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a b s t r a c t

The fractionating tower bottom in fluid catalytic cracking Unit (FCCU) is highly susceptible to coking due
to the interplay of complex external operating conditions and internal physical properties. Consequently,
quantitative risk assessment (QRA) and predictive maintenance (PdM) are essential to effectively manage
coking risks influenced by multiple factors. However, the inherent uncertainties of the coking process,
combined with the mixed-frequency nature of distributed control systems (DCS) and laboratory infor-
mation management systems (LIMS) data, present significant challenges for the application of data-
driven methods and their practical implementation in industrial environments. This study proposes a
hierarchical framework that integrates deep learning and fuzzy logic inference, leveraging data and
domain knowledge to monitor the coking condition and inform prescriptive maintenance planning. The
framework proposes the multi-layer fuzzy inference system to construct the coking risk index, utilizes
multi-label methods to select the optimal feature dataset across the reactor-regenerator and fraction-
ation system using coking risk factors as label space, and designs the parallel encoder-integrated decoder
architecture to address mixed-frequency data disparities and enhance adaptation capabilities through
extracting the operation state and physical properties information. Additionally, triple attention mech-
anisms, whether in parallel or temporal modules, adaptively aggregate input information and enhance
intrinsic interpretability to support the disposal decision-making. Applied in the 2.8 million tons FCCU
under long-period complex operating conditions, enabling precise coking risk management at the
fractionating tower bottom.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

Fluid catalytic cracking unit (FCCU) is the critical secondary
process in petroleum refining, essential for converting heavy oil
into lighter, more valuable products [1]. The deterioration of
crude oil quality, complex process mechanisms, and harsh
operating conditions in the FCCU result in over one-third of
alarms and more than half of unplanned shutdowns, significantly
increasing the risk of incidents [2]. Among them, coking failure
deteriorates operating conditions, progressively decreasing

decant oil circulation, reducing steam output, causing pipeline
blockages, darkening diesel oil color, and ultimately limiting
qualified product output and posing safety risks. The typical
coking risk affecting the long period stable operation in the FCCU
arises from the fractionating tower bottom and the decant oil
circulation system. This coking failure increases energy con-
sumption, reduces processing capacity, and disrupts the heat and
gas-liquid balance, as excess heat from the decant oil cannot be
removed. Such imbalances can result in tower flooding, reaction
pressure fluctuations, and, in severe cases, unplanned
shutdowns.

Maintenance strategies in oil and gas industry have shifted
from traditional reactive approaches to predictive and pre-
scriptive strategies, fundamentally transforming FCCU opera-
tions and maintenance [3,4]. This evolution aims to optimize
decision-making in predictive maintenance (PdM) [5], support-
ing activity planning by leveraging insights from historical
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degradation patterns and forecasting future operation states
[6,7]. Effective use of data collected through digital trans-
formation requires specialized knowledge to enhance decision-
making, as maintenance must navigate numerous constraints
from process mechanisms and operational adjustment, compli-
cating the formulation and execution of maintenance plans
[8,9]. To address this, multi-criteria decision analysis methods
allow for independent assessments of the maintenance land-
scape [10]. Traditional analysis methods, however, often fall
short due to data imprecision and uncertainty, motivating the
adoption of fuzzy logic (FL) within PdM [11]. With applications
in risk assessment [12], FL supports robust decision-making in
complex industrial scenarios, transforming raw industrial data
into actionable risk indicators by encoding expert knowledge in
fuzzy sets and rules, managing semantic uncertainty effectively
[13,14].

The complex external operation state and internal physical
properties contributing to fractionating tower bottom coking
failure necessitate the joint use of distributed control systems
(DCS) and laboratory information management systems (LIMS)
data to assess the coking condition accurately. This means that
credible coking condition requires a comprehensive evaluation of
operation states and physical properties. The encoder-decoder
architecture effectively accommodates the mixed-frequency na-
ture of DCS and LIMS data, with multiple encoder modules
extracting distinct feature vectors to enhance information
extraction and fusion [15e17]. This diversified feature learning
captures a comprehensive operation state of the fractionating
tower bottom and the decant oil circulation system. Specifically,
high-quality feature embedding generated by the encoder sup-
ports reliable coking condition monitoring as the decoder sepa-
rately processes each block before integrating their outputs [18].
To achieve this, the deep learning (DL) architecture extends
feature vectors via concatenation, facilitating extracting features
related to operation state and physical properties across parallel
blocks [16,19]. Integrating multi-label feature selection (MFS)
with architecture design, grounded in process mechanisms, en-
ables optimal feature representation for comprehensive coking
condition monitoring, capturing the full range of critical risk
factors [20]. MFS methods-filter, wrapper, and embedded-differ
in their interaction with learning algorithms. Filter methods,
independent of specific algorithms, assign weights to feature
dimensions using information theory or statistical techniques.
This weighting aids interpretability, making it essential for
models that incorporate expert knowledge and require trans-
parency [21].

This study proposes a hierarchical framework combining data-
driven DL and knowledge-driven FL methods, enabling a
qualitative-to-quantitative transition in coking condition moni-
toring. and successfully applied it to optimize coking risk man-
agement in a large-scale refinery. The main contributions are
highlighted below:

1) Developed a multi-layer fuzzy inference system to construct a
coking risk index, effectively addressing the inherent uncer-
tainty of coking processes.

2) Designed a parallel encoder-integrated decoder architecture
with triple attention mechanisms (AMs) to extract and fuse
features from reactor-regenerator and fractionation systems,
resolving the challenge of mixed-frequency in DCS and LIMS
data.

3) By integrating data-driven models with domain knowledge, the
framework achieves a qualitative-to-quantitative shift in coking
condition monitoring, enabling transparent and actionable
decision-making for coking PdM.

The remainder of this paper is as follows: Section 2 describes the
proposed framework, Section 3 details a case study in industrial
scenarios, and Section 4 summarizes of the findings.

2. Methodology

2.1. Problem statement

Deterioration of crude oil is the primary cause of coking at the
fractionating tower bottom. High operating temperatures and
catalyst particles further contribute to thermal condensation re-
actions. Hydrogenation readily occurs under high temperatures,
with the catalytic effects of oxygen and metals generating aro-
matic radicals and initiating chain reactions, forming polymers.
These polymers accumulate, adhere to equipment surfaces, and
deposit in low-flow areas like heat exchangers. The resulting
coking particles accelerate mechanical wear and pose a more se-
vere threat by blocking flow paths, disrupting the tower’s thermal
balance, and deteriorating product quality. Excess heat buildup
further destabilizes heat and gas-liquid equilibrium, potentially
leading to tower flushing, pressure fluctuations, unplanned
shutdowns, increased energy consumption, and reduced pro-
cessing capacity.

As illustrated in Fig. 1, coking frequently occurs at critical
locations, including feed control valves, herringbone baffles,
tower bottom outlets, return tower pipes, pumps, heat
exchanger tubes, and steam generators. These deposits disrupt
decant oil circulation, cause pump failures, block pipelines, and
diminish steam generation. In extreme cases, uncontrolled coke
accumulation necessitates unplanned shutdowns, resulting in
significant economic losses, underscoring the urgent need for
targeted monitoring and mitigation strategies to enhance sys-
tem reliability and operational continuity. Consequently, quan-
titative risk assessment (QRA) and PdM are essential for
effectively managing coking risks and ensuring long-term stable
operation.

2.2. Overview architecture

The overview architecture, as shown in Fig. 2, integrates data
and knowledge-driven methods for monitoring coking conditions.
It consists of three sequentially connected components: the con-
struction of the optimal feature dataset and coking risk index,
which then imports the parallel encoder-integrated decoder ar-
chitecture to address mixed-frequency data and enable PdM.

1) A robust feature dataset is constructed to monitor coking con-
ditions through MFS. The label space is defined by risk factors
derived from expert knowledge, while the feature space en-
compasses industrial datasets spanning the reactor-regenerator
and fractionation systems. The MFS process systematically
searches, evaluates, and ranks feature subsets to identify the
most relevant input variables for prediction, ensuring accuracy
and reliability.

2) A multi-layer fuzzy inference system is implemented to
construct the coking risk index. This system integrates DCS and
LIMS datawith expert-derived knowledge. The determination of
risk factors, criteria, and risk levels is guided by causal analysis
and validated through operator consultations. Membership
functions, fuzzy rule bases, and inference engines collabora-
tively quantify the coking risk, enabling precise and interpret-
able assessments of process safety.

3) To address the mixed-frequency challenges, the parallel
encoder-integrated decoder architecture is proposed. This ar-
chitecture effectively captures the dynamics of DCS data
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(representing operation states) and LIMS data (characterizing
crude oil and decant oil properties). Triple AMs are embedded to
enhance interpretability, handle non-stationarity, and provide
insights into coking anomaly traceability. The resulting outputs
support PdM by offering actionable countermeasures for miti-
gating coking risks.

2.2.1. Multi-layer fuzzy inference system
FL, proposed by Zadeh [22], utilizes fuzzy sets to analyze fuzzy

reasoning, linguistic expressions, and underlying principles,
serving as valuable tools for decision support. FL is used to
represent uncertainty in opinions and address simulating
nonlinear systems, theoretically enhancing the effectiveness of
nonlinear conduction in the coking risk index. Converting quali-
tative assessments into quantitative evaluations through fuzzy set
theory facilitates comprehensive evaluation of objects or pro-
cesses influenced by multiple factors [12]. This study couples
causal analysis and FL to construct the coking risk index. Fig. 3
depicts the multi-layer fuzzy inference system for the coking
risk index.

The collection Fi ¼ ff1; f2;/; fng, consisting of n major risk fac-
tors. The multi-layer FL system takes into account physical prop-
erties and operation state collected from DCS and LIMS dataset as
inputs. The procedural steps are as follows.

(1) Fuzzification: Based on expert knowledge and process
mechanism, the criteria Ci ði¼ 1;2;/;nÞ for each risk factors

are aggregated, and the corresponding coking risk levels Li ¼
fl1; l2;/; l5g are determined under abnormal coking condi-
tions. Clear data F , Ci, and L are taken as input. The degree of
the appropriate fuzzy set is determined using the Gaussian
membership function, as shown in Eq. (1), which is used for
nonlinear data, especially in industrial scenarios with high
uncertainty and noise.

mðf Þ¼ exp

 
� ðx� cÞ2

2s2

!
(1)

where c is the mean value and s is the standard deviation.

(2) Inference engine: The inference engine implements the
Mamdani inference algorithm [23]. A fuzzy rule base con-
tains a set of fuzzy IF-THEN rules as shown in Eq. (2) which
are generally derived from expert experience and process
mechanism.

Rulei : if f1 is Si1; and f2 is Si2; and/fn is Sin then Cindex is I
i (2)

where Rulei represents the ith fuzzy rule, Si1 and Ii are linguistic
values defined by fuzzy sets, fn and Cindex are the risk factors and
coking risk index linguistic variables.

(3) Defuzzification: The centroid method, as shown in Eq. (3), is
applied for defuzzification because it exhibits the convenient
property of continuity. It ensures that when the coking risk

Fig. 1. Coking phenomenon at the fractionating tower bottom and the decant oil circulation system.
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factor is at a critical value, the fractionation system’s risk index
changes gradually, avoiding sudden and drastic adjustments.

Y ¼

ð
mðf Þfdfð
mðf Þdf

(3)

where Y quantitative coking risk index; mðf Þ is the membership
value.

2.2.2. Multi-label feature selection
Multi-label learning allows instances to be associated with

multiple labels simultaneously. To ensure comprehensive coverage
of equipment units and process parameters, this study employs
MFS methods to reduce dimensionality and enhance model

performance for coking condition monitoring. Fig. 4 illustrates the
form of a multi-label dataset. Suppose that Z ¼ fðYi;Xi; FiÞjYi 2Yg is
the domain and range of multi-label data. Y ¼ fY1;Y2;Y3;/;Ymg
represents the FCCU operation set of samples;
X ¼ fX1;X2;X3;/;Xmg represents the FCCU operation set of fea-
tures; F ¼ fF1; F2; F3;/; Fmg is the risk factors set of labels.

Relief is a classical filter-based feature selection method was
initially designed for binary classification. Its extension, ReliefF,
improves multi-label handling by searching for k nearest neigh-
bors. RReliefF, a further refinement, is robust to noisy data and
missing values, making it well-suited for regression tasks with
continuous targets [24]. This adaptability renders RReliefF ideal for
processing industrial big data.

RReliefF employs a dissimilarity function to identify nearest
instances, using their proximity as partial weights to estimate

Fig. 2. The overall architecture for coking condition monitoring.

Fig. 3. Multi-layer fuzzy inference system for coking risk index.
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feature importance. Unlike strictly univariate ranking measures,
RReliefF accounts for attribute interactions, directly processing
multi-label data without transformation. In this study, the
normalized Hamming distance (HD) [25] is used as the dissimilarity
measure, which counts differing labels. Formally, for two multi-
label sets Ya and Yb, HD is defined in Eq. (4).

HDðYa; YbÞ ¼
jYa∪Ybj � jYa∩Ybj

q
(4)

where jYa
S

Ybj � jYa
T

Ybj counts the number of labels which are
different in Ya and Yb. q represents the total number of labels in the
label space.

2.2.3. Parallel encoder-integrated decoder architecture
DCS and LIMS data are considered types of multi-source data

characterized by a distinct sampling frequency. To extend feature
vectors from the DL architecture design, simultaneous use of
multiple encoder modules can bridge information islands and
improve the model’s processing capability. AMs, irrespective of
whether they attend in a temporal or a parallel module, adaptively
process and aggregate input information and make it accessible to
the target, which circumvents the need for frequency alignment
and provides intrinsic interpretability.

The target variables sequence is defined as C ¼ ðc1; c2;/; cnÞT ¼
ðc1; c2;/; cT Þ2Rn�T , where T represents the window size, and n
denotes the number of features. The input optimal features is X ¼
ðx1; x2;/; xmÞT ¼ ðx1; x2;/; xT Þ2Rm�T and L ¼ ðl1; l2;/; lnÞT ¼
ðl1; l2;/; lT Þ2Rn�T .

The parallel encoder architecture, depicted in Fig. 5, uses the
gated recurrent unit (GRU)-base encoder to process the mixed-
frequency input sequence. It generates the hidden layer state h0t
and ht at current time step from the input xt , lt and previous hidden
layer state h0t�1 and ht�1. The encoder state is shown in Eq. (5).

h0t ¼GRUenc
�
xt ; h0t�1

�
ht ¼GRUencðlt ;ht�1Þ

(5)

In encoder module I, the attention score e0mt for the mth feature

of input sequence xm ¼ ðxm1 ; xm2 ;/; xmT ÞT at time t is computed using
the previous time hidden state h0t�1 and the hyperbolic tangent
function (tanh). This approach is similarly applied in encoder
module II, as shown in Eq. (6).

e
0m
t ¼V

0T
e tanh

�
Weh

0
t�1þU

0
ex

mþb
0
e
�

ent ¼VT
e tanh

�
aeht�1þUelnþbe

� (6)

The attention scores, matching the length of input sequence, are

computed at each step of the encoder. In encoder module I, V
0
e,We,

U0
e, and b0e are the weight matrixes and bias terms learned during

training. The Softmax function normalizes these scores to derive
the feature importance wm

t . This process is analogous in encoder
module II, as shown in Eq. (7).

wq
t ¼ Softmax

�
e
0m
t
�¼ exp

�
e
0m
t
�

Pn
i¼1

exp
�
e0m
t
�

ant ¼ Softmax
�
ent
�¼ exp

�
ent
�

Pn
i¼1

exp
�
ent
�

(7)

Using probabilities to weight the input sequence to obtain the

update sequence ~xt and ~lt , as shown in Eq. (8).

~xt ¼
�
w1

t x
1
t ;w

2
t x

2
t ;/;wm

t x
m
t

�T
~lt ¼

�
a1t l

1
t ;a

2
t l

2
t ;/;ant l

n
t

�T (8)

Then, the hidden state of the encoder at time t can be updated,
as shown in Eq. (9).

h
0enc
t ¼ GRUenc

�
~xt ; h

0enc
t�1

�
henct ¼ GRUenc

�
~lt ; henct�1

�
(9)

The parallel encoder module performs feature extraction at
different frequencies, and the input is reconstructed in the inte-
grated decoder module, a channel fusion mechanism. Function
concatenateð$Þ is mainly used to fuse the channel of different
feature maps. The process is formulated as shown in Eq. (10):

Henc
t ¼ concatenate

�
h0enct þhenct

�
(10)

where h0enct represents the output feature map of high-frequency
encoder module I, henct represents the output feature map of low-
frequency module II.

The architecture of the integrated decoder module is illustrated
in Fig. 6. The temporal AM assigns weights to different time steps,
highlighting their influence on the target variables. This process
generates time-weighted features, enhancing the model’s sensi-
tivity to the volatility patterns within the time series. Similar to the
input AM, the attention score lkt at time t on the previous hidden
state dt�1 of the kth hidden state, as defined in Eq. (11).

lkt ¼ VT
d tanh

�
Wddt�1 þ UdH

enc
t þ bd

�
;1 � k � T (11)

where Vd,Wd, Ud, and bd are the weight matrixes and bias obtained
by training process.

The attention scores are normalized by the Softmax function,
indicating the importance of the kth hidden state at time t, as
shown in Eq. (12).

bkt ¼ Softmax
�
lkt
�
¼

exp
�
lkt
�

PT
j¼1

exp
�
lkt
� (12)

The context vector, defined in Eq. (13), is obtained through a
weighted summation of attention scores and hidden states across
all time steps in the decoder. It encapsulates both feature correla-
tions and historical time-series information.

Fig. 4. The form of multi-label dataset.

N. Liu et al. / Chinese Journal of Chemical Engineering 84 (2025) 35e46 39



ct ¼
XT
k¼1

bkt hk (13)

Dynamic decoding in the integrated decoder module combines
the previous output ft�1 to compute the hidden state ddect�1 after
processing all hidden state outputs. The formula f is detailed in Eq.
(14).

ddect ¼GRUdec

�
ft�1; d

dec
t�1; ct

�
(14)

Finally, through the fully connected layer, previous hidden layer
state ddect�1, and context vector ct�1 are nonlinearly combined to

obtain the output sequence yt , as shown in Eq. (15). Moreover, ~W

and ~b are the weight matrix and bias of the memory cell in the
model.

yt ¼ tanh
�fWddect�1 þ ~b

�
(15)

2.3. Coking condition monitoring framework

The framework consisting of the offline stage and online stage
for monitoring coking condition that integrates DL, expert knowl-
edge, and multi-source industrial data to achieve coking PdM is
shown in Fig. 7. In the offline stage, causal analysis identify Li, Ci, Fi,
which are incorporated into a multi-layer fuzzy inference system to
construct the coking risk index. Combined with MFS, the mixed-
frequency dataset is constructed. To address the asynchronous
nature of DCS and LIMS data, a parallel encoder-integrated decoder
architecture is developed, enabling the fusion of mixed-frequency
features and optimizing the model for accuracy and interpret-
ability. In the online stage, real-time monitoring of the coking risk
index triggers weight-based dynamic analysis of risk factors when
the risk level is exceeded, enabling precise localization of anomaly
variables and root causes identification combined causal analysis
for targeted disposal.

3. Case Study

3.1. Offline stage

3.1.1. Descriptions of FCCU
This study investigates the coking condition at the fractionating

tower bottom of a 2.8-million-ton FCCU. In Fig. 8, the dataset spans
from 31 December 2021 to 15 December 2022, during which
scheduled equipment maintenance occurs between 14 August and
10 September 2022. In collaboration with a refinery, comprehen-
sive DCS and LIMS datasets are obtained that cover the entire FCC
process, including the reactor-regenerator, fractionation, and
refining units. The datasets include 603 DCS variables and 101 LIMS

Fig. 5. The architecture of Parallel Encoder module.

Fig. 6. The architecture of Integrated Decoder module.
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indicators. Based on external operating conditions, 220 DCS vari-
ables are selected from upstream units of the decant oil circulation
system to characterize the operational state of the plant, serving as
the feature pool for monitoring the coking risk. In addition, five
categories of crude oil and slurry physicochemical properties are
identified that represent intrinsic factors contributing to coke for-
mation. After preprocessing, the dataset contains 27158 records for
each DCS variable and 1791 records for each LIMS indicator.

3.1.2. Coking risk index
As shown in Fig. 1, ensure stable operation of the fractionating

tower bottom and decant oil circulation system, with adequate heat
extraction to maintain operational flexibility amid changes in
processing capacity. Based on fractionation system operation
mechanisms and experience, the cause of coking at the fraction-
ating tower bottom is attributed to five main categories: crude oil
and decant oil properties, solid content in decant oil, decant oil

Fig. 7. The framework of coking condition monitoring.

Fig. 8. Part of the risk factors.
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circulation volume, bottom temperature, and liquid level. Thus,
compromising the crude oil properties, product quality, and oper-
ation state, 11 risk factors Fi and their criteria Ci are defined, as
detailed in Table 1.

Human language inherently involves semantic uncertainty;
fuzzification addresses this by mapping input data to linguistic
categoriesdfuzzy setsdwith membership degrees ranging from
0 to 1. As detailed in the Supplementary Material (Fig. S1 for
physical properties and Fig. S2 for operational states), these fuzzy
sets stratify linguistic variables into three risk levels (low, medium,
high) according to predefined criteria and thresholds, such that
values below the lower bound denote low risk and those above the
upper bound denote high risk. The outputs of this fuzzification
process feed into the initial layer of the multi-layer fuzzy inference
system, whose subsequent layer integrates physical and opera-
tional assessments to compute a unified coking risk index
normalized on a 1�100 scale and partitioned into five categories
(safety, minimal, low, moderate, high). Finally, the membership
functions illustrated in Fig. 9 assign continuous weights across
these five levels, enabling site operators to implement tiered
countermeasures by progressive risk management principlesd-
where intervention decisions are proportionally calibrated to the
assessed severity of riskdthereby ensuring timely responses
without overreaction or delay.

Fig. 10 illustrates the coking risk index constructed using the
multi-layer fuzzy inference system. Prior to maintenance in
August 2022, the index reaches the moderate to high risk regions,
correlating with fluctuating operating conditions and increased
coking tendency during low-load operations. During the equip-
ment maintenance period (14 August-10 September 2022), the
risk index drops sharply into the minimal risk and safety ranges.
Following the restart, the index surges back into the moderate to
high risk, mainly due to the purchased equilibrium catalyst con-
taining more fines, which elevated catalyst loss and increased
decant oil solid content. The coking risk index accurately reflects
real-time operating conditions and coking tendencies, triggering a
warning state when its value exceeds 60. By incorporating mul-
tiple risk factors and expert knowledge, the multi-layer fuzzy
inference system effectively captures gradual and abrupt risk-
level shifts. The adaptation of the coking risk index to adjust
dynamically according to operational variables underscores its
practical applicability for real-time monitoring and decision-
making in industrial settings.

3.1.3. Optimal feature subset
The optimal feature dataset for coking condition monitoring

is constructed by applying MFS, using risk factors as the label
space and the industrial dataset across the reactor-regenerator and
fractionation systems as the feature space. Fig. 11(a) presents the
result of RReliefF-based MFS. The cumulative contribution of

reconstructed feature weights is calculated to identify the crucial
feature [26]. Specifically, the cumulative contributions of 95%, 97%,
and 99.7% are achieved with 19, 23, and 69 variables, as shown in
Fig. 11(b). The sharp rise in feature count between 24 and 69 var-
iables, contributing only 2% to cumulative importance, demon-
strates diminishing returns from including additional features
beyond 23 variables. Selecting the 23 most important features,
corresponding to the 95% cumulative contribution threshold, re-
duces the feature set size by 89.5% (from 220 to 23 variables), while

Table 1
Configurations of the coking risk factors and criteria.

Name Description Criteria Unit

Operation state TI1217 Tower bottom temperature 330 �C
FIC1227 Recycle oil flow rate 2500 kg$h�1

FIC1228 Outlet device decant oil flow rate 7000 kg$h�1

FIC1215 Decant oil up to the tower flow rate 400000 kg$h�1

FIC1216 Decant oil down to the tower flow rate 800000 kg$h�1

LICA1204 Tower bottom liquid level 30 %
Psychical property YJ_GH Decant oil solid content 6 g$L�1

YJ_MD Decant oil density 1100 g$m�3

YJ_ND Decant oil viscosity (100 �C) 60 mm2$s�1

HHYL_MD Crude oil density 900 g$m�3

HHYL_ND Crude oil viscosity 12 mm2$s�1

Fig. 9. Membership function for the coking risk index.

Fig. 10. The coking risk index under long-period operation conditions.
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maintaining model performance and eliminating redundant vari-
ables. The optimal feature subset related to the operation state of
fractionation system is detailed in Table S1 of the Supplementary
Material.

3.2. Online stage

3.2.1. Coking risk monitoring
The reactor-regenerator and fractionation systems are subject to

dynamic fluctuations in the coking risk index due to variations in
crude oil, load adjustments, and equipment conditions. The
computational environment is running on an Intel(R) Core(TM) i9-
10980XE CPU @ 3.00 GHz, 64.0 GB of RAM, and Windows 10. The
model is trained for 80 epochs using the adaptive moment esti-
mation (Adam) optimizer to ensure efficient convergence, with a
batch size of 64 balancing computational efficiency and general-
ization, and a learning rate of 0.001 empirically determined from
the dataset distribution. To ensure rigorous evaluation, a dual
validation strategy combining quantitative assessment with quali-
tative interpretability is adopted to assess predictive performance
and industrial applicability.

As depicted in Fig. 12(a), the blue, green, and orange curves
illustrate the model’s prediction performance during training,
validation, and testing stages under varying operating conditions.
Under the stable operating condition, the model effectively cap-
tures subtle fluctuations, enabling early detection of the coking risk
and timely interventions to prevent accumulation. During opera-
tional adjustments, such as pre-maintenance stage, the model
quickly adapts to variations in the coking risk index, demonstrating
robust real-time tracking capabilities. Even under volatile condi-
tions, including shutdowns and restarts, the model maintains high

predictive accuracy by capturing both gradual trends and abrupt
changes. These capabilities ensure robust adaptability, early hazard
warnings, and data-driven decision-making, making the architec-
ture highly effective for real-time monitoring and maintenance
optimization in complex industrial environments.

Quantitative validation includes residual distribution analysis
and ablation studies. As depicted in Fig. 12(b), the residual normal
distribution graph shows a mean value of 1.224, with an overall
range between 0.4 and 2.0. The positive mean of the residuals in-
dicates that the model’s prediction is generally slightly higher than
the actual values, aligning with the design goal of ensuring safety. A
lower mean would result in systematic risk underestimation,
potentially compromising safety. High residual values in the tail
distribution are essential for capturing high-risk scenarios, as they
help avoid underestimating extreme events. In coking risk assess-
ment, a slight overestimation of risk provides decision-makers with
more time and flexibility to implement precautionary measures,
ultimately helping to prevent potential accidents and ensuring
operational safety.

Fig. 11. The result of MFS.

Fig. 12. The result of coking condition monitoring.

Table 2
The result of ablation study.

Name Encoder-decoder
(with triple AMs)

Parallel
encoder-integrated
decoder (no
triple AMs)

Parallel
encoder-integrated
decoder

MSE 1.2694 1.5358 1.1986
RMSE 1.4450 1.5191 1.2403
MAE 1.2205 1.2639 1.2176
MAPE 3.17% 3.89% 2.78%
R2 0.9186 0.8854 0.9321
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The ablation study demonstrates the performance advantages of
the Parallel encoder-integrated decoder architecture and the triple-
AMs, as shown in Table 2. By processing DCS and LIMS data sepa-
rately, the parallel encoders preserve their unique characteristics
while addressing frequency mismatches, significantly reducing
MSE (1.1986) and RMSE (1.2403). The architecture achieves lower
MAE (1.2176) and MAPE (2.78%), underscoring its accuracy and
robustness in handling complex industrial processes. With an R2 of
0.9321, the model demonstrates strong predictive effectiveness.

Qualitatively, the interpretability of the parallel encoder-
integrated decoder is demonstrated through attention weight vi-
sualizations, revealing how the model dynamically adjusts focus
across risk factors in response to changing operational states. The
triple-AMs enhances intrinsic interpretability, supporting more
informed decision-making. As shown in Fig. 13(a), critical risk fac-
tors such as LICA1204, FIC228, FIC1227, TI1217, FIC1216, and
FIC1215 dominate under the steady-state condition. During the
operational fluctuations of July 2022, the focus shifts from these
key risk factors to variables representing the fractionation system’s
operation state, including changes in tower heat balance (FIC1207,
FIC1208) and product flow rates (FIC1212, FIC1225, FIC1301).
Conversely, as shown in Fig. S3 of the Supplementary Material,
conventional data filling methods for aligning mixed-frequency
inputs in the EncodereDecoder (with triple AMs) architecture
distort temporal dependencies. This results in attention weight
shifts that deviate from domain knowledge, ultimately

undermining both predictive accuracy and model interpretability
in coking risk monitoring.

In Fig. 13(b), decant oil solid content serves as the primary risk
indicator under the stable condition. Yet, during the fluctuations in
July 2022, the coking risk shifts to crude oil properties, notably
crude oil density. This shift occurred because the decant oil stored
in the system is drained during equipment maintenance, resulting
in its solid content being low. Upon restart in September 2022,
higher catalyst loss and increased decant oil solid content cause the
risk to alternate between decant oil and crude oil properties,
reflecting the system’s operation state. As shown in Fig. S4 of the
Supplementary Material, the temporal AM dynamically reweights
encoder hidden states to identify key time steps aligned with
operational changes and maintenance events. By integrating long-
and short-term dependencies, the model captures both abrupt
shifts and gradual trends in coking tendencies. This enhances its
ability to extract dynamic features, accurately predict risk trajec-
tories, and rapidly adapt to evolving process conditions, ensuring
robust performance in complex FCCU operations.

3.2.2. Disposal countermeasures
The outputs of the developed modeldincluding the predicted

coking risk index and attention-based risk factors weightsdserve
as the foundation for the entire decision-making process. Anoma-
lies are identified through high attention weights, and further
combined with causal analysis to trace fault propagation and guide

Fig. 13. The attention weight of ablation study architectures.

Fig. 14. The attention weight of risk factors during alarms.
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prescriptive maintenance. Therefore, the decision-making strategy
in this study is fully integrated with, and entirely dependent on, the
proposed model architecture. When the risk index reaches the
warning stage, anomaly variables are identified through high
attention weights and combined with causal analysis to trace the
propagation path, enabling prescriptive maintenance. Fig. 14 illus-
trates the risk factor weights for the two warning stages in Fig. 12
compared to the average values under normal conditions. Coking
risk is primarily influenced by decant oil circulation flow (FIC1215,
FIC1216, FIC1227, FIC1228), bottom temperature (TI1217), and
bottom liquid level (LICA204). Fig. 14(a) shows during the warning
stages before and after maintenance, FIC1228 dominates due to
empty system during shutdown, where increased decant oil
discharge is necessary. Fig. 14(b) reveals that decant oil solid con-
tent contributes most to coking risk during shutdown, while crude
oil density dominates during startup. This shift occurs because
decant oil is drained during shutdown, reducing its solid content.
Upon restart, increased catalyst loss elevates the decant oil solid
content, causing risk contributions to alternate between decant oil
and crude oil properties, reflecting the system’s operational state.

Fig.15 presents the knowledgemap for anomaly traceability and
disposal of coking risk. The distribution of the risk factors is based
on the FCCU process, which corresponds to the root cause of the
fault according to the fill color. Once the anomaly variables are
located, the coking risk propagation path is analyzed to trace the
root cause and enable appropriate countermeasures. When a
warning occurs, such as on 10 September 2022, Fig. 14 highlights
the need to monitor decant oil circulation and solid content. If the
decant oil solid content sharply rises above 6 g,L�1, immediate
actions include reducing heat extraction from the decant oil steam
generator to prevent coking caused by lower oil temperatures and
increased viscosity after heat exchange. Simultaneously, increasing
the decant oil discharge rate, checking for catalyst loss, and
ensuring a low cyclone separator pressure difference are critical. If
necessary, timely switching of the decant oil pump and heat
exchanger must be performed to stabilize operations.

4. Conclusions

This study proposes a hierarchical framework integrating FL,
MFS, and DL to monitor and manage coking conditions, presenting
the explainable PdM model that captures critical signals reflecting
production and condition evolution for informed decision-making.
Its primary function is to remotely monitor coking risk and
generate risk index, allowing managers to easily understand the
system’s processes and operations. This facilitates precise decision-
making regarding the type of maintenance required in specific
situations. Applied at the 2.8 million tons FCCU effectively facili-
tates coking risk management at the fractionator tower bottom. In
the offline stage, causal analysis identified 11 coking risk factors Fi
and corresponding criteria Ci, which are incorporated into a multi-
layer fuzzy inference system to construct the coking risk index,
providing the QRA under cross-cycle operating conditions. MFS is
applied to a dataset of 220 operational variables, yielding 23
optimal features with a 95% cumulative contribution and achieving
an 89.5% reduction in feature dimensionality. The parallel encoder-
integrated decoder architecture, enhanced by triple AMs, processed
mixed-frequency DCS and LIMS data, achieving superior accuracy
and interpretability, with ablation studies confirming its perfor-
mance across five error metrics. In the online stage, the framework
enables real-time monitoring of the coking risk index, dynamic
weighting of risk factors, and precise localization of root causes,
ensuring effective PdM. Its robust adaptability to varying opera-
tional conditions demonstrates potential for extension to other
industrial systems. Future advancements should incorporate rein-
forcement learning and process mechanisms to improve adapt-
ability, operational optimization, and decision-making precision in
dynamic environments.
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