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ABSTRACT. Crude oil refineries generate vast, multidimensional data streams that are critical for maintaining real-time operational
control and ensuring compliance with environmental regulations. Distillation columns, in particular, produce intricate and ev olving
datasets that create significant challenges for early failure detection, escalating the risk of environmentally harmful incidents. To effec-
tively tackle this pressing issue, we advocate for a robust resilience-engineering framework that seamlessly integrates the Lagrangian
Support Vector Machine (LSVM) with the Functional Resonance Analysis Method (FRAM) within cutting-edge environmental infor-
matics architecture. The LSVM component rigorously analyzes refinery operational data — such as pressure, temperature, flow rates,
and reflux ratios using an 80:20 train-test split and consistently achieves a remarkable 96% accuracy rate in classifying failure events.
Beyond merely identifying anomalies, this environmental informatics approach leverages additional data sources, including alarm logs
and weather information, to enable proactive predictive analytics for forecasting environmental risks. The FRAM operator then deci-
sively evaluates the anomalies identified by the LSVM through functional resonance modeling, which effectively traces system-level
variability and uncovers potential cascading failure pathways, such as tray flooding, over-pressurization, or off-spec discharges. This in-
tegrative approach not only enhances interpretability and facilitates early intervention, but it also fortifies environmental protection by
linking data-driven fault detection with actionable decision-making insights for proactive risk mitigation. Ultimately, this proposed
framework firmly advances operational resilience and reinforces sustainability objectives while ensuring unwavering regulatory com-

pliance within refinery processes.
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1. Introduction

Refineries around the world are transforming through the
power of industrial automation. Distillation columns are indis-
pensable in these operations, performing critical roles in com-
ponent separation. However, real-time monitoring and control
of distillates present challenges due to the nonlinear, multiva-
riable, and dynamic nature of the processes involved. The puri-
ty of both top and bottom products is significantly influenced
by operational parameters such as reflux ratio, boil-up rate,
and feed composition. As a result, precise and timely calcula-
tions of these internal states are paramount for optimizing the
performance and efficiency of distillation columns. In the pursuit
of digitalization and automation, refineries face significant hur-
dles, including aging infrastructure and a shortage of skilled oper-
ators. These challenges have led to frequent failures and oper-
ational issues in distillation columns, directly impacting product
quality. Additionally, factors such as thermal coupling, heat inte-
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gration, and gravitational effects further challenge system effi-
ciency. Operational instabilities like flooding and weeping also
complicate both operations and maintenance. To maximize pro-
ductivity in distilleries, it is imperative to extend the time be-
tween plant turnarounds. Maintaining distillation columns dur-
ing these critical periods is not just challenging. Issues such as
thermal coupling between the pre-fractionator and the main col-
umn, the necessity for improved heat integration, high gravity
field requirements, and the recycling of unused reactants all play
a vital role in enhancing distillation efficiency. Given the com-
plexities of these operations, it’s clear that managing challenges
such as flooding, weeping, or over-pressurization is crucial to
maintaining optimal column performance.

Historically, fault detection methods like Fault Tree Ana-
lysis (FTA) and Event Tree Analysis (ETA) have been em-
ployed to evaluate safety and conduct post-incident investiga-
tions in distillation columns (Besnard and Hollnagel, 2014; Sar-
baye et al., 2019; Saghir et al., 2024; Wang et al., 2024; Pani
and Soofastaei, 2025; Wan et al., 2025). While these methods
can be effective in failure analysis, they fall short in dynamic,
data-rich environments. Their static and predefined structures
are not equipped to capture the nonlinear and time-varying be-
haviors that characterize modern distillation processes. Modern
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Distributed Control Systems (DCS) in refineries generate mas-
sive amount of datasets, which include real-time measurements
of temperature, pressure, reflux ratio, and feed composition. These
data are useful in monitoring and controlling the distillation pro-
cess, but identifying and extracting insights from such large-
scale datasets remains a challenge for engineers. Often noisy
and inconsistent data led to sensor faults, pump failure, or ac-
clerated flooding. In the past, operators applied heuristic strate-
gies to interpret the data. Aging infrastructure and complex op-
erational conditions affect perception-driven decisions on daily
base events in the distillation column. Traditional physicochem-
ical models, which rely on first-principles equations, also fail
to capture the dynamic and complex nature of modern distil-
lation columns, particularly in real-time monitoring scenarios.
Both perception driven and model-based execution leads to bi-
ases and errors in distillation columns. Understanding the fail-
ure events on the flow characteristics in a column is significant
in the refinery operation. No physicochemical distillation col-
umn models are accurate in simultaneous capturing of the hydro-
dynamic charac-teristics and the column failure events (Saghir et
al., 2024; Jusoh et al., 2025; Kumar et al., 2025; Pani and Soofa-
staei, 2025). Therefore, implementing a data-driven decision-
making approach would be a good option to minimize operator
biases. But it requires learning from the daily base events, record-
ing the sequence of the events, and recognizing the pattern as-
sociated with the process. Meticulous assessment of the entire
dataset collected in the database using a data classifier and the
supervised learning models can be the first step towards the de-
velopment (Zheng et al., 2024)

Resilience engineering (RE) is a new concept used in mod-
ern industries to assess the failure in the process equipment (Bart-
let and Hurdle, 2009) It uses supervised learning algorithms to
recognize the failure patterns and machine learning models to
predict the performance of the system. Although the informa-
tion related to the failure events could be either linear or non-
linear, RE has the intrinsic ability to absorb, avoid, evade, and
detect the failure events. It is a rule-based model and must be
created based on one of the following algorithms: SVM, deci-
sion tree, and deep learning. Since demystifying the parame-
ters related to failure events in the large data domain is not a
direct approach, the SVM that uses a Lagrangian approach is
efficient to capture, store and visualize the volumes of data col-
lected in the industry. First, it assesses and discards the imbal-
ances and inaccuracies in the dataset using its algorithm. A dis-
tributed file system is created to test its algorithm to report if
any deformation is observed in the dataset continuously. There-
fore, it can be used as a diagnostic approach to identify the root
cause of the failure, evaluate the structural deterioration in the
dataset, figure out communication error-induced system failures,
and sense the transducer faults from the operating room. It is uti-
lized as a mathematical tool to find the operational hazards and
identify the faults in semi-automated industries (Bartlett and Kel-
ly, 2009; Kumar et al., 2025; Qi et al., 2025; Samanta and Bhatt-
cherjee, 2025). To implement the action plans for industry 4.0,
a method that can treat successful events as the flip side of fail-
ure events is needed to depict accurate details on the failure and
day-to-day events. The functional resonance analysis method

(FRAM) model is one such technique that considers both past
and possible future events in its approach. It is a bi-directional
method that differentiates the accident investigation from the
risk assessment. The model has a hexagon that assumes that the
failures and successes are from the same origin; daily operation
details get adjusted to match the analysis conditions. The model
identifies functions, variability in the present performance, and
strategies for how variability could be combined and improved.
The output from the hexagon-based approach is the emergent
basis, not the resultant (Motamedzade et al., 2016)

Fault detection and diagnosis (FDD) in complex industrial
processes, such as distillation, has been studied via data science-
driven, knowledge-driven, and hybrid models. Traditional ma-
chine-learning techniques, including Support Vector Machines
(SVM), multi-kernel SVM (MK-SVM), Principal Component
Analysis (PCA), Partial Least Squares (PLS), and neural-net-
work-based models, have shown robust performance in classi-
fying abnormal process dynamics and predicting respective equip-
ment failures. Specifically, in distillation columns, SVM have
been applied for process monitoring, figuring out faulty tray tem-
peratures, process pressure deviations, and anomalies in reflux
ratio, underscoring the model fitment of SVM for high-dimen-
sional, nonlinear industrial data. Although, the conventional SVM
methods encounter scalability constraints with large datasets, lack
transparency in root-cause interpretation remains challenging.
The Lagrangian Support Vector Machine (LSVM) addresses
these limitations by reformulating training through a linear sys-
tem rather than quadratic optimization, thereby enabling signifi-
cantly faster computation and potential for real-time integration.
Concurrently, resilience-engineering methodologies have been
accepted for elucidating systemic failures, particularly those aris-
ing from interactions amongst human, organizational, and process
functions. The Functional Resonance Analysis Method (FRAM)
has been applied to domains such as healthcare, aviation, trans-
portation, and nuclear safety, demonstrating strong capability in
modeling functional variability and emergent behavior in socio-
technical systems. However, existing FRAM applications are pre-
dominantly retrospective, with limited deployment in continu-
ous process industries and almost no reported frameworks
integrating FRAM with real-time machine-learning-based de-
tection systems. To the best of our knowledge, no published
work has combined LSVM with FRAM for early failure detec-
tion and operational resilience analysis in crude-oil distillation
columns. The novelty of this research lies in bridging quantita-
tive LSVM-based anomaly detection with qualitative FRAM-
based systemic explanation, enabling both improved detection
performance and enhanced interpretability for operators and safe-
ty teams. This integrated framework supports resilience-based
decision-making and offers practical applicability to refinery op-
erations where process abnormalities propagate through tightly
coupled technical and human workflows.

Concurrently, resilience-engineering methodologies have
been accepted for elucidating systemic failures, particularly those
arising from interactions amongst human, organizational, and
process functions. The FRAM has been applied to domains such
as healthcare, aviation, transportation, and nuclear safety, demon-
strating strong capability in modeling functional variability and
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emergent behavior in socio-technical systems. However, existing
FRAM applications are predominantly retrospective, with lim-
ited deployment in continuous process industries and almost no
reported frameworks integrating FRAM with real-time machine-
learning-based detection systems. To the best of our knowledge,
no published work has combined LSVM with FRAM for early
failure detection and operational resilience analysis in crude-oil
distillation columns. Integrating environmental informatics into
the SVM+FRAM framework significantly strengthens its capa-
bility to monitor environmental hazards. By incorporating fail-
ure event data, the framework not only enhances operational en-
vironmental safety but also ensures alignment with broader envi-
ronmental sustainability objectives. This integration allows for
real-time tracking of potential risks, such as chemical spills, haz-
ardous emissions, resource overconsumption, and waste gene-
ration, providing operators with actionable insights to prevent
these risks before they escalate. Furthermore, the use of environ-
mental informatics allows for a more comprehensive risk as-
sessment by analyzing the interaction between operational pro-
cesses and environmental factors.

Safety in industry 4.0 demands focusing on the events that
happen every minute. To meet this high demand, the probabil-
ity of ignorance when the plant is in operation must be reduced.
By combining the SVM with FRAM methods in distillation
column could provide a novel approach to (a) assess the charac-
teristic functions of the operation, (b) monitor the system response
when operating guidelines are violated, (c) implement the big
data to study the failure event, and (d) anticipate the failure events
at all-time. Therefore, SVM+FRAM can act as a loop to control
the data flow and use the output data from the framework to re-
gulate the chemical process. If the parameters such as tempera-
ture, pressure, or re-flux, or variable such as crude composition
are too low, the model can switch on the regulating algorithm
to prevent catastrophic failure of the system. It alerts the opera-
tor and suggests a new approach to handle the variability of the
entire process during the everyday performance by prompting the
change in operating conditions. However, the application of the
resilience-engineering (SVM+FRAM) concept to address a fail-
ure in unit operations is still in the infantry state. The availabil-
ity of real-time data and of databases that can provide the details
on the operator knowledge on the past event failure hinders the
implementation of RE theories in the industry environment. To
address these two issues, the following research objectives were
formulated. They are:

* Developing a novel SVM model using a supervised learning
algorithm.

* Test the RE (SVM+FRAM) algorithm using a model.

* Provide strategies to identify the failsafe mode.

* Establish a correlation between the SVM+FRAM models
and the failure modes.

The novelty of this research is on\bridging quantitative
LSVM-based anomaly detection with qualitative FRAM-based
systemic explanation, enabling both improved detection perfor-
mance and enhanced interpretability for operators and safety
teams. This integrated framework would support resilience-based
decision-making and offers practical applicability to refinery op-
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erations where process abnormalities propagate through tightly
coupled technical and human workflows.

2. Theory

The model scheme applied in the study is shown in Figure 1.
The support vectors here are the imaginary line passing through
the points at the boundary, and the solid line represents the hy-
perplane formulated by maximizing the distance between the
support vector line and hyperplane.
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Figure 1. Optimal hyperplane and support vector boundaries.

2.1. Lagrangian Support Vector Machine (LSVM)

The model used in the study has been conceptualized as ma-
trix expansion based on a method described by Mangasarian and
Musicant. It is in binary non-linear classification and regression
form. LSVM method occupies intensive mathematical resources.
It is similar to the approach used in the SVM. A baseline hyper-
plane acts as a classifier to detect the failure points in the distil-
lation column. The classifier is generated using the Lagrangian
Equation (1). The plane generated by the LSVM acts as a deci-
sion boundary to differentiate the normal operating points from
the failure data in the distillation column.

Lg% (1 (5, 48) 1) :

where w vector is the weights, b vector is the bias, X, is the
features, o; is the Lagrange multiplier, and Y, is the labels. The
above equation is deducted to formulate the best fit hyperplane.
The linear separability can be achieved for the realtime refinery
data using SVM. Therefore, SVM can be directly applied to the
higher dimensional space. The LSVM has an inbuilt kernel func-
tion that can transform the vector space to feature space:

K(XI,XZ):exp<——H"‘;’?H ) @
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where ¢ is the variance and the hyperparameter |[x; — x| is the
Euclidean distance between two data points x; and x,. Cod-
ing is written in Python based on Eequations (1) and (2). A trick
code in the program transforms the data to a higher dimension
and generates plots. The performances of the LSVM are better
than the methods such as logistic regression and deep learning
method.

2.2. Functional Resonance Analysis Method (FRAM)

The model is structured as a hexagon, as depicted in Figure
2, where each vertex represents a distinct function: input, pre-
condition, resource, output, control, and time. These six functions
are interconnected by strings that define their relationships. The
roles of these functions are as follows: (a) Input refers to the
elements that process or transform the function, (b) Output
signifies the result or change in the function’s state, (c) Pre-
conditions are the conditions that must exist before the func-
tion operates, (d) Resources are the necessary execution con-
ditions that are consumed to produce the output, (¢) Time repre-
sents the temporal constraints that affect the function, and (f)
Control governs how the function must be monitored. Unlike con-
ventional methods, the FRAM model is constructed in advance
of any failure, with each vertex following the ‘one-to-many’
and ‘many-to-one’ rule based on the input provided. There are
no restrictions on how hexagons can be connected. The model
is applied to survey the risk-related events and complexities in
distillation column operations, relying on input from operators.
Given that the FRAM model uses a static hexagonal graphical
structure, the functional version of this geometry is used to ana-
lyze failure events. Several assumptions are considered during
model construction to account for variability. The variability in
the output of the hexagon model arises from factors such as (1)
the nature of the function (e.g., crude, heat, or distillate), (2) the
operational environment of the distillation unit, (3) influences
from upstream functions (e.g., salt levels in crude), (4) the type
of coupling between pressure, temperature, and reflux ratio, (5)
timing, speed, and duration of operations, (6) fluid force, pipe
distance, and direction, and (7) the comments used to manage
the plant balance.

Model Assumptions:

1. Describing the Event: Pressure valve faults were assumed
as the failure-causing event.

2. Detecting the event’s failures: What should happen in the
event, both ideally and non-ideally, was described. The data was
collected from various research topics on pressure valve faults
to perform this step.

3. Input to FRAM: The outcome of this second step (b) was
converted into FRAM. A model and the potential column fail-
ure are linked to many events.

4. Predicting the future based on the past event: The spe-
cific information on distillation failure, such as weeping, is con-
sidered as a metric to evaluate the failure events.

The assumptions outlined above form the foundation for
the survey questions used in the FRAM analysis. These ques-
tions are designed to explore various aspects of an event within

the system, focusing on identifying the event, understanding its
causes, describing its occurrence, evaluating its consequences,
assessing the likelihood of recurrence, and proposing preven-
tive measures. By addressing these critical areas, the survey of-
fers a thorough framework for analyzing system behavior and
mitigating potential risks.

Time Control

Precondition Resource

Figure 2. Details of the FRAM model, A hexagon with a
function on each vertex.

3. DATA PROCESSING

3.1.SVM

Data for training, testing, and validating the SVM model
was sourced from an Indian public sector oil and gas company
in Mumbai, Maharashtra, comprising reflux, temperature, and
pressure measurements from the top tray of a naphtha stabi-
lizer. The dataset, with 2,511 rows and four columns, was split
into training (80%) and testing (20%) sets, yielding 2,008 train-
ing points and 503 test points. Binary labels (1 for failure, 0 for
normal operation) were assigned based on thresholds for pres-
sure, temperature, and reflux levels. The SVM-based model was
tuned for accuracy and sensitivity, with false positives removed
to improve classification performance. A sensitivity analysis was
conducted to optimize parameters, and no data normalization was
performed, as the data points were contiguous. The model's out-
put was further categorized for Fault Tree Analysis Modelling
(FRAM), providing insight into system behavior and deviations
in operating conditions.

3.2. FRAM

Prior to feeding data points into the model, the accuracy of
critical parameters (such as feed compositions, preconditioning
procedures, available resources, column output, control measures,
and time) was validated against the raw dataset obtained from mul-
tiple runs. This process ensured the repeatability of the input. The
performance variability functions and outcomes were presented
within a four-dimensional time-space continuum. The variability
in the output was linked to pressure valve conditions within the
column. Output data from the Least Squares SVM (LSVM) was
analyzed to identify causes of frequent failures, leading to the de-
velopment of a new model based on various valve failure events.
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Table 1. Literature Findings

Method Highlights

Reference

Management of industrial

Provides details on the causation behind human errors, procedure compliance,

(Sarbayev et al., 2019)

safety protection and safety, and root cause analysis

Quantitative resilience index Presents resilience index in process safety
SVM Predictability of SVM with a small data set

Safety science

Discusses the notions of the safety science
SVM Depicts the classification success rate of the SVM

(Wan Jusoh et al., 2025)
(Pani and Soofastaei, 2025)
(Kumar et al., 2025)
(Hollnagel, 2017)

RE Emphasizes the analysis related to the disturbances and interferences in the data (Patriarca et al., 2020)

set presents delayed learning methods

FRAM Provides the database related to FRAM with case studies (Xu et al., 2019)

ANN Presents how ANN is mapped with a fault tree to assess dynamic failure (Hong and Pai, 2006)
Incremental SVM Demonstrate the resampling and misclassification rates in SVM (Gryllias and Antoniadis, 2012)
SVM Discusses nonlinear classification of SVM (Suthaharan, 2016)

This analysis, incorporating pressure readings and expert input
from daily valve performance observations, led to the creation of
ahexagon-based model for managing and analyzing failure events.
The model supports systematic analysis of pressure valve faults
and over-pressurization failures (Hong and Pai, 2006). A question-
naire, designed from operator feedback and past incidents, was
used to assess performance and realtime operational constraints.
The probability of failure was computed from the dataset and cross-
validated with the results from the SVM model.

3.3. Data Labelling

The thresholds for normal operations were defined based
on input from refinery distillation specialists and control room
engineers, as well as statistical analysis of five years of histo-
rical operational data, including fault logs. Parameters outside
the normal operating range were labeled as “Failure” (1), while
those within the range were classified as “Normal” (0). For in-
stance, the normal range for column top pressure (P_top) was 1.5
~ 2.2 bar, with failures occurring at pressures greater than 2.3
bar or less than 1.4 bar, based on historical data and safety lim-
its. Column bottom temperature (T_bottom) was set between 108
and 120 °C, with failure thresholds above 122 °C or below
105 °C to maintain product purity. The reflux ratio (RR) was
normally between 2.5 and 3.5, with values below 2.0 indicating
potential flooding or dry-out. Finally, differential pressure across
the column trays (AP_column) was maintained between 0.1 and
0.25 bar, with values exceeding 0.3 bar signaling tray flooding
according to OEM specifications.

4. Result and Discussions

4.1. Training, Testing, and Validation of LSVM Models

The hyperplane created by LSVM has been transformed in-
to a two-support vector, and indicators for the column failure
(1) and success (0) are created. The support vectors are imagi-
nary (dotted/dashed) lines and pass through the boundary. The
distance between the support vector line and the hyperplane is
maximized to get a solid line. The distance (d) between the hy-
perplane and the support vectors is intentionally kept maximum
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at the edge to create the hypothetical boundary. We can notice
the LSVM technique uses the best features to construct the hy-
perplane and gives a good separation between the success and
failure events that occur in the column. As reported in the Figure 1
topological structure of the plane has positive and negative sides
where the positive quotient helps to find the best features as-
sociated with the regular column operation. One such limitation
in the hyperplane domains’ ability is to distinguish the positive
or negative events in big data are function overlap. When a data-
set is treated in batch, we can treat the data points accumulated
below the hyperplane or on the negative side of the plane as col-
umn failure events. To simplify the graphical presentation, we
named the support vectors of success and failure events like 0
and 1, respectively. A shape of the hyperplane used as a metric
to define the column failure is in good agreement with the liter-
ature, and preliminary dataset trained and tested are provided in
Figure 1. The dataset obtained from different top trays is trained,
tested, and validated with the data domain.

A three-dimensional space view provides behaviours of the
three distillation parameters in a linear feature space. The col-
our coding is provided to easily Figure out the failure (red) and
success (blue) in the Figure. Like Figure 4, the data points that
are distributed above the plane are considered as positive or suc-
cessful events. Therefore, we can safely assume that the distil-
lation operation is well regulated and the temperature, pressure,
and reflux are at an optimized level. The dataset presented be-
low the plane could belong to the failure events. Since the vali-
dation with the real-time dataset shows good accuracy (R? above
85%), we can conclude that the hyperplane acts as the effect-
tive decision boundary to distinguish the column failure events
from the normal operation. The value of R? supports the appli-
cability of the model to detect the failure events at various op-
erating conditions.

To increase the resolution of the model predictability data,
critical data points relevant to the failure events are plotted against
the pressure, temperature, and reflux in Figure 4. The features
in the Y-axis represent the failures in the distillation column.
Herein, the dataset presented at Y =0 and Y = 1 is considered
as success and failure events. The scattered data sets correspond-
ing to pressure, temperature, and reflux are labelled in two cate-
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Start

v

Input the dataset (i.e.,
pressure, temperature, and
reflux) and failure in the
distillation column

Y

Pre-processthe dataset
and randomly split as
train and test set

v

Importthe data to SVM
model

v

SVM minimizes
Lagrangian equation to
set decision boundary

Classified as no failure
in the distillation

Classified as failure
in the distillation

Where w' is the weight and b is the bias and x are the datapoints (features).

Figure 3. Support vector machine algorithm.

gories. They are the data set above the set value and below the
set value. The data sets belong to three features and SVM clas-
sifiers obtained using the algorithm. Based on the hyperplane
boundary, LSVM codes will automatically trigger the alarm to
identify the event failures. During regular operation, the data
indicator shows success (“Y = 0”). At this point, the values of
the pressure, temperature, and reflux were varied from 7.9 to
9.1 kg/cm?, the 57 to 63 °C, and 29 to 55 M. T./hr, respectively.
Any value observed outside the specified range depicts the pos
sibility of weeping, over-pressurization, and overheating of the
column. This phenomenon is evident from the Figure. Further-
more, no failure is reported when the interaction effects of the
P, T, and reflux are in the normal operating range. The variation

of top reflux, temperature, and pressure are shown in Figure 6.
The red dots represent the failure case, and the blue cross repre-
sents the distillation column’s success. The trend line for the
graphs plotted in Figure 6 was also formulated, and the empirical
expressions obtained from the equation are given in Table 2.
Overall, the SVM model used to evaluate the parameters showed
96.02% efficiency, and it detects failure even if there was a small
anoma-ly in the data set.

To quantify and assess the accuracy of the machine-learn-
ing model, several performance metrics were used. The counts
of true positives (260) and true negatives (233) surpassed the
false positives (5) and false negatives (15). Key metrics such as
accuracy, precision, recall, F1-score, and receiver operating char-
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Figure 4. Graphs of (a) reflux vs. temperature, (b) reflux vs. pressure, and (c) pressure vs. temperature. The red dots show failure
while the blue crosses show success.

acteristics (ROC) were calculated (Figure 5). Precision and re-
call values were derived from the counts of true positives, true
negatives, false positives, and false negatives. The model’s per-
formance results are presented in Table 3.

ROC exhibits a higher measure of separability. In our case
it can be used to quantify how accurately the models can quan-
tify between the failure and success in the distillation column.
The trade-off between the true positive rate and the false posi-
tive rate as the criterion for positivity is changed. The concave
nature of the curve is due to the monotonically increasing likeli-
hood ratio (distribution of the separator variable in failure and
success). The area under the curve is the combined measure of
specificity and sensitivity that relates to whether or not there is
any failure in the distillation column. The greater the area under
the ROC curve, the better is the model. In our case we can ob-
serve that the area under the curve is 0.99, which shows that our
model is very efficient and can be used as an effective tool to
identify complex failures of the column.

To assess the robustness of the LSVM model, we employ-
ed a k-fold cross-validation technique with k set to 10. This rig-
orous approach involved randomly partitioning the dataset into
10 equal subsets, ensuring comprehensive representation of both
normal and fault cases. In each iteration, one subset was designat-
ed as the test set, while the remaining nine subsets were utilized
for training. The results showcased remarkable stability across
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the folds, achieving a mean accuracy of 96.1 + 0.8%, a mean re-
call 0of 95.4 £ 0.9%, and a mean precision of 96.7 + 0.6%. These
outcomes reveal minimal performance variability and highlight
the strong generalization capability of our model. Additionally,
we performed a sensitivity analysis with alternative training and
testing splits (70/30, 75/25, and 80/20), consistently demonstrat-
ing results within a narrow + 1.2% range of the mean values. The
overall mean false-alarm rate was 96.7% % 0.6%.

1.0
53 0.8
@
_g £ 06
":T) -l
ngg 0.4
E w
Sg 02
— SVC (AUC = 0.99)
0.0
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (Positive Label: 0)

Figure 5. Receiver operating characteristic (ROC) curve.

For Set 1, the F1-score was 95.4% and the false-alarm rate
was 3.1%. For Set 2, the F1-score was 96.3% and the false-alarm
rate was 2.9%. For Set 3, the F1-score was 96.3% and the false-
alarm rate was 2.6%.
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Table 2. Empirical Expression from the Model Process Data

Graph of Pressure vs.

Temperature y =—0.058056x + 12.121081

Graph of Reflux vs.

Temperature y =4.704938x — 238.943022

Graph of Reflux vs. Pressure y=-16.258381x + 186.603348

To substantiate the efficacy of the proposed LSVM frame-
work, we conducted comparative simulations with plant data
using three reputable baseline models are included. The models
such as Logistic Regression, a Decision Tree Classifier, and LSVM
are rested with different volumes of data. All models were trained
and tested on the same dataset using identical train-test splits and
cross-validation procedures. According to the performance met-
rics, LSVM achieved the highest F1-Score at 96.0%, surpassing
Standard SVM (92.1%), Decision Tree (88.4%), and Logistic
Regression (85.3%). LSVM also produced the lowest false-alarm
rate at 2.9%, compared with 4.2% for SVM, 5.9% for the Deci-
sion Tree, and 6.8% for Logistic Regression. In terms of compu-
tational efficiency, LSVM required only 0.73 seconds for train-
ing, considerably faster than Standard SVM, which took 1.98 sec-
onds. Logistic Regression and the Decision Tree were quicker at
0.42 and 0.51 seconds respectively, but they exhibited markedly
lower detection performance. These results confirm that LSVM
delivers a more robust and computationally efficient solution for
early fault detection in crude oil distillation operations.

4.2. Evaluation of SVM Datapoints in the Functional
Resonance Analysis

The description of the hexagon model and its functions is
intricately tied to its geometric connections. A semi-explicit stop
switch ensures model completeness and consistency. To stream-
line analysis and reduce confusion, the textual descripttions of
events and functions are labeled consistently with Figure 6. In
this framework, the output from Hexagon 1, labeled ‘pressure
valve functioning’, feeds into the input of Hexagon 2, termed
‘date of the pressure valve’. The data points from Hexagon 1
(pres-sure valve functioning) serve as the input to construct the
model. Since there is no significant variability in the foreground
function, the provided descriptions adequately represent the func-
tion. Any fault in the data at Hexagon 2 immediately impacts
the model's execution and performance. Beyond testing nodes,
the big data flow across the hexagons must remain accurate and
up-to-date. Consequently, data packets traveling through the hexa-
gons act as a mathematical sensor, allowing for the assessment
of potential column failures. Upon input, the model triggers the
“Analysis of pressure data” command, and if a failure is detect-
ed, it activates the safety alarm. Machine learning (ML) can then
initiate subsequent actions to mitigate the failure. A crucial link
within the hexagon model is where the data from the pressure
valve acts as a tool to precondition the input stream. This is re-
ferred to as the Pre-set data from literature, processes, and SVM.
Both the SVM and FRAM models are connected at this stage.
Any failure due to over-pressurization can be detected and man-
aged through the “pressure valve functioning” option. By map-
ping failures within the hexagon, the model enhances the pre-
dictability of events. All functions and background variabilities

within the model are continuously monitored to ensure analysis
stays within defined parameters.

The performance of the distillation column hinges on the
proper functioning of the pressure valve system and the mainte-
nance of a temperature gradient across the trays. Successful dis-
tillate transfer between trays contributes to risk assessment strat-
egy formulation. However, if process parameters fluctuate out-
side acceptable ranges, the risk assessment index becomes un-
stable, increasing the likelihood of accidents. While components
like temperature or pressure regulators can mitigate these is-
sues, their own variability can leave the distillate output as the
only reliable indicator. A drop in distillate output or composition-
al changes may signal an impending out-of-control situation. It
is essential to synchronize parameter settings and measurements
through algorithms, though this can be challenging when inac-
curate data is provided. Therefore, a second iteration of the mod-
el should expand on the pressure valve functioning and its vari-
ability. Insights from operators can offer valuable guidance.
Given the sensitivity of distillation operations to pressure, tem-
perature, and reflux, a more detailed understanding of these func-
tions, as facilitated by the FRAM, could provide greater insight
into fault management. When integrated with the SVM+FRAM
framework, the model triggers alarms within the Distributed Con-
trol System (DCS), enabling the operator to initiate failure pre-
vention protocols and avert catastrophic outcomes. Monitoring
the communication between hexagons ultimately enhances re-
silience and supports failure prevention.

4.3. Comparison amongst ET, FT, and SVM+FRAM

Unlike FTA (Fault Tree Analysis) and ETA (Event Tree
Analysis), the SVM (Support Vector Machine) lacks a structured
logical, temporal, or physical framework to represent the rela-
tionships between various events in a distillation column. In
ETA, events are connected through failure probabilities, with
conditions tied to the operational state of the system. RE-ML-
based techniques, on the other hand, evaluate the process and
identify potential hazards by analyzing events that lead up to
them using trained data, based on SVM analysis. A key feature
of the SVM approach is its straightforward graphical tool for
event analysis. This framework helps recommend solutions for
operational issues in distillation columns by mapping the cause,
effect, and mitigation strategies. During real-time operation,
unforeseen events may arise that cannot be represented by tra-
ditional FTA or ETA, such as incidents like flooding or weep-
ing, which require more detailed event information. In these
cases, RE/ML techniques that utilize SVMs can report the fail-
ure probability, whether or not the basic events are explicitly
defined. The SVM’s graphical output serves as a direct alert for
operators, helping them anticipate potential issues. Thus, this
method proves superior in predicting failure probabilities, par-
ticularly for pressure-related events, and in triggering alarms
while activating preventive control measures. The algorithm is
particularly effective at detecting issues like over-pressuriza-
tion in the column. In contrast, both FTA and ETA lack the abil-
ity to use virtual machines to trigger accident or failure pre-
vention control algorithms.
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Table 3. Evaluation Matrix for the Machine-Learning Model

Support Vector Machine
Precision Recall F1-Score Support
0(Success) 0.95 0.98 0.96 265
1(Failure) 0.98 0.94 0.96 238
Accuracy 0.96 503
Macro Average 0.96 0.96 0.96 503
Weighted Average 0.96 0.96 0.96 503
Time Control Time Control
Pressure Increased/
o ‘ ve:.lue. o o decreased o
unctioning
Input Output Input pressure Output
Precondition Resource Precondition Resource
Time Control
Time Control Control

Pressure

value report

Time

Resource o

Precondition

Precondition

Data of
pressure value

Analysis of
pressure data

Output

Preset data
from literature,
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Figure 6. FRAM model for analyzing failure in distillation column due to pressure valve functioning.

Perspectives: The industries related to environmental infor-
matics could gain major attention if the proposed LSVM +FRAM
framework is integrated to their database. The use of framework
in this field goes beyond routine operational data by incurporat-
ing additional streams such as emissions monitoring, effluent qual-
ity, flare-stack combustion, alarm logs, weather conditions, and
regulatory thresholds. Our hazard-forecasting model not only
acts as a decision-support tool but are integrated to enable pro-
active risk mitigation. Adding the informatics related to the envi-
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ronmental datasets can serve as a decision-support layer, com-
bining LSVM-based anomaly detection with FRAM-based sys-
temic variability mapping to prioritize critical events (e.g., emis-
sion spikes, off-spec discharges) and guide operational adjust-
ments. This integration facilitates early warning, risk tracing,
and real-time recommendations, enhancing both resilience and
compliance. However, data related to pollutants, emissions, ef-
fluxent quality, flare combustion, weather, and regulatory thresh-
olds are confidential and cannot be included in the manuscript.
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5. Conclusion

In conclusion, the proposed SVM+FRAM framework pro-
vides a robust and effective approach to failure detection and mit-
igation in distillation columns within refineries. Key findings
include:

Enhanced Failure Detection: The integration of the Support
Vector Machine (SVM) with the Functional Resonance Ana-
lysis Method (FRAM) enables accurate identification of failure
events that are often overlooked by traditional fault and event
tree analysis.

Improved Diagnostic Capabilities: By leveraging the vec-
torization of large, complex datasets and applying kernel trans-
formations, the SVM model effectively classifies failure events,
providing a reliable decision boundary for operational anomalies.

Comprehensive Failure Analysis: The SVM+FRAM coupled
framework allows for the identification of multi-factorial fail-
ure scenarios, offering a more nuanced understanding of distil-
lation column failures, including those induced by overpressur-
ization and flooding.

Mitigation Strategy Development: Unlike fault and event
tree analysis, which focuses on logical event relationships, the
SVM+FRAM framework not only identifies failure frequen-
cies but also facilitates the development of proactive mitigation
strategies to prevent catastrophic outcomes.

Operational Decision Support: This model empowers re-
finery operators by providing a data-driven basis for real-time
decision-making, optimizing product quality while minimizing
risks related to unforeseen operational failures.

Environmental Informatics Application: The integration of
environmental informatics into the SVM+FRAM framework en-
hances its ability to monitor and predict failure events that may
lead to environmental hazards, ensuring that operational safety
aligns with environmental sustainability goals. This helps miti-
gate risks such as chemical spills, emissions, or resource wastage.

In essence, the SVM+FRAM framework offers a significant
advancement in resilience engineering, combining predictive ana-
lytics with systems-level failure analysis and environmental in-
formatics, making it a promising tool for improving both the re-
liability, safety, and sustainability of refinery operations.
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