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ARTICLE INFO ABSTRACT

Keywords: Accurate modeling and real-time monitoring of renewable CO, emissions in biofeedstock co-
Dynamic Processes Modeling processing technologies are critical yet challenging, hindered by limited experimental data and static
Multimode Soft Sensors operational assumptions. This study introduces a novel data-driven dynamic modeling approach
Co-processing using an extensive dataset comprising 43,662 samples from the Parkland refinery. We implement
Industrial Applications change point detection algorithms to automatically partition the data into segments corresponding
Renewable CO, to different operating conditions and develop segment-specific robust regression models to predict

CO, emissions. The proposed framework uniquely integrates change point detection with robust
regression, forming a dynamic monitoring system that continuously adapts to multimode industrial
processes while balancing numerical accuracy, interpretability, and computational efficiency. These
findings reveal that the CO, emission ratio per unit of biofeedstock to fossil fuels fluctuates between
51% and 82% under varying operating conditions. The dynamic model exhibits strong agreement
with experimental data, providing refineries with a practical, reliable tool for real-time emissions
monitoring and regulatory compliance in industrial co-processing applications.

1. Introduction

To mitigate greenhouse gas (GHG) emissions, govern-
ments worldwide are enacting legislation to reduce the
carbon intensity of transportation fuels(Ebadian et al., 2020; oteed —
Yeh et al., 2016; Gray et al., 2021; Li et al., 2023). Co- o
processing has emerged as a promising near-term and cost-
effective approach to reduce the carbon intensity of products
and decrease process emissions(Bezergianni et al., 2018).
Co-processing refers to the simultaneous processing of
biofeedstock with fossil fuels in existing refinery infrastruc-
tures, allowing for the integration of renewable feedstocks
without substantial changes to existing operational systems.
Figure 1 shows a diagram of co-processing. The CO,
released from biofeedstock combustion is part of the renew-
able carbon cycle, unlike fossil fuel CO,, which adds to net
emissions. By integrating biogenic feedstocks into existing
refinery processes, the industry contributes significantly to
decarbonizing the oil refining sector without requiring the
complete replacement of the current infrastructure, also en-
abling refineries to meet regulatory mandates for renewable
fuel production.

Co-processing represents one of the few methods for
traditional oil companies to reduce their scope 3 greenhouse
gas emissions, as burning fossil fuels contributes to 70% of
the life-cycle emissions of petroleum products. The commer-
cialization of co-processing biogenic feedstocks has been
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Figure 1: lllustration of the co-processing in refineries

successfully implemented in both hydrotreaters and fluid
catalytic crackers (FCCs) (Badoga et al., 2020; Van Dyk
et al., 2019; Han et al.,, 2021). While both technologies
offer pathways for reducing fossil carbon emissions, their
technical challenges differ. Hydrotreaters require significant
modifications to process biogenic feedstocks alongside fossil
inputs, posing a technical hurdle (Zacher et al., 2019). In
contrast, FCC co-processing is more robust and flexible,
enabling greater capacity for biogenic materials and making
it more suitable for large-scale use (Stefanidis et al., 2018;
Talmadge et al., 2014). The schematic representation of FCC
co-processing is shown in Figure 2.

While FCC co-processing demonstrates greater techni-
cal feasibility and flexibility, a significant concern remains in
accounting the carbon emissions associated with the process.
The FCC unit is one of the largest sources of greenhouse
*Corresponding author gas (GHG) emissions within an oil refinery. This is mainly
*Corresponding author due to the constant regeneration of the catalyst, where the
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Figure 2: Diagram of a FCC unit with an online renewable CO,
monitor

the atmosphere. Accurate modeling and monitoring of re-
newable CO, emissions from biofeedstock are crucial for
refineries(Lammens, 2022; Su et al., 2022; Cao et al., 2024).
However, current refinery systems lack the ability to measure
renewable carbon content accurately and promptly. Develop-
ing robust methods to track these emissions is essential for
refineries to optimize co-processing, confirm decarboniza-
tion efforts, and benefit from policy incentives.

This study introduces a novel data-driven dynamic mod-
eling framework that synergistically integrates change point
detection (CPD) with robust regression, creating a dynamic
monitoring system specifically tailored for multimode in-
dustrial co-processing applications. The innovative aspects
of our approach are highlighted by addressing significant
limitations of traditional modeling methods, including their
inability to adapt to continuously evolving operating con-
ditions and their limited interpretability in noisy industrial
environments. Our contributions can be summarized in four
key points:

e Synergistic Integration of CPD and Robust Re-
gression: Our framework uniquely combines change
point detection with robust regression to dynamically
segment multimode industrial processes and handle
noisy, non-stationary data effectively, ensuring both
interpretability and computational efficiency.

e Novel Application and Industrial Validation: We
apply CPD to automatically identify dynamic oper-
ational conditions specifically in FCC co-processing,
validated extensively on a large-scale industrial dataset
of 43,662 samples from Parkland Refining Ltd, with
rigorous cross-validation against '*C measurements
demonstrating errors predominantly below 5%.

e Real-Time Monitoring and Process Insights: Our
approach provides accurate real-time tracking of re-
newable CO, emissions, revealing critical dynamic
relationships between biofeedstock conversion rates
and operational parameters, thus offering actionable
insights to optimize co-processing sustainability.

e Handling Sequential Dynamics via Segmentation:
By developing segment-specific robust regression
models, our approach indirectly captures the sequen-
tial dynamics of industrial processes, adapting to tem-
poral variations without requiring complex sequential
models, while maintaining high interpretability and
computational efficiency.

The proposed method continuously adapts to operational
shifts and significantly enhances the accuracy, reliability,
and practicality of renewable CO, emissions monitoring,
contributing to the low-carbon transition in the energy indus-
try. Furthermore, by comparing our segment-based approach
with advanced sequential modeling techniques, we demon-
strate its superior balance of interpretability, robustness, and
efficiency, while identifying opportunities for integrating se-
quential modeling in future work to further enhance dynamic
modeling capabilities.

2. Related Work

Existing studies on modeling renewable CO, emissions
from biofeedstock co-processing have primarily focused on
laboratory-scale analysis, using limited datasets. For exam-
ple, Bezergianni et al. (2018) explored co-processing renew-
able feedstocks with fossil fuels but noted the need for more
accurate emission models. Van Dyk et al. (2019) highlighted
the limitations of current emission monitoring approaches,
which may not reflect the complexities of industrial pro-
cesses. Elliott et al. (2012) examined catalytic processes in
biofeedstock co-processing, emphasizing the importance of
accounting for emissions variations under different opera-
tional conditions. Dell’Orco et al. (2021) discussed the limi-
tations of accelerator mass spectrometry (AMS), the current
dominant method for measuring renewable CO,, particularly
in terms of cost-effectiveness and real-time capabilities. The
AMS method is time-consuming, as the sampling can take
several hours or even an entire day. In addition, the costs are
significant, and each analysis often amounts to thousands of
dollars when sampling costs are considered.

Several studies have explored dynamic modeling and
monitoring approaches to handle non-stationary industrial
processes. Methods such as Gaussian mixture models (GMM)
(Pernkopf and Bouchaffra, 2005) and hidden Markov models
(HMM) (Geramifard et al., 2013) have been widely ap-
plied for multimode process monitoring, capturing distinct
operational states through probabilistic frameworks (Liu
and Kadirkamanathan, 2015; Cao et al., 2025; Zhang and
Li, 2014). While these methods effectively handle multiple
operating modes, they often rely on pre-defined model struc-
tures or extensive parameter tuning, limiting their flexibility
in highly dynamic and unpredictable industrial settings.
Other dynamic techniques like ARIMA and Kalman filters
have been extensively used for time-series prediction in
industrial applications but are generally limited in capturing
abrupt and non-linear shifts due to their linear assumptions
(Box et al., 2015; Barbarisi et al., 2006).
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In terms of interpretability, substantial progress has been
made in developing interpretable machine learning tech-
niques suitable for industrial applications. Linear models
and robust regression approaches have been favored due to
their inherent transparency and ease of validation in regula-
tory contexts (Du et al., 2019; Rudin, 2019). Meanwhile, Ex-
plainable AI (XAI) techniques such as SHAP (SHapley Ad-
ditive exPlanations) and LIME (Local Interpretable Model-
agnostic Explanations) have emerged to provide post-hoc
explanations for complex models (Lundberg and Lee, 2017;
Slack et al., 2020). However, these methods typically deliver
explanations after predictions are made, making them less
suitable for real-time monitoring and immediate decision-
making in industrial scenarios.

Co-processing at the FCC is a challenging industrial
process characterized by continuous and dynamic changes in
operational conditions over time (Fogassy et al., 2011). This
dynamic nature inherently leads to fluctuations in CO, emis-
sions. However, previous studies have largely overlooked
the impact of changing dynamics on emission modeling.
Conventional approaches often fail to account for complex
interactions among real-time operational variations, such as
changes in feedstock composition, reaction temperatures,
and catalyst performance—which can significantly affect the
accuracy of emission predictions (Su et al., 2022; Cao et al.,
2024). Figure 3 provides an illustrative example of how data
and their distribution can evolve over time due to underlying
process dynamics. The parameters Pp; Pg; Pc; Pp represent
the probability distributions of the process variables within
four time segments (A, B; C; D). Each segment corresponds
to a distinct operational regime, which might reflect subtle
changes in the statistical characteristics of the process data,
such as shifts in mean, variance, or underlying distributions.
When faced with such dynamic behaviors, a static model
trained on data from a single operating regime will likely
perform poorly when applied to new conditions with differ-
ent underlying relationships.
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Figure 3: Example of data distribution changes over time due

to process dynamics

The limitations of current approaches highlight sev-
eral critical needs in co-processing modeling: the ability to
handle large-scale industrial datasets, account for dynamic

operating conditions, provide real-time monitoring capabil-
ities, and adapt to changing process conditions automati-
cally. Traditional models often fail to capture the temporal
evolution of process parameters and their complex interac-
tions, leading to reduced accuracy in industrial applications.
Furthermore, the lack of comprehensive validation against
industrial-scale experimental data has hindered the devel-
opment of reliable predictive models for renewable CO,
emissions.

To overcome these limitations, this study proposes an
innovative data-driven approach aimed at precise modeling
and real-time monitoring of renewable CO, emissions dur-
ing the co-processing process. Our industrial partner, Park-
land Refining Ltd in Canada, Canada’s largest renewable
fuel producer, is actively co-processing oleochemical/lipid
feedstocks such as tallow, canola oil, and tall oil, thereby re-
ducing the carbon intensities (CI) of various fuels produced
(Parkland, 2022). Parkland Refining Ltd has provided a large
amount of valuable data from multiple operational scenarios,
laying the crucial foundation for our model development.

3. Methods

3.1. Data-Driven Modeling of Renewable CO,

The continuous processing of biogenic feedstocks by
refineries generates an abundance of data. Notably, we al-
ready have the ability to measure Total CO, emissions in
real time, but the amount of renewable CO, can only be
calculated through sampling via AMS #C. We propose
the integration of machine learning methodologies to first
establish a reliable and accurate real-time model to predict
Total CO, emissions. Once we have this model in place,
we can further analyze it to estimate the renewable CO,
emissions. For the Total CO, emissions, we assumed that
Total CO, is a linear combination of the input variables, i.e.,

Total CO, =a Tossil feed +b bio feed + *(Fossil; bio)
(())))))))))))))))))))f I DIIDIIIIIIIN

CO,(Fossil; bio)

ey

The predicted Total CO, is further decomposed into two
components. CO,(Fossil; bio) represents the main contri-
bution of fossil feed and bio feed to the CO, production,
while "(Fossil; bio) accounts for the additional contribution
or adjustment to the CO, production that is not directly
explained by the fossil feed and bio feed. "'(Fossil; bio) is
defined as follows:

"(Fossil; bio) =c feature | +d featurel1 +5 (2)

where fossil feed, bio feed, feature I, feature I, feature IlI, etc.
represent the selected variables in the co-processing, while
a,b,c,d etc. stand for the coefficients in the linear regression
model that are determined through data analysis.

Defining the co-processing ratio, .y, as the proportion of
bio feed to the combined amount of bio feed and fossil feed
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(bio feed / (bio feed + fossil feed)), it's noteworthy that the of the process. Advanced time-series models like recurrent
renewable CQis only related to the bio feed and the portion neural network (RNN) or Transformer might achieve higher
of ".fossil, bid attributable to the bio feed. The core idea is predictive accuracy, but they function as black-box models
to proportionally allocate the "additional contribution™ term, and lack the ability to disentangle Total G@&missions into

" (fossil, bio), to the renewable GGromponent based on renewable and non-renewable components (LeCun et al.,
the co-processing ratia ;). Speci cally, we assume that 2015; Wang et al., 2023). In contrast, our robust linear
".fossil, bid is in uenced by both fossil and bio feeds, and regression model yields explicit coe cients that clearly
its contribution to renewable COshould be proportional represent the contribution of bio feed and fossil feed, thereby
to the bio feed's contribution to the total feed input. This facilitating a precise decomposition of total €@to re-
assumption allows us to decompose the tota} @é@issions newable and non-renewable components. Moreover, many
into renewable and non-renewable parts in a manner thaegulatory agencies require transparent, auditable methods
re ects the underlying process dynamics. Thus, we carfor carbon accounting, and a linear decomposition approach
further derive the formula for renewable ¢@s follows: is more easily justi ed and validated in these settings (Su

RenewableCO, = b bio feed + r, ".fossil; bio/ (3) '@l 2021).

To clarify, the rstterm,b bio feed, represents the direct 3.2. Change Point Detection in FCC Co-processing
contribution of bio feed to C®emissions, which is entirely In FCC co-processing, itis often impossible to determine
renewable. The second term, ".fossil, bid, allocates a in advance how many di erent operating conditions exist.
portion of the additional C@captured by to the renewable These conditions can change at any time due to various fac-
component, proportional to the bio feed's share in the totators, such as variations in reactor feed composition, catalyst
feed. This proportional allocation is a reasonable approachctivity, operating temperature, pressure, and other parame-
in the absence of detailed chemical reaction mechanisms thegrs. As a result, a data-driven approach is necessary to auto-
could precisely separate the contributions from fossil and bianatically discover these di erent operating conditions with-
feeds. out relying on prior knowledge. To address this challenge,

To facilitate comparison with*C measurement results, we use change point detection techniques to automatically
we introduce the biogenic fraction, which represents thddentify di erent operating conditions (Truong et al., 2020;
renewable CQemissions relative to the total emissions. TheTakeuchi and Yamanishi, 2006). The core idea of change
biogenic fraction is calculated as the ratio of renewablg CO point detection is to detect moments in an observed data
to total CQ,, and can be expressed as follows: sequence where statistical properties change abruptly. These
Renewabl€0, moments., known as change points, allow us to segment
w (4)  the data into relatively stable periods, each representing a

potential operating condition.

This formula not only allows us to compare the biogenic
content with!4C measurement results but also enables real-
time tracking of the proportion of renewable €O total
emissions, providing more accurate monitoring of biogenic
content in the process. To get a simpli ed, interpretable, and
robust online renewable GOmonitor, we propose to use
robust regression. Robust regression is a form of regression
analysis that is designed to be resistant to outliers and can
e ectively handle noisy data, which is common in industrial
processes (Cao et al., 2024; Yu and Yao, 2017). It provides
more reliable and accurate estimates compared to ordinary
least squares regression when there are outliers or violations
of assumptions.

While the robust regression approach provides a stati€igure 4: Example of change point detection applied to time-
model for renewable C£emissions, co-processing involves series data
various dynamic operating conditions. If a static model is
used, it may not accurately capture the variations in emis-
sions under di erent operating conditions, as each condition Change point detection o ers several key advantages.
may require a di erent model. To address this limitation, First, it exhibits strong adaptability, as it can automati-
we will develop a data-driven dynamic modeling approachcally discover changes in statistical properties from the data
for renewable C@emissions, which can adapt to changing without requiring manual speci cation of the number or
operating conditions and provide more accurate and reliablg/pes of operating conditions. Second, it requires no prior
predictions. knowledge only the observed data itself making it suit-
Remark: In this study, we deliberately chose a linear mod-able for complex industrial processes. Third, it dynamically
eling approach for Total C&emissions because of its inter- captures changes in real-time, ensuring accurate monitoring
pretability and alignment with the physical characteristicsof operating conditions as they evolve. Finally, being a fully

Biogenic Fraction=
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data-driven method, change point detection can leveragehange points can be framed as a discrete optimization
large amounts of industrial operation data to uncover hiddeproblem:
patterns and regularities. Figure 4 gives an example of
change point detection. By applying change point detection, B B . 5
: _ * 2
we can automatically segment the data, with each segmentMnW. ;z/+pen /= AZ¢* Zs 5., Mo+ 00 (8)
representing a potential operating condition. This segmen- k=0 t=s;
tation enables the development of separate models for each \yhjle the change point detection is an established method,
operating condition, leading to more accurate predictiongs application in this context is novel. Previous studies on
and better monitoring of renewable G@missions. co-processing have largely overlooked the dynamic nature
Let the signalz = "2,;2,)8 ;z; be dened, and  of ingustrial operations. Our work addresses this gap by
assume that it is piecewise stationary, with the procesgsing CPD to automatically identify and adapt to changing
changing abruptly at some unknown time poisisc =  process conditions, a critical step for accurate real-time mon-
"S1;5,;8 ;8¢ , wheres, <'s; < 5 < sy. The goal of jioring of renewable CQemissions. We performed careful
change point detection is to estimate these instants when ”Eférameter tuning, combining data-driven optimization with
signalz is observed. De neW . ;z/ as the total cost for - gomain expertise from Parkland Re ning engineers, to
choosing segmentation which is given as follows: ensure the detected change points were both statistically
sound and operationally relevant. Moreover, we integrate the

23 s s CPD-based segmentation with a robust regression scheme
W.;z/= d z.. =d "z ' +d 7~z 7 ; - ;
_ SkiSk+1 1 s1+1 to build dynamic models that capture the non-stationary
k=0 relationships between feedstocks and,@mnissions.
#5+d 22X
K ) 3.3. Data-Driven Dynamic Modeling of Renewable
Cco,
where”s;;s,;§ ;.8 represents the change point in- Based on the segmentation of operating conditions ob-
dices, andl. z /isthe costfunctionforsegmezgk — tained through change point detection, we develop a data-
! " TSk Sk+ ;

“ . ; . .
"ze 124418 12,  With K being the number of change driven dynamic |_'no.del|n_g approach to accuratgly pre_dlct re-
points. The segment codtz, . / tends to be low if the newable CQ emissions in the FCC co-processing unit. The
segment is homogeneous (without internal change pointd)fimary objective is to capture the. e\(olvmg relatlon§h|ps
and high if the segment is heterogeneous (with internaP€tween process variables and{nissions under varying
change points). Various cost functions have been propose@perational scenarios. Our approach involves constructing
such as thel ;-norm cost,L ,-norm cost, Poisson cost, S€JMENt-Speci ¢ regression models tailored to the unique
kernel-based cost, etc. In this work, the segment cost funccharacteristics of each identi ed operating condition.

tion d.zg / is de ned using the. ,-norm: While our approach primarily relies on change point
detection for temporal segmentation rather than explicit se-

1 guential modeling, it inherently accounts for the dynamic na-

d Zg.s,, = AZy* Zs 50 “g (6)  ture of industrial data through segment-speci ¢ local mod-
t=s; els. Each segment represents a distinct temporal regime

with its own dynamic characteristics, e ectively capturing
di erent phases of the process over time. This piecewise
_ ) approach to modeling temporal dynamics o ers signi cant
processing, a regularizer pehon the number of segments 4\ antages in industrial settings where process behaviors
is required to avoid over tting. The choice of penalty iS cqn ghift abruptly due to operational changes, feed composi-
closely relgted to th_e magnltgde of detected chang_es. Asmally, variations, or equipment modi cations. By developing
penalty will result in detecting many change points, evenggnarate models for each operational mode, we capture the
those caused by noise, while alarge penalty will only detect ggyinct dynamic relationships that exist within each regime,
few signi cant change points or possibly none. In this work, \ypich might otherwise be obscured in a single global model
a linear penalty pen/ is chosen, and it is de ned as: attempting to represent all possible states.
pen /= 38 7 The dynamic modeling procedure consist; of seve_ral
integrated steps. First, we utilize the change point detection
where represents the regularization coe cient, and a 2/90rithm, such as PELT with a linear penalty, to parti-
smaller results in aweaker penalty. In this work, the Prunedtion the time-series data into distinct segments. Each seg-
Exact Linear Time (PELT) method with a linear penalty mer_1t r_epresents z_istable operatlng condition with conS|s_tent
is employed (Wambui et al., 2015). We selected the pELTStgt|§t|caI properties, aII(_)wmg for more accurate modeling
algorithm for it hasO.T/ computational e ciency and is  Within homogeneous periods. We then employ robustregres-
e ective for large-scale data, which is well-suited for our Sion techniques to build predictive models for Total £O
application involving extensive industrial datasets. Finally,8missions within each segment. The local robust regres-
for the signalz = 2z,;2,;§ ;z; ", the problem of detecting sion models trained on each contiguous segment inherently

wherezg . . is the mean of the segmen s . Since
the number of change points is unknown in FCC co-
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encode temporal correlations within that regime. In e ect,™ Algorithm 1: Dynamic Renewable COMonitor-
our piecewise framework captures the evolving dynamics jng Procedure

of industrial sequences without requiring end-to-end time-
series networks. The general form of the regression model
for segmenk is given by:

Input: A time seriesX = [Xg;X1;8 ;X7], where
eachx; includes: Fossil feed rate
(fossil feed), bio feed rate (bio fegdl

. . Additional process feature, Measured Total
Total = fossil feed + f o '
otal CO,, = a, fossil feedq + b, bio feeqd CO, emissions
+ ¢ feature|+d, featurelf+8§ Hyperparameters: Regularization coe cient ,
©) Maximum number of change poinits, .y

Minimum segment length i,

Output: Change point list CP; Segment models list
M; Renewable CQestimates
Renewable C®

whereay, by are the regression coe cients for fossil feed,
bio feed, respectively. Subsequently, we decompose the pre-
dicted total CQ emissions into contributions from fossil
fuels and biofeedstock to estimate renewablg €@issions.

. o . 1 begin

Thg renewat.)Ie 'Cg)at each time point in segmentk is ) Initialize change point list CP []
estimated using: L :

3 Initialize segment models list M []

RenewableCO,, = b, biofeeq + re, ", (10) 4 | WhilelenCP/ <N p,,do
’ 5 Sets} CH*1]
Building upon the segmentation of operating conditions 6 if s+ Lyin>T then
obtained through change point detection, we develop a data-7 \ break
driven dynamic modeling approach to accurately predict re- 8 end
newable CQ emissions in the FCC co-processing unit. The © new_CP} Detect Next Change Point
primary objective is to capture the evolving relationships 10 if new_CP= Nonethen
between process variables and #nissions under varying 11 \ break
operational scenarios. 12 end
An overview of the dynamic modeling approach is il- 13 Append new_CP to CP

lustrated in Figure 5. This gure demonstrates the work ow 14 Extract segment data
from data segmentation to model deployment. The algorith- Xsegmeng X[s: new_CR
mic implementation is detailed in Algorithm 1, which out- 15 Build Total_CG, robust regression modsi
lines the sequential steps involved in change point detection, 0N Xsegment
model development, and real-time estimation of renewables Append modemto M
CO, emissions. 17 | end

18 for tfrom0to T do

19 Identify current segmer&, such that
4. Results ¢ E [CPK]: CFIK + 1) k

In this section, we present the results of applying our ,, Retrieve modeir, from M

data-driven dynamic modeling approach to the real-time ,, Compute predicted Total C@missions:
monitoring of renewable COemissions in the FCC co- ,, Total COy, =
processing unit at the Parkland Re nery. We utilized a a, fossil feed+ b, bio feed + ¢,
comprehensive dataset comprising 43,662 samples collected feature | + d, feature Ij +§
from March 2021 to December 2023 during the re nery's ,, Calculate co-processing ratio:
commercial operation. The data captured a wide range of bio feeq
operational COhdItIOﬂS', llncludlng transitions petween dier- 24 leot = bio feed + fossil feeq
ent feedstock compositions a_nd process s_ettmgs. It mclt_;desé5 Compute adjustment term:
measurements (_)f Total G@missions, fossil feed rates, bio " = ¢ feature|+d, featurel|+§
feed rates, reacnonltempera.tureg catalyst, and other relgva L Estimate renewable G@missions:
process features. F!gure 6 visualizes key vanaples over.tlme28 Renewable CQ) = by, bio feed+rgy ",
highlighting uctuations that re ect the dynamic operating end ’
conditions inherent in co-processing. 20 return CP, M, Renewable CQ
4.1. Data Preprocessing a1 end

To ensure data quality and robustness for subsequent
modeling, the dataset should be subjected to a comprehen-
sive preprocessing pipeline (Cao et al., 2025). This pipelind he preprocessing steps were implemented using Python's
addressed missing data, outliers, and feature scaling, &sikit-learn library, and their parameters were optimized
these issues are common in industrial datasets due to sengising a validation subset of the dataset (10% of samples) to
errors, process interruptions, or inconsistent measurementlinimize bias and ensure generalizability.
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Missing values were imputed using the k-nearest neighen the time series data of Total G@missions and key
bors (k-NN) imputation (Pujianto et al., 2019) method with process variables. This method dynamically balances the
k = 5. This approach imputes missing values by computirade-o between model complexity and goodness of t,
ing the weighted average of the ve most similar samplesensuring statistically robust segmentations. The regulariza-
based on Euclidean distance in the feature space (excludirgn coe cient was carefully tuned based on operational
the missing feature). The k-NN method was chosen for itknowledge and data characteristics to avoid over tting or
robustness to non-linear relationships in industrial data andnder tting the change points. The algorithm identi ed 14
its ability to preserve local data structures. signi cant change points, e ectively segmenting the dataset

Outliers, which can arise from sensor malfunctions orinto 15 distinct operational periods, as illustrated in Figure 7.
extreme process conditions (e.g., anomalous @@asure- Despite some segments appearing to have less noticeable
ments), were detected using the isolation forest algorithndi erences, the segmentation is statistically reliable, as it
(Thennadil et al., 2018). This method identi es anomaliesminimizes the cost function de ned in Equation (8).
by constructing random decision trees and isolating samples To objectively evaluate the accuracy of our change point
with shorter average path lengths, which indicate outliersdetection approach, we implemented multiple quantitative
The parameter of the Isolation Forest was optimized basedssessment methods. First, we measured how well the PELT
on visual inspection of key features and domain knowledgelgorithm minimized the statistical cost function in Equa-
from Parkland Re ning engineers to avoid removing valid tion (8). This indicates a strong balance between segment
extreme values. homogeneity and model parsimony. Second, we conducted a

To ensure consistent scales across heterogeneous fesensitivity analysis by varying the regularization coe cient
tures, all features were normalized to the range [0, 1] usingo produce the most stable segmentation when comparing
min-max scaling. Min-max scaling was chosen to preservehe detected change points against reference points identi ed
the relative relationships between data points while ensurinfrom process operation logs.
compatibility with the robust regression models used in  Additionally, these change points correspond to opera-

subsequent steps. tional shifts validated by domain knowledge, such as feed-
_ stock adjustments, temperature changes, and catalyst vari-
4.2. Feature Importance Analysis ations. This alignment with real-world operational patterns

To systematically analyze the contributions of each feafurther supports the reliability of the detected change points.
ture to Total CQ predictions, we conducted a feature impor- The average duration between change points was approxi-
tance analysis using various methodologies. The methodsately 1-2 months, underscoring the necessity for a dynamic
include Mutual Information (Jiang et al., 2019), Elastic modeling approach that can adapt to these temporal varia-
Net (Sun and Braatz, 2020), Boruta (Kursa and Rudnickitions.

2010), Causal Discovery (Su et al., 2022), Random Forest

(Biau, 2012), LASSO (Meinshausen and Buhimann, 2006)4.4. Total CO, Emissions Modeling Results

XGBoost, LightGBM, CatBoost, and Gradient Boosting For each identi ed segment, we developed robust re-
(Brownlee, 2021). gression models to predict Total G@missions based on

Features such as fossil feed, bio feed, catalyst circulatiothe fossil feed rate, bio feed rate, and additional process
rate and catalyst cooler steam ow consistently demonstratéeatures identi ed through our feature importance analysis.
high importance across all methods. This nding highlights The regression coe cientsy, andb, for fossil feed and bio
their critical role in predicting Total CO Moreover, features feed, respectively, were calculated for each segment, captur-
such as reactor temperature and upper regenerator tempenag the unique relationships between inputs and emissions
ture also contribute signi cantly under certain methodolo-under di erent operating conditions. To ensure that each
gies, indicating their relevance to speci ¢ operating condi-segment-speci ¢ model accurately re ects the relationships
tions. within its respective segment, we assess the performance

Industrial processes may involve unobserved variablesising statistical metrics such as Mean Squared Error (MSE)
such as catalyst aging or feedstock impurities. We mitigatand the coe cient of determinationR?).
this by focusing on high-impact measured features and by To comprehensively evaluate the performance of our
segmenting the process such that each local model remaipsoposed change point detection-based dynamic modeling
statistically consistent. Nevertheless, we acknowledge thapproach, we conducted comparisons with alternative mod-
certain confounding factors outside our measured feature seting methods, including both static models that ignore
could still in uence CG formation. The residual terry, temporal segmentation and other dynamic approaches that
partly accounts for these unmodeled variations, but furthecapture multimode behaviors.
investigations on advanced sensor deployment or domain- Table 1 presents a comprehensive comparison of vari-

speci ¢ knowledge could help re ne the model. ous modeling approaches evaluated on the Parkland re n-
_ _ ery dataset. For static baseline methods, we implemented
4.3. Change Point Detection linear regression (LR), support vector regression (SVR),

To capture dynamic changes in operating conditionsrandom forest (RF), and recurrent neural networks (RNN).
we applied the PELT algorithm for change point detection
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Figure 7: Change point detection results for different operating
conditions

For dynamic multimode approaches, we implemented seg-
mented partial least squares (PLS), Gaussian mixture model
with linear regression (GMM+LR), hidden Markov model
with linear regression (HMM+LR), and a hybrid approach
combining Gaussian mixture models with recurrent neural
networks (GMM+RNN).

While GMM+RNN achieved the lowest MSE of 0.038
and highest R? of 0.937, it came with significant trade-
offs in interpretability and computational efficiency. Our
proposed approach demonstrated excellent predictive perfor-
mance with an MSE of 0.041 and R? of 0.933, positioning
it as the second-best method in terms of pure numerical ac-
curacy. However, our approach substantially outperformed
all other methods when considering the full spectrum of
desirable model characteristics.

The strong predictive performance of our segment-
specific models serves as an indirect validation of the accu-
racy of our change point detection approach. The relatively
low MSE (0.041) and high R? (0.933) values suggest that the
identified segments represent genuinely distinct operational
regimes with consistent statistical properties. Inaccurate
segmentation, whether through excessive partitioning of
homogeneous data or through failure to identify signifi-
cant operational transitions, would manifest as diminished
predictive performance in subsequent regression models.
The observed high performance metrics therefore provide
substantive evidence supporting the statistical validity of
our segmentation methodology. This performance-based
validation complements the direct statistical evaluation of
the change point detection algorithm and provides further
evidence of the robustness of our approach.

The key advantages of our approach extend beyond
numerical performance metrics.

First, the linear structure of our segment-specific models
provides high interpretability, which is crucial for industrial
applications requiring decomposition of Total CO, into re-
newable and non-renewable components. This transparency
is essential for regulatory compliance and process opti-
mization, whereas black-box models like SVR, RNN, and
GMM+RNN cannot readily provide such insights.

Second, unlike engineering-based PLS segmentation
that relies on domain knowledge, our approach automatically
identifies change points through statistical optimization,
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