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Adaptive Process Monitoring for Multimode
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Abstract—In complex industrial processes, real-time
monitoring of critical variables is essential for ensuring op-
erational safety and efficiency. Traditional process monitor-
ing models often struggle with processes characterized by
multiple operating modes, leading to decreased prediction
accuracy and reliability. Existing methods typically require
prior knowledge of the number of operating modes and
cannot adapt to new modes that emerge over time, limiting
their applicability in dynamic industrial environments. To
address these challenges, we propose an adaptive process
monitoring framework that automatically identifies operat-
ing modes using change point detection and classifies data
using Gaussian mixture models. Specialized sub-soft sen-
sor models are then constructed for each identified mode.
This approach eliminates the need for prior knowledge of
operating modes and enables the system to adapt to new
operating conditions in real time. The effectiveness of the
proposed methodology is demonstrated through a case
study on the fluid catalytic cracking unit at the Parkland Re-
finery. The results show that our adaptive segmented model
achieves an RMSE of 2.645 and an R2 of 0.819, significantly
outperforming the non-segmented model with an RMSE of
5.037 and a negative R2 of -0.597. This adaptive framework
enhances operational safety and efficiency by providing
a robust and flexible monitoring solution for dynamically
changing industrial processes.

Index Terms—Change Point Detection, Gaussian Mix-
ture Models, Process Monitoring, Multimode Industrial Pro-
cesses, Machine Learning Modeling

I. INTRODUCTION

In modern industrial automation and process control, partic-
ularly in sectors such as chemicals, petroleum, and semicon-
ductors, real-time monitoring and prediction of key variables
are crucial for ensuring safe and efficient production [1], [2].
Soft sensors, also known as inferential sensors, utilize existing
process data and advanced algorithms to estimate critical vari-
ables that are either difficult or expensive to measure directly
[3]. With real-time estimation of critical variables, soft sensors
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enable enhanced process monitoring and control, significantly
improving safety and reliability by providing redundant mea-
surements and early detection of potential equipment failures.

Recent advances in data-driven algorithms have significantly
enhanced industrial process monitoring capabilities. Federated
learning architectures enable robust monitoring across dis-
tributed edge devices while preserving data privacy [4], while
graph neural networks have demonstrated effectiveness in
analyzing complex time-series data from battery management
systems [5].

Complementing these monitoring advances, significant
progress has been made in fault diagnosis and process variable
analysis. Research has established new methodologies for sen-
sor fault detection in discrete-time systems [6] and introduced
novel statistical process monitoring algorithms for handling
high-dimensional variables [7]. These developments have been
further strengthened by implementations leveraging both deep
architectures [8] and advanced symbolic representations [9].
The innovations in matrix factorization techniques [10] and
edge-intelligent architectures [11] have also improved the
computational efficiency of process monitoring systems, par-
ticularly in resource-constrained environments. Additionally,
attention-based deep learning approaches [12] have enhanced
the robustness of monitoring systems when dealing with
complex or noisy process conditions.

However, despite the potential benefits of soft sensors, their
widespread implementation in industrial settings has been hin-
dered by several significant challenges. Real-world industrial
processes often experience multiple operating modes. These
modes may be influenced by a variety of factors, including
changes in raw material properties, equipment conditions,
environmental variables, and operational set points [13], [14].
As illustrated in Figure 1, multiple operating modes can occur
under such circumstances, and ignoring these modes can cause
soft sensors to fail catastrophically.

To address the challenge of multiple operating modes,
researchers have devoted considerable effort to develop multi-
mode methods [15]–[20]. Numerous methods for phase seg-
mentation have been introduced to separate the entire process
into distinct operating modes, and then independent soft sensor
models are trained for each mode. Although these approaches
have shown potential, they still often rely on prior knowledge
of the number of modes and cannot adapt if new modes emerge
during system operation.

One key technique for autonomous mode identification is
change point detection (CPD), a fundamental problem in
statistical analysis and machine learning [21]–[23]. CPD does
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not require prior knowledge of the number of operating modes;
it detects points in time where the dataâs underlying statistical
properties shift significantly. This segmentation paves the way
for building accurate sub-soft sensor models per operating
mode.

Gaussian Mixture Models (GMMs), widely employed in
data classification, can further refine the segmentation by
probabilistically clustering samples into distinct modes. As
new data arrives, GMMs classify the incoming samples into
one of the existing modes, triggering the corresponding sub-
soft sensor model [24]–[26].

The proposed framework integrates CPD and GMMs for
robust pattern segmentation and classification in industrial
processes. The key contributions of this research are:

1) Development of an autonomous mode detection frame-
work based on change point detection that eliminates the
need for prior knowledge of operating modes.

2) Design of an adaptive modeling approach that com-
bines GMM classification with specialized sub-soft sen-
sor models for each identified mode.

3) Implementation of a real-time monitoring system capable
of detecting and modeling new operating conditions as
they emerge.

The remainder of this paper is organized as follows. Sec-
tion II introduces the methodology for detecting change points.
Section III discusses Gaussian mixture models and their use in
modeling and classifying segmented data patterns. Section IV
presents the proposed adaptive process monitoring framework
for multi-mode industrial processes. Section V demonstrates
the effectiveness of the proposed method through a case study
on a fluid catalytic cracking unit. Finally, Section VI concludes
the work.

Fig. 1. An Illustration of Multiple Operating Modes

II. CHANGE POINT DETECTION AND SOFT SENSOR
MODELING

Let fX1; X2; : : : ; XT g denote a sequence of observations,
where each Xt represents a random variable at time t. Assume
that the data sequence can be partitioned into k+ 1 segments
separated by k change points �1; �2; : : : ; �k, where 1 � �1 <
�2 < � � � < �k < T . Each segment i (for i = 1; 2; : : : ; k + 1)
is characterized by a distinct probability distribution Pi with

Fig. 2. An Example of Change Point Detection

parameters �i. An example of the change point detection is
shown in Figure 2. Formally, this can be expressed as:

Xt � Pi(�i) for �i�1 < t � �i (1)

where �0 = 0 and �k+1 = T . To ensure the segmentation
process captures meaningful data patterns, we also introduce
a minimum segment length, Lmin, which prevents the cre-
ation of segments that are too short for reliable statistical
modeling. In this work, we chose Lmin by balancing two
considerations: (1) providing sufficient samples within each
segment to reliably train a sub-soft sensor model, and (2)
avoiding over-segmentation where too many short segments
could lead to spurious operating modes. We performed cross-
validation using different candidate values of Lmin to evaluate
segmentation stability and model performance. In general,
practitioners may adjust Lmin based on the sampling rate
and process characteristics to achieve a suitable trade-off
between detection granularity and false-alarm avoidance. Each
identified segment Di = fXt; ytg�i

t=�i�1+1 must meet this
minimum length criterion to avoid overfitting.

The primary objectives in change point detection are to de-
termine the number k of change points, identify their locations
f�ig, and estimate the parameters f�ig for each segment. The
joint likelihood of the entire data sequence, given the change
points and their corresponding parameters, is the product of
the likelihoods of each segment:

L (�1:k; �1:k+1 j X1; X2; : : : ; XT ) =

k+1Y
i=1

�iY
t=�i�1+1

f(Xt j �i)

(2)
where f(Xt j �i) is the probability density (or mass)
function of Pi. The goal is to identify the set of change
points f�1; �2; : : : ; �kg and the corresponding parameters
f�1; �2; : : : ; �k+1g that maximize the joint likelihood:

f�̂1:k; �̂1:k+1g = arg max
f�ig;f�ig

L (f�ig; f�ig j X1:T ) (3)

where X1:T denotes the entire data sequence. Directly maxi-
mizing the likelihood over all possible combinations of change
points and parameters is computationally infeasible due to
the combinatorial explosion as T increases. Therefore, various
optimization strategies are employed to efficiently identify the
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optimal set of change points and corresponding parameters
[21].

A. Online Change Point Detection
In dynamic industrial environments, it is crucial to detect

changes in the process in real time as new data arrives. Online
change point detection methods aim to identify points in time
where the statistical properties of a data sequence change,
without processing the entire dataset retrospectively. This ca-
pability allows the system to adapt promptly to new operating
conditions, ensuring accurate predictions and reliable perfor-
mance even when faced with unfamiliar process dynamics.
An effective method for online change point detection is the
Bayesian Online Change Point Detection (BOCPD) algorithm,
introduced by Adams and MacKay [23].

The BOCPD algorithm maintains a run length variable rt,
which denotes the number of time steps since the last change
point. At each time t, the algorithm updates the posterior
distribution P (rt j X1:t) over the possible run lengths given
the data observed so far. The probability of a change point
occurring can be determined from P (rt j X1:t). It is updated
using the following recursion:

P (rt j X1:t) =

P
rt�1

P (rt; rt�1; Xt j X1:t�1)

P (Xt j X1:t�1)
(4)

where the numerator can be decomposed into terms involving
the hazard function and the predictive probabilities:

P (rt; rt�1; Xt j X1:t�1) = P (rt j rt�1)P (Xt j rt; Xt�rt:t�1)

P (rt�1 j X1:t�1)
(5)

The transition from rt�1 to rt is governed by the hazard
function H(rt�1):

P (rt j rt�1) =

(
H(rt�1) if rt = 0;

1�H(rt�1) if rt = rt�1 + 1
(6)

The hazard function H(rt) controls the expected duration of
segments in the process. A common choice is to assume a
constant hazard, where H(rt) = h and h is a small probability,
representing the likelihood of a change point occurring at each
time step. The predictive probability P (Xt j rt; Xt�rt:t�1)
depends on the data since the last change point and is
calculated using a parametric model for the data Xt. For
each run length rt, we maintain sufficient statistics  rt

that
summarize the data in the current segment, such as the mean
and variance for Gaussian models. The predictive probability
is then computed by integrating over all possible parameter
values:

P (Xt j rt; Xt�rt:t�1) =

Z
P (Xt j  )P ( j Xt�rt:t�1)d 

(7)
where  is the parameter of the assumed data model. If
conjugate priors are used, this integral can often be computed
analytically. This allows for efficient updates of the posterior
run length distribution P (rt j X1:t) and the evidence P (Xt j
X1:t�1), ensuring that the algorithm remains computationally
efficient in real-time scenarios. At each time t, we update the

posterior run length distribution P (rt j X1:t) and compute the
evidence P (Xt j X1:t�1) as:

P (Xt j X1:t�1) =
X
rt�1

P (rt; rt�1; Xt j X1:t�1) (8)

We can then compute the probability of a change point
occurring at time t as the probability that the run length resets
to zero:

P (rt = 0 j X1:t) =
X
rt�1

H(rt�1)P (rt�1 j X1:t�1) (9)

If this probability exceeds a predefined threshold �, we
declare a change point at time t. In this work, we select the
threshold � to balance the trade-off between detection sensitiv-
ity and false alarm rate. Specifically, a higher � reduces false
positives but may miss true change points, whereas a lower �
captures more changes but risks over-segmentation. We first
leveraged domain knowledge of typical process variability to
narrow down a plausible range for �. We then performed
empirical tuning on a validation set to minimize both false
positives and missed detections. In real industrial applications,
� can also be periodically revisited or dynamically adjusted
according to factors like seasonal shifts or scheduled mainte-
nance intervals.

B. Soft Sensor Modeling per Segment

Building upon the change point detection results, we can
develop a framework for multi sub-soft sensors that adapts to
different operating modes identified in the process. This ap-
proach allows us to capture the unique characteristics of each
segment, potentially improving overall prediction accuracy.

Let’s consider the time series data fXtgTt=1 partitioned into
k+ 1 segments by k change points f�1; �2; : : : ; �kg. For each
segment i, we construct a specialized soft sensor model using
the input-output pairs within segment.

Di = f(x t; yt) j �i�1 < t � �ig (10)

where x t 2 Rm is the vector of input features (different with
Xt) and yt 2 R is the target variable. The specialized soft
sensor model define a function fi : Rm ! R that maps the
inputs to the output:

ŷt = fi(x t; � i); �i�1 < t � �i (11)

where ŷt is the estimated output and � i are the parameters
specific to segment i. For each segment i, find the optimal
parameters � �i by solving the optimization problem:

� �i = arg min
θi

1

ni

�iX
t=�i�1+1

‘(yt; fi(x t; � i)) + 
iR(� i) (12)

where ni = �i��i�1 is the number of observations in segment
i, ‘(�) is the loss function, R(�) is the regularization term, and

i is the regularization strength for segment i.

III. GAUSSIAN MIXTURE MODELS

In this section, GMMs are used to model the probability
distributions of distinct data segments identified by change
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point detection and to classify new data points based on the
�tted distributions.

A. Gaussian Mixture Model Framework

Within each segmenti , we assume that the data
f X t g

� i
t = � i � 1 +1 are generated from a mixture of multiple Gaus-

sian distributions. The probability density function for a data
point X t in the segmenti is expressed as:

p(X t j � i ) =
M iX

m =1

� i;m N (X t j � i;m ; � i;m ) (13)

whereN (X t j � i;m ; � i;m ) denotes the Gaussian distribution
with mean � i;m and covariance� i;m , m = 1 ; 2; : : : ; M i .
The weights � i;m denote the proportion of each compo-
nent within segmenti , satisfying

P M i
m =1 � i;m = 1 . � i =

f � i;m ; � i;m ; � i;m gM i
m =1 encapsulates all parameters of the

GMM for segmenti .
Estimating the parameters� i involves determining the mix-

ture weights� i;m , means� i;m , and covariances� i;m that best
�t the data within the segmenti . The expectation maximization
(EM) algorithm is commonly used for this purpose due to
its effectiveness in handling latent variables associated with
mixture models [25]. We assign random values to the means,
covariances, and mixture weights, repeating the EM algorithm
multiple times with different random seeds to select the best
solution.

Selecting the appropriate number of mixture components
M i for each segmenti is essential to balance model com-
plexity and goodness of �t. Techniques such as the Bayesian
Information Criterion (BIC) can be used to compare models
with different numbers of components [27]. The model that
minimizes the chosen criterion is typically selected:

BIC = � 2 ln L + pi ln ni (14)

whereL is the maximized likelihood of the model,pi is the
number of estimated parameters in segmenti , and ni is the
number of observations in segmenti .

In the expectation step (E-Step), we compute the posterior
probabilities (responsibilities)
 i;m (X t ) that each data point
X t (for t = � i � 1 + 1 ; : : : ; � i ) belongs to each Gaussian
componentm within segmenti :


 i;m (X t ) =
� i;m N (X t j � i;m ; � i;m )

P M i
m 0=1 � i;m 0N (X t j � i;m 0; � i;m 0)

(15)

In the maximization step (M-Step), using the responsibilities
computed in the E-Step, we update the parameters:

� new
i;m =

1
ni

� iX

t = � i � 1 +1


 i;m (X t ); (16)

� new
i;m =

P � i
t = � i � 1 +1 
 i;m (X t )X t

P � i
t = � i � 1 +1 
 i;m (X t )

; (17)

� new
i;m =

P � i
t = � i � 1 +1 
 i;m (X t )(X t � � new

i;m )(X t � � new
i;m )>

P � i
t = � i � 1 +1 
 i;m (X t )

(18)

whereni = � i � � i � 1 is the number of observations in segment
i . These steps are performed iteratively until convergence.
After convergence, GMM can partition the data points into
different Gaussian components. We can calculate the posterior
probability of each data pointX t (i.e., the probability that it
belongs to a particular Gaussian component) to determine its
most likely component. Based on these probabilities, we can
further classify and model new data points.

B. Classi�cation of New Data Points

GMM can be applied to classi�cation when we have some
pre-labeled training data. When new data arrive, we can
determine to which segment a new observation most likely
belongs by calculating the probability density of that data point
under each mode.

For a new data pointX new, we �rst compute the log prob-
ability density ln p(X new j � i ) under each segment's GMM.
This log probability is then exponentiated to obtain the actual
probability density:

p(X new j � i ) = exp (ln p(X new j � i )) (19)

After computing the probability densities for each GMM, the
new data point is assigned to the segmenti � whose GMM
yields the highest probability density:

i � = arg max
i

p(X new j � i ) (20)

Then the corresponding segment-speci�c soft sensor model
can be used for prediction:

ŷnew = f i � (X new; � �
i � ) (21)

IV. ADAPTIVE PROCESS MONITORING FOR

MULTI-MODEL INDUSTRIAL PROCESSES

This section introduces an adaptive process monitoring
framework for multi-model industrial processes. It provides a
systematic approach to handling multi-model industrial pro-
cesses. By integrating change point detection, GMM-based
classi�cation, and segment-speci�c soft sensor models, the
framework adapts to dynamic changes in the process, main-
tains high prediction accuracy, and improves operational safety
and ef�ciency. Figure 3 illustrates the framework of multiple
operating modes in industrial processes.

Algorithm 1 details the of�ine phase, which processes
historical data to establish initial models for different operating
modes. This phase begins by initializing empty lists for change
points and segment models. It then iterates through the histor-
ical data, accumulating points in a window until the minimum
segment length is reached. For each window, it computes a
change point score and, if this score exceeds a prede�ned
threshold, it marks a new change point. When a change point
is detected, the algorithm extracts the segment data, builds a
soft sensor model for that segment, �ts a GMM to the segment
data, and stores these models. This process continues until all
historical data have been processed, resulting in a set of initial
models that capture the different operating modes present in
the historical data.
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Fig. 3. Flowchart of Adaptive Process Monitoring for Muliphase Industrial Processes

The online phase, described in Algorithm 2, processes new
data points in real-time, enabling the framework to adapt to
new operating conditions and maintain prediction accuracy
over time. As new data points arrive, the algorithm computes
a change point score. If a new change point is detected,
indicating a potential new operating mode, the algorithm
creates a new soft sensor model and GMM for this segment
and adds them to the model list. If no change point is
detected, the algorithm classi�es the new data point using
existing GMMs and uses the corresponding soft sensor model
to make a prediction. This adaptive approach allows the
framework to continuously update its understanding of the
process, incorporating new operating modes as they emerge,
and ensuring that predictions remain accurate even as process
conditions evolve.

Over extended operating periods, industrial processes may
exhibit gradual drifts due to equipment wear, catalyst deactiva-
tion, or shifts in feedstock quality. Our framework inherently
addresses such drift by continually monitoring for changes in
the data distribution via change point detection. However, even
within a detected mode, the model could degrade slowly over
time. To mitigate this, we periodically evaluate the prediction
performance of each sub-soft sensor model; if the error ex-
ceeds a speci�ed threshold for a prolonged duration, partial
retraining is triggered using a rolling window of recent data.
This strategy ensures that sub-soft sensor models remain up-
to-date with evolving process characteristics while maintaining
computational feasibility. Such periodic or performance-based
retraining offers a practical means to manage long-term model
drift in real industrial deployments.

Although the proposed framework prioritizes accuracy and

adaptability, interpretability of the sub-soft sensor models
also plays a pivotal role in industrial decision-making. By
examining feature importance metrics or techniques such
as SHAP (SHapley Additive exPlanations) [28] within each
mode-speci�c model, stakeholders can identify the most in-
�uential variables under different operating conditions. This
insight empowers process engineers to perform targeted in-
terventions, such as adjusting feed composition or modify-
ing reactor settings, thereby facilitating root-cause analysis
and process optimization. Furthermore, mode-speci�c sub-soft
sensor outputs can be combined with operational context (e.g.,
known feed characteristics or temperature ranges), enabling
more transparent and explainable monitoring results.

Moreover, integrating our adaptive monitoring framework
with industrial control systems opens up opportunities for
proactive interventions. For instance, if the monitoring system
detects a shift to a high-variability mode, advanced process
controllers (such as model predictive control) can automati-
cally adjust control parameters to maintain product quality and
minimize deviations. Similarly, predictions from the sub-soft
sensor models can serve as feedforward signals to controllers,
enabling timely tuning or setpoint changes that better accom-
modate transient disturbances. This synergy between real-time
monitoring and closed-loop control strategies can ultimately
enhance both process stability and operational ef�ciency in
multimode industrial environments.

V. CASE STUDY

In this case study, we demonstrate the application of adap-
tive process monitoring in the Fluid Catalytic Cracking (FCC)
Unit at the Parkland Re�nery in British Columbia, Canada
[29].
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Algorithm 1 Adaptive Process Monitoring: Of�ine Phase

Input: Training dataf (x t ; yt )gT
t =1

Hyperparameters: Regularization coef�cient
 , Minimum
segment lengthL min, Change point detection threshold�
Output: Change point list CP; Segment models list M
begin

Initialize change point list CP [0] ,
Initialize segment models list M [ ] ,
Initialize window W  [ ] , Set segment indexi  1
for data point(x t ; yt ) do

Append(x t ; yt ) to W
if len(W ) � L min then

score Compute Change Point Score(W )
if score> � then

new CP len(W )
Append newCP to CP
Extract segment dataX segment W
Build soft sensor modelf i  f (X segment)
Fit GMM � i  GMM(X segment)
Append(f i ; � i ) to M
Increment segment indexi  i + 1
ResetW  [ ]

end
end

end
return CP M

end

Algorithm 2 Adaptive Process Monitoring: Online Phase
Input: New data pointsxnew

Hyperparameters: Regularization coef�cient
 , Minimum
segment lengthL min, Change point detection threshold�
Change point list CP; Segment models list M
Output: Predictionsŷ
begin

Initialize window W  [ ]
Initialize predictionsŷ  [ ]
for new dataxnew do

Appendxnew to W
if len(W ) � L min then

score Compute Change Point Score(W )
if score> � then

Append newCP to CP
Extract segment dataX new segment W
Build model f new  f (X new segment)
Fit GMM � new  GMM(X new segment)
Append(f new; � new) to M
ResetW  [ ]

end
else

Classify segmenti �  Classify(xnew; M)
Predict target̂ynew  M[i � ]:model(xnew)
Appendŷnew to ŷ

end
end

end
return ŷ CP M

end

Fig. 4. Visualization of Selected Process Variables at the FCC Unit

The FCC unit is a crucial component in re�ning opera-
tions, converting heavy hydrocarbons into lighter compounds
that serve as the basis for various petroleum products. The
complex interactions within the FCC process are character-
ized by multi-phase systems, making it an ideal candidate
for adaptive process monitoring. In the FCC process, the
distillation temperature serves as a crucial quality indicator.
The input variables are chosen based on process expertise and
consist of easily measurable factors that affect the distillation
temperature. A dataset containing 83,833 samples, gathered
from January 2019 to October 2024, is utilized. This dataset
is divided, with 80% used for training and the remaining 20%
for testing purposes. Before applying the proposed framework,
we performed essential data preprocessing steps to ensure
data consistency and improve model training. Speci�cally, all
input variables were normalized to have zero mean and unit
variance. We also employed the3� � rule to detect and remove
outliers. Figure 4 illustrates the distillation temperature values
along with the distribution of the normalized selected input
variables.

Fig. 5. Change Point Detection and Data Segmentation Result

We enhanced the soft sensor to recognize different modes
of industrial processes by applying change point detection
techniques. Figure 5 shows the results on the training data,
where 4 different segments are identi�ed, each corresponding
to a different operating mode. Using these segments identi�ed
through change point detection, we employ a GMM to classify
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