change, while
variables after 80 have smaller and less varied weights. Fig. 12(b)
illustrates the cumulative contributions of feature weights. The 19,
35, and 47 variables account for cumulative contributions of 50%,
70%, and 90%, respectively. The addition of variables slows from 16
to 12 when cumulative contributions increase by 20%. However, the
final 10% of cumulative contributions involve 55 variables, adding
5.5 per 1% increase, indicating lesser relevance. Thus, setting a 90%
cumulative contribution threshold reduces the number of variables
from 102 to 47.

Fig. 13 shows that the GA-KNN-based Wrapper method yields a
progressive reduction in F(Sk) and feature count with each iteration,
ultimately stabilizing at 17 variables and achieving aMean Absolute
Percentage Error (MAPE) of 6.3%. The optimal feature dataset and
associated descriptions for the decant oil solid content soft sensor is
detailed in Table S2 of the supplementary material.
n unit Absorption stabilization unit

hart of FCCU.
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Fig. 12. (a) Results of feature weights, (b) reconstruction and cumulative feature contribution.
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Fig. 11. The typical DCS data presentation for FCCU.
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3.2.2. Hyperparameter optimization
Constructing a robust decant oil solid content soft sensor in real

industrial settings demands detailed consideration of architecture
design and hyperparameter optimization, balancing factors such as
model complexity, computational efficiency, and performance. The
running environment is on an Intel(R) Core(TM) i9-10980XE CPU @
3.00 GHz, 64.0 GB of RAM, and Windows 10. The decant oil solid
content soft sensor uses the keras_tuner package to conduct Ran-
domSearch optimization, allowing for exploration of the hyper-
parameter space, integrated with TensorFlow 2.x and Keras, thus
enabling the discovery of the optimal configuration for enhanced
model performance and generalization. Table 1 presents the
hyperparameters to be optimized, including the conv1_filters,
3050
conv2_filters, conv3_filters, lstm_units, dropout_rate, and
optimizer.

As shown in Fig. 14, hyperparameter optimization is crucial for
balancing computational efficiency and generalization, ensuring
robust performance under varying operational conditions. The
optimal architecture, detailed in Table S3 of the supplementary
material, employs sequential convolution layers (filters of 16, 32,
and 16 with kernel sizes of 5 � 5, 4 � 4, and 3 � 3, respectively) to
capture spatial patterns effectively. A 32-unit BiGRU captures
temporal dynamics, leveraging bidirectional learning for the long-
period dependency. Adaptive AM enhances the soft sensor's focus
on the critical spatiotemporal pattern, while batch normalization
and a dropout rate of 0.5 bolster stability and mitigate overfitting.



Table 1
Configurations of the hyperparameters range.

Hyperparameters Selection range

Conv1_filters [16, 32, 64]
Conv2_filters [16, 32, 64]
Conv3_filters [16, 32, 64]
GRU_units [32, 64, 128]
Dropout_rate [0.2, 0.3, 0.5]
Optimizer [Adam, Rmsprop, SGD]
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Fig. 15. (a) The prediction results of 1DCNN-BiGRU-AM and 2DCNN-BiGRU architec-
tures, (b) the prediction result of 2DCNN-BiGRU-AM architecture.
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Optimized with an MAE loss function, batch size of 24, and time
step of 8, this configuration enables real-time decant oil solid
content monitoring at the fractionating tower bottom and aids
decision-making.

3.2.3. Performance comparison analysis
Fig. 15 shows the comparison prediction results. To evaluate the

performance of the spatial and temporal pattern extraction mod-
ules, the ablative study is constructed to compare the spatial de-
pendency extraction of 2DCNN versus 1DCNN and the long-term
temporal extraction capabilities of BiGRU-AM versus GRU. The
1DCNN-BiGRU-AM and 2DCNN-BiGRU architectural parameters are
shown in Tables S4eS5 of the supplementary material.

During the maintenance period from 8 February to March 21,
2020, data gaps are intentionally left unfilled to evaluate model
generalization and robustness. The 1DCNN-BiGRU-AM architecture
struggles with high-frequency variations (see Fig. 15(a)), while the
2DCNN-GRU architecture shows performance deterioration post-
0.0165

0.0160

0.0155

0.0150

0.0145

0.0140

0.0135

0.0130

va
l_

m
ae

20 40 60 20 40 60 20 40 60

Conv1_filters Conv2_filters Conv3_filters

Fig. 14. The results of hyp

3051
maintenance. In high-dimensional industrial data with spatial
correlations, 2DCNN outperformed 1DCNN in capturing spatial
dependencies, effectively modeling interactions between opera-
tional variables in the reactor-regenerator and fractionating system.
Interdependent factors, such as fractionation tower bottom level,
temperature, decant oil circulation volume, and recycled volume,
all impact decant oil solid content. By extracting these spatial de-
pendencies, 2DCNN enhances predictive accuracy under complex
operational conditions.

BiGRU-AM further strengthens the architecture by capturing the
long-term dependence and emphasizing crucial temporal patterns
through AM, which improves recognition of trends and significant
temporal signals, including temperature and pressure fluctuations
that may indicate the coking risk tendency. This ability to identify
essential patterns forms a foundation for reliable risk monitoring,
facilitating early warning and informed decision-making. The
2DCNN-BiGRU-AM architecture thus demonstrates adaptability to
fluctuations due to maintenance and operational adjustments, ac-
commodating new data distributions while maintaining predictive
accuracy (see Fig. 15(b)). Combining 2DCNN for spatial feature
extraction with BiGRU-AM's temporal modeling, this architecture
proves practical for FCCU applications, characterized by complex
reactions, dynamic production schedules, interconnected sub-
systems, and non-stationary data.

As shown in Fig. 16(a), the 2DCNN-BiGRU-AM architecture ex-
cels across multiple error indicators, including MSE, Root Mean
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Fig. 16. (a) Error analysis of five indicators, (b) fitted curves plot of predicted vs. actual values.

Table 2
Comparison results of computational time, memory usage, and total parameters.

Model Training time, s Testing time, s Memory, MB Total parameters

1DCNN-BiGRU-AM 240.5 0.9232 2.111 19460
2DCNN-GRU 249.7 0.8558 2.025 26321
2DCNN-BiGRU-AM 299.3 0.9288 2.168 30788
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Squared Error (RMSE), MAE, andMAPE. The decant oil solid content
soft sensor (Fig. 16(b)) achieves R2 values of 0.95 and 0.93 with
MAPE values of 0.028 and 0.031 on the training and test sets. This
high predictive accuracy, combined with its robustness and
adaptability to dynamic data, underscores the architecture's sig-
nificant advantages for monitoring coking tendency at the frac-
tionating tower bottom.

Next, the decant oil solid content soft sensor is compared with
the above comparison architectures regarding computational time,
-2 0 2 4 6 8
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memory usage, and the number of parameters on the FCCU dataset,
as shown in Table 2. The comparison results highlight the 2DCNN-
BiGRU-AM architecture's capability for decant oil solid content
monitoring without requiring more computational resources.
3.3. Coking risk identification

Fig. 17(a) shows the impact of individual feature variables of the
decant oil solid content soft sensor. SHAP values quantify each
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variable's positive or negative contribution to the output, while the
dot distribution reflects the influence of variable values. The color
gradient (blue for lower values, red for higher values) illustrates the
relationship between feature variables and decant oil solid content.
Fig. 17(b) displays the average SHAP values, highlighting each var-
iable's overall contribution to predictions. In FCCU operations,
FIC1116 regulates fluidized air in the external heat exchanger,
crucial for dissipating excess heat from the regenerator and main-
taining thermal equilibrium. Effective control of the regenerator's
heat load is vital for stable operation. FIC1105 manages the two-
phase fluidized air flow rate, which is critical for catalyst circula-
tion between units. Furthermore, TI1202A and PI1102, which con-
trol the temperature and feed pressure of raw oil to R-101A, play a
key role in stabilizing the reaction-regeneration system, affecting
the mixing, vaporization, and reaction of crude oil with the re-
generated catalyst.

CEEMDAN is an effective tool for addressing the time-varying
and nonstationary characteristics of the four risk factors identi-
fied through SHAP analysis. As illustrated in Fig. 18, CEEMDAN
decomposes TI1202A into individual IMFs, isolating the time-
frequency domain and reducing noise. This decomposition yields
multiscale features that significantly enhance the generalization
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capabilities of the 2DCNN across various operational conditions,
improving its ability to detect early-stage risks.

Table S6 in the supplementary material provides the detailed
parameters of the risk identification architecture, which classifies
decant oil solid content into five risk levels by integrating
CEEMDAN-based decomposition with 2DCNN. The confusion ma-
trix in Fig. 19(a) illustrates precise classification across “Normal,”
“Warning,” “Critical,” “Failure,” and “Shutdown” states, with minor
misclassifications occurring mainly between adjacent levels during
transitional phases, likely due to dynamic shifts in operational
conditions and response delays. Achieving an average accuracy of
96.42%, the architecture effectively detects subtle changes,
demonstrating robustness under complex conditions, such as
maintenance and operational adjustments. As shown in Fig. 19(b),
the accuracy, precision, recall, and F1 scores are 0.961, 0.986, 0.972,
and 0.983, underscoring its strong signal-processing capabilities
and adaptability to complex operational conditions, validating its
reliability in decant oil solid content monitoring.

The ROC curve in Fig. 20 illustrates the model's classification
performance across risk levels, plotting the true positive rate (TPR)
against the false positive rate (FPR). Notably, the ROC curve is un-
affected by the risk level distribution, with an AUC value closer to 1
indicating stronger discrimination capability for decant oil solid
content risk levels. Achieving a mean AUC of 0.964, the model
0.961
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demonstrates excellent classification results, underscoring the soft
sensor's effectiveness in distinguishing between risk states in
fractionating tower bottom scenarios. An analysis of Fig. 19(a)
alongside the ROC curve reveals variability in recognizing specific
risk states: the model accurately identifies “Critical” and “Shut-
down” states, with accuracies of 97.72% and 97.06%, likely due to the
distinctive features of these states. “Normal” state recognition also
performs well, with an accuracy of 96.69%, highlighting robust
detection under stable conditions. However, effectiveness de-
creases for the “Warning” and “Failure” states, particularly in
transitional phases like risk onset or rapid changes, as indicated by
misclassification rates of 4.82% and 4.55%, respectively. Despite
challenges in managing boundary uncertainties, the risk identifi-
cation architecture demonstrates strong overall precision and
adaptability across risk levels.
4. Conclusion

This paper presents a framework for developing decant oil solid
content soft sensor that integrates DL, interpretable analytics,
expert knowledge, and data decomposition techniques. Imple-
mented in a Chinese refinery with a processing capacity of
2.80 � 106 t/a, this framework facilitates coking risk management
at the fractionating tower bottom, enabling proactive staff inter-
vention and ensuring stable production. The following conclusions
are drawn:

� By applying the ReliefF-based Filter method followed by the GA-
KNN-based Wrapper method to 102 operational variables, 19,
35, and 47 variables are selected, contributing 50%, 70%, and 90%
of cumulative importance. Ultimately, this process reduces the
variables to 17, resulting in a stable MAPE of 6.3% for the decant
oil solid content soft sensor.

� The 2DCNN-BiGRU-AM architecture effectively captures spatial
and temporal dependencies in nonstationary data, achieving an
R2 of 0.93 on the test dataset for the decant oil solid content soft
sensor, post-optimization of the hyperparameters, without a
significant increase in computational resource consumption.

� The SHAP methodology, combined with expert knowledge,
identifies FIC1116, FIC1105, TI1202A, and PI1102 as key risk
factors involving temperature, flow, and pressure variables. By
integrating CEEMDAN's multiscale decomposition with
2DCNN's spatiotemporal feature extraction, the architecture
attains the accuracy of 96.42%, demonstrating robust and pre-
cise five-level risk identification.

The proposed approach improves risk management and pre-
dictive maintenance. Future work will focus on integrating high-
frequency DCS data with lower-frequency LIMS data for more ac-
curate real-time industrial risk monitoring. Additionally, address-
ing scalability and robustness challenges through advanced AI
techniques and cloud-edge-device architectures will enhance
computational efficiency.
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