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Abstract

With the rapid transition of process industries toward digitalization and automa-

tion, ensuring reliable and e!cient operation of control systems has become in-

creasingly critical. Modern industrial processes operate in complex and inter-

connected environments, where even minor disturbances or control loop faults can

propagate across multiple units, resulting in productivity losses and quality degra-

dation. Among these challenges, oscillations, valve stiction, and unidentified root

causes of process anomalies remain persistent concerns that adversely a"ect pro-

cess e!ciency and stability. This thesis aims to address these challenges through

the development of computationally e!cient and interpretable approaches for in-

telligent fault diagnosis in process control loops.

The scope of this thesis broadly spans three areas: oscillation detection and char-

acterization, stiction detection, and root cause analysis. The first part of this work

introduces a neural network-based method for detecting oscillations using promi-

nent features obtained from the Fast Fourier Transform (FFT) and FFT of the

Autocorrelation Function (ACF) of dynamic process data. A sensitivity analysis

is performed to evaluate the impact of the number of input features on the model’s

accuracy, precision, and recall. The proposed method achieves a reduction of up

to 80% in the number of input features compared to existing techniques in the

literature, thus reducing computational time without sacrificing performance. The

proposed algorithm achieves a 96.63% accuracy and a recall of 0.96 for detecting

oscillatory behavior. In addition, algorithms are proposed to quantify the oscilla-

tion period and the amplitude. The oscillation period is calculated based on the
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frequency and amplitude obtained from the FFT of the ACF, giving an overall

accuracy of 93.15% for regular and irregular oscillations. The performance of the

method for predicting the amplitude of oscillation is presented for industrial data

to validate its e"ectiveness in real-world scenarios.

Building upon this, the next part of the thesis focuses on identifying the underlying

cause of oscillations, particularly those induced by valve stiction. Control valve

stiction is a frequent nonlinear fault in process industries that causes stick–slip

motion, inducing sustained oscillations in process variables. In this thesis, we

propose a simple data-driven method for stiction detection by analyzing the dy-

namic interaction between the controller output (OP) and process variable (PV).

The proposed method normalizes time-series signals and augments multiple time-

shifted versions of signals to generate heatmaps highlighting regions of slow vari-

ations. A PV/OP heat ratio is computed from the filtered heatmaps and used as

a feature for a threshold-based classifier. The classifier trained on a dataset of 58

industrial loops achieved an F1-score of 0.696 and an area under the receiver oper-

ating characteristic curve (AUC) of 0.684. The optimal threshold obtained, when

evaluated on a test set of 20 loops, achieved 95% accuracy. The method shows

good generalization across di"erent industrial loops and provides a practical and

interpretable tool for valve stiction detection.

Finally, the work extends toward identifying the root cause of abnormalities in

multivariable systems with interacting loops. In large chemical plants with inter-

connected control loops, root cause analysis (RCA) can be time-consuming due to

the propagation of oscillatory and non-oscillatory faults. In this work, a topology-

independent RCA method is proposed based on cross-correlation with weighted

lags among process variables to identify the key variables responsible for anomalies

in the system. The proposed method introduces the ω -metric, which incorporates

the principle that a cause precedes its e"ect. The ω -metric systematically evaluates

cross-correlations across all pairwise combinations of process variables, identify-

ing the lag at which each pair reaches maximum correlation. By combining both
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correlation strength and lag information into a weighted average, the ω -metric

e"ectively pinpoints the variable that consistently leads others, thereby indicat-

ing the potential root cause of the fault. The proposed algorithm is validated

using synthetic data generated in MATLAB Simulink for various processes with

interconnected control loops. The study’s results showed an overall accuracy of

94.41% for non-oscillatory faults and 88.65% for oscillatory faults for the case

studies considered. Furthermore, the algorithm is also validated on synthetic data

generated from two industrial case studies to exemplify the practical relevance of

the approach.

Overall, this thesis advances intelligent control loop fault diagnosis in process in-

dustries through the development of data-driven, interpretable, and computation-

ally e!cient methodologies. The proposed approaches for oscillation detection,

valve stiction identification, and root cause analysis collectively contribute toward

improving process reliability and enhancing control loop performance. By address-

ing key challenges in monitoring and diagnosis under diverse operating conditions,

this work provides practical and robust tools for achieving more reliable and au-

tonomous process operations.
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Chapter 1

Introduction and Literature Review

Many industrial processes, such as refineries, power plants, and chemical manufac-

turing units, operate with a large number of process variables and interconnected

control loops. For regulating key process variables such as temperature, pressure,

and flow, these processes depend on automatic control loops to ensure safe, reli-

able, and optimal process operation. As shown in Figure 1.1, each control loop

generally follows a feedback structure where the measured process variable (PV) is

compared with a desired setpoint (SP). The di"erence between them, the control

error, is input to a controller that outputs a signal which adjusts the final control

element. This continuous feedback operation maintains the process variable at the

optimal level and automatically accounts for disturbances.

Figure 1.1: Basic structure of a feedback control loop [1].

Though the feedback action helps in maintaining the process stability and perfor-

mance, the overall control loop performance depends on the proper operation of
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each control loop component. Various sources of faults, such as improper controller

tuning, control valve stiction, external disturbances, sensor drifts, etc., may result

in process disturbance. These disturbances, either oscillatory or non-oscillatory,

may lead to higher energy usage and suboptimal plant performance. In industrial

systems with a large number of interconnected loops, these faults may propagate

from one loop to another and significantly impact the product quality and overall

plant e!ciency.

The main sources of fault due to which control loop performance may degrade are

briefly categorized into the following:

• Sensor Faults: Sensors are used for the measurement of process variables,

which are then compared with the desired setpoint. The di"erence is then

provided as feedback to the controller. The controller then takes control

action to keep the process stable. Faults such as sensor drift, noise, or com-

plete sensor failure may result in inaccurate feedback, causing the controller

to take inappropriate actions. Thus, sensor faults may result in suboptimal

process conditions, a"ecting both plant safety and e!ciency [4].

• Actuator Faults: An improperly functioning control valve or actuator is

a major source of fault in industrial processes. Issues such as tight packing,

mechanical wear, backlash, hysteresis, etc., can introduce nonlinearities or

dead zones in valve operations [5]. These faults result in oscillations in the

process loop output, even when the controller tuning is correct. According

to Desborough and Miller (2002), 32% of controllers classified as poor or

average in an industrial survey by Honeywell showed problems in control

valves [6].

• Process-Related Issues: With time, the process may undergo changes

due to equipment aging, fouling, catalyst degradation, or changes in process

operating conditions. External disturbances in feed composition, flow rate,

or environmental conditions can also a"ect process behavior. Hence, the
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performance of the process decreases if such disturbances are not taken into

account during the process design. Also, a process design should be such

that it minimizes interactions between loops, but in practice, control loops

often interact with each other in large industrial systems. Hence, faults

in one loop can propagate to other loops, causing disturbances across the

plant [7].

• Controller Tuning: Controller parameters can directly a"ect the control

loop performance and process stability. When a controller is tuned poorly,

it may lead to sluggish or oscillatory behavior in process variables. In many

plants, controller parameters are tuned only once during commissioning and

left unchanged although the process has changed over time. Moreover, the

controller, when tuned for worst-case conditions, may result in slow control

responses, reducing overall loop performance [1]. Also, oscillations may arise

in the controlled variable or the process output if the controller is tuned such

that the loop operates close to instability. In addition, integral action can

also contribute to oscillatory behavior, particularly in systems with time

delays or nonlinear dynamics. Hence, proper controller tuning is vital to

eliminate such oscillations and ensure stable and e!cient loop operation [7].

• Human and Operational Factors: Control loop performance also gets

a"ected when there is limited maintenance, a lack of skilled operators, and

time constraints during commissioning. Also, sometimes the underperform-

ing control loops are left unattended or are operated manually, which results

in suboptimal process conditions. This causes long-term degradation that

goes undetected until product quality or production stability is compro-

mised.

Hence, faults in the control loop not only degrade the overall plant performance

but also vary in their nature. Faults in the control loop may be gradual or abrupt,

linear or nonlinear, and can develop as drift, bias, oscillations, or intermittent
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failures. Such faults often interact and slowly evolve over time, making their de-

tection challenging through routine observation alone. Hence, to maintain the

plant performance, it is important to have a systematic monitoring and analytical

tool capable of distinguishing normal process variations from performance dete-

rioration. In this regard, Fault Detection and Diagnosis have emerged as a vital

component of modern process control loop performance.

1.1 Fault Detection and Diagnosis

Fault Detection and Diagnosis (FDD) in a process industry plays an important role

in identifying and addressing disturbances, thereby maintaining process stability.

In general, real-time FDD has become increasingly important in the context of In-

dustry 4.0, where large industrial plants require rapid identification and correction

of faults for optimal plant performance.

Figure 1.2: Framework for control loop fault management [2].

Fig. 1.2 presents the systematic approach generally used to maintain optimal op-

eration in industrial control systems. Fault detection identifies if the variable is

deviated from the desired control loop behavior, whereas fault identification sep-

arates the variables which are most relevant for finding the potential source of

the disturbance. This allows the operator to look for the source of the fault in

an e!cient manner. In the next step, fault diagnosis includes finding the nature,

location, and cause of the fault, such as a fault originating from sensors, actuators,

controllers, or process nonlinearities. Finally, the last stage, i.e., process recovery,

involves implementing corrective actions to restore loop performance. Together,

these steps constitute a closed-loop framework for continuous monitoring, fault

isolation, and recovery of industrial control performance [2, 8].
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For the FDD framework to e"ectively address the faults, several desirable charac-

teristics must be satisfied for e!cient operation in industrial processes. Firstly, it

should be able to quickly detect the presence of faults without generating excessive

false alarms, and then diagnose faults to maintain a balance between responsive-

ness and robustness. In addition, FDD should be able to distinguish between dif-

ferent types of faults, even under noisy or uncertain conditions. It should also be

adaptable to process design inaccuracies, measurement noise, and process change

over time. Furthermore, novelty identifiability, the ability to recognize previously

unseen faults, is critical for maintaining long-term reliability. Finally, a practical

FDD system should provide valuable insights that can e!ciently help and direct

the operators’ understanding of the fault origin and propagation, while maintain-

ing easy and fast computational and modeling requirements [4].

Over the years, several FDD methods have been developed, and can be classified as

knowledge-based, model-based, and data-driven approaches [4, 8–10]. Knowledge-

based methods utilize qualitative reasoning, heuristic rules, or prior knowledge to

detect and diagnose process disturbances. In model-based methods, mathemati-

cal representations of the process are used, which generate residuals, indicative of

deviations from optimal process conditions. Recently trending, data-driven meth-

ods use statistical analysis and machine learning to extract fault characteristics

directly from historical or real-time process data. Despite significant progress,

practical implementation in complex industrial systems remains challenging due

to nonlinearities, unmodeled dynamics, process uncertainties, and measurement

noise.

In particular, for dealing with various fault detection problems, many useful meth-

ods have been developed and applied [4, 11–14]. While fault detection has been

extensively studied and e"ective techniques exist for identifying abnormal behav-

ior, fault diagnosis which involves determining the exact source and nature of

the fault, remains significantly more challenging in practice [15]. A large portion

of the existing literature focuses primarily on single-fault detection, with limited
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attention given to the diagnosis of the underlying root cause.

However, it is a di!cult challenge to address a wide range of process abnormal-

ities with a single FDD method [16]. Hence, many studies are directed towards

solving specific issues, such as handling nonlinearity, non-stationarity, autocor-

relation, cross-correlation, and non-Gaussian data characteristics [17]. In ad-

dition, most process data have multiscale behavior, where important time and

frequency-domain features are hidden by measurement noise and unknown dis-

turbances [8, 18]. Therefore, many FDD frameworks are developed to focus on

specific classes of faults rather than o"ering a universal solution.

Among these specific issues, the most common and well-documented problem in

the process industry is oscillations in control loops [19]. Oscillatory behavior

can lead to poor product quality, higher rejection rates, increased energy usage,

and reduced throughput. Generally, the source of such oscillations is improper

controller parameters, external disturbances, multivariable interconnections, or

stiction in control valves. Therefore, accurately detecting and diagnosing the os-

cillatory behavior is important, as it reduces plant profitability. Studies have

reported that 30–41% of control loops in process industries show oscillatory be-

havior [20, 21]. Also, modern process plants generally contain between 500 and

5000 control loops [6], and manual inspection of all loops is a challenging task,

leading to many undetected oscillations [22, 23].

As reported, valve stiction is one of the major sources of oscillatory behavior in

control loops that occurs due to a stick-slip e"ect within control valves [24]. Due

to the presence of stiction, there is a delay in valve stem movement relative to the

controller signal, often producing sustained oscillations in the process variable [25].

It is typically caused by tight packing, particulate buildup, lubricant degradation,

or seal wear, and is usually quantified as a percentage of the valve’s operating

range [7]. Stiction is estimated to account for 20–30% of all oscillatory loops [20,

26, 27]. A study of over 26,000 PID loops showed that only 16% performed well,

while 38% were rated as fair or poor, with valve stiction identified as a key source
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of problem [28]. In general, the valve position is rarely measured or is unavailable,

which makes detecting stiction a challenging problem. Moreover, distinguishing

between the oscillatory patterns of stiction and the oscillations due to other sources

is di!cult. This has led to increased research interest in data-driven and machine

learning–based stiction detection methods [29, 30].

Industrial control loops are often interconnected, due to which, the abnormal be-

havior in one loop can propagate and influence others [4, 31]. In addition, while

oscillation or stiction detection can identify the nature of suboptimal performance,

they do not reveal the source of the problem. This highlights the importance of

root cause analysis (RCA), which aims to isolate and trace the underlying source

responsible for observed loop disturbances. Identifying the true root cause is es-

sential for implementing e"ective corrective actions, preventing fault propagation,

and sustaining overall plant performance.

In summary, while fault detection has been widely studied, and significant progress

has been made, identifying the exact causes of control loop performance problems

is still di!cult in real applications. Many industrial loops still show oscillations

and valve-related faults that a"ect stable operation. Therefore, more focused

research is needed on common faults such as oscillations, valve stiction, and their

root causes. The following sections review the existing literature related to these

specific problems.

1.2 Literature Review

The rising importance of plant safety, e!ciency, and profitability has increased the

need for e"ective methods to monitor and diagnose control loop performance. Crit-

ical challenges include the detection of plant-wide oscillations and the diagnosis of

stiction in control valves which serve as the primary actuators in process indus-

tries such as petroleum refining, chemical manufacturing, and pulp and paper [30].

Stiction in control valves delays the stem movement in the valve relative to the
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controller signal. This delay, caused by static friction, introduces nonlinearities

and sustained oscillations in the process variable [25]. Therefore, for systems which

is su"ering from frequent valve actuation, early and accurate detection of stiction

is important for maintaining process stability, reducing maintenance costs, ex-

tending valve lifespan, and ensuring operational safety [7, 30, 32]. Simultaneously,

identifying root causes of performance degradation is essential for e"ective fault

mitigation. In recent years, research studies have focused more on data-driven

and machine learning-based methods, reflecting the broader Industry 4.0 transfor-

mation. With increasing use of sensor and process data availability [29], there is

an increasing demand for robust, automated, and interpretable detection methods

capable of operating across diverse process conditions. The reason for the shift

is to improve diagnostic reliability while minimizing manual tuning and domain-

specific modeling e"ort, ultimately enabling intelligent and scalable monitoring in

complex industrial systems. This review organizes the evolving literature around

three core methodological paradigms: 1) Signal Processing and Time-Series Analy-

sis, 2) Model-Based and Statistical Frameworks, and 3) Data-Driven and Machine

Learning Approaches. Each paradigm provides distinct tools for addressing the

intertwined problems of oscillation detection, stiction diagnosis, and root-cause

analysis.

1.2.1 Signal Processing and Time-Series Analysis Methods

This approach extracts diagnostic features directly from process signals such as PV

and controller output (OP), using algorithmic transformations, without requiring

an explicit process model. Its strengths are interpretability and direct applicability

to industrial time-series data.

Over the years, several techniques have been proposed to address oscillation de-

tection. Hägglund [33] used the control error for a time-series signal and analysed

the Integrated Absolute Error (IAE) between successive zero crossings. Later,

this idea was extended by Thornhill et al. [34] for o#ine detection of oscillations
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in control loops. However, the performance of these approaches decreases in the

presence of noise. To account for the noise in signals, Miao and Seborg [35] devel-

oped a method for suppressing the noise by utilizing the autocorrelation function

(ACF) of the controlled variable or control error to extract a signal that preserves

the oscillation frequency. The extracted signal is then used to calculate the decay

ratio, which confirms the presence of oscillations if the ratio exceeds a defined

threshold. This idea was further refined by Thornhill et al. [36] by analyzing the

regularity of zero crossings in the ACF, and confirming the presence of oscillations

if the period remains consistent over time.

Among the existing works, wavelet-based analysis tools [37–39] have been applied

in industrial plants to detect multiple oscillations in measurement signals and

diagnose root causes. The tool examines the input–output characteristics of valve

and manipulated variable (MV)–process variable (PV) plots. The signals are

converted into a time–frequency representation to suppress the e"ect of noise and

enable pattern matching of time-resolved spectra to identify oscillatory behavior

[37–39]. Later on, this idea was further extended by Bounoua et al. [40], in which

integrated Detrended Fluctuation Analysis (DFA) with an Improved Empirical

Wavelet Transform (IEWT) allowed real-time detection of coherent oscillations

in control loops. This method overcomes issues such as mode mixing and over-

decomposition in standard EWT, and makes it easier to separate true oscillations

from background noise. Similarly, Salsbury and Singhal [41] used AutoRegressive

Moving Average (ARMA) models to find oscillatory modes in single-input single-

output (SISO) control loops. This method o"ered a computational advantage by

relying only on zero-crossing counts instead of full data storage.

Further, Srinivasan and Rengaswamy et al. [42] developed an oscillation char-

acterization approach based on modified Empirical Mode Decomposition (EMD).

This method is capable of detecting multiple oscillation modes and gives estima-

tion of period, amplitude, and strength while reducing false zero-crossings. The

spectral envelope method [43] also demonstrated strong noise attenuation and
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multi-oscillation detection capabilities but remains computationally demanding.

Zakharov et al.[44] developed a correlation-based approach to detect oscillations by

assessing the similarity between consecutive periods. Also, Wang and Zhao [45] in-

troduced a multi-lag dynamic Slow Feature Analysis (SFA) method that improves

oscillation detection and root-cause tracing in interconnected loops. Sharma et al.

[46] proposed a computationally e!cient oscillation detection technique based on

Linear Predictive Coding (LPC). This method uses the roots of LPC polynomials

and cross-correlation spectra for robust detection under noise and slow-varying

conditions.

These same principles form the basis for classic stiction detection techniques.

Large-scale industries consist of hundreds of control valves, and manual inspection

of each loop for detecting stiction is a time-consuming task, particularly for rou-

tine monitoring, underscoring the importance of automated detection techniques.

Several approaches without the need for a process model have been proposed, such

as CURVE [47], AREA [48], CORR [49], HIST [50], and shape-based methods de-

veloped by Kano and Yamashita [51–53]. These methods shows good performance

when the setpoint is constant under constant, but their accuracy decreases signifi-

cantly when the reference signal varies. For example, Yamashita’s method assumes

a consistent relationship between the PV and valve position, an assumption that

holds for flow loops but fails in level or integrating processes.

To account for variation in the reference signal, Brásio et al. [54] proposed a finite-

di"erence transformation method, but relies on valve position data, which is rarely

available in industrial environments. Dambros et al. [55] proposed the SLOPE

and ZONE methods in which the shapes of OP and PV signals are compared with

predefined triangular or sinusoidal patterns. These shape-based methods show

good performance for clean, high-resolution data, but they are highly sensitive

to noise, sampling rate, and signal distortions. Later on, attempts were made

to account for these issues through sampling-rate adjustment frameworks [56, 57].

Pozo Garcia et al. [58] found the limitations of individual algorithms and proposed
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a hybrid detection strategy combining multiple techniques to improve robustness

under varying operating conditions. Furthermore, Thornhill et al. [59] found that

stiction introduces odd harmonics in control signals, a property later leveraged

by Aftab et al. [60, 61] using Hilbert–Huang Transform (HHT) and multivariate

empirical mode decomposition (MEMD) for adaptive detection. These methods

enhance reliability under noise and nonlinear disturbances, though at the expense

of increased computational complexity and implementation e"ort.

Similarly, signal processing forms the foundation for many root cause analysis tech-

niques. Techniques such as cross-correlation function (CCF) [62] extract causal

relationships directly from process data. The spectral envelope method [43, 63]

has also been used for frequency-domain causal analysis and oscillatory fault iden-

tification. They are e"ective in isolating frequency-specific relationships, but its

scope is limited to oscillatory disturbances and cannot generalize to non-oscillatory

faults.

1.2.2 Model-Based and Statistical Methodologies

This paradigm involves constructing explicit representations, either physical, sta-

tistical, or probabilistic, of the process or its disturbances to serve as benchmarks

for performance or templates for diagnosis.

For stiction characterization, Hammerstein models describe stiction behavior as a

static nonlinear block, followed by a linear dynamic block that captures process

dynamics [64]. In addition, versions such as HAMM1–3 [7] have been developed,

but their e"ectiveness was limited by sensitivity to parameter initialization and

ambiguity in handling integrating loops [65]. Several other improvements includes

robustness metrics [65], hybrid time–frequency analyses [66], and bootstrap-based

parameter estimation [67] to improve reliability.

Bacci di Capaci et al. [68, 69] did a comparative study of linear models (Au-

toRegressive model with eXternal input (ARX), AutoRegressive Moving Aver-

age with eXternal input (ARMAX), Extended AutoRegressive model with eXter-
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nal input (EARX),Extended AutoRegressive Moving Average with eXternal input

(EARMAX)) and nonlinear models (Kano’s and He’s) for control loop analysis.

Their study reports that simpler models do well under clean operating conditions,

whereas extended models show greater robustness in nonstationary environments.

In addition, Jeremiah et al. [70] presented an integrated detection–compensation

scheme using an adaptive neuro-fuzzy inference system (ANFIS) in conjunction

with dual-mode model predictive control, while El-Ferik et al. [71] recently devel-

oped a robust hybrid framework combining signal processing and machine learning

for real-world valve systems. With many advancements, model-based approaches

still face challenges related to loop-specific parameter tuning, excitation depen-

dency, and limited scalability in large, complex industrial settings.

Classical statistical and regression-based techniques are widely used because of

their simplicity, interpretability, and low computational cost. Zheng et al. [72]

developed a K-means clustering-based moving window approach for detecting and

quantifying valve stiction. Recent studies, such as Damarla et al. [73], applied

a linear regression method to extract OP—PV dynamics within sliding windows.

In addition, Liu and Wang [74] used this concept and adaptively adjusted the

window size according to curve shape indices and signal characteristics. However,

these methods rely on manually selected thresholds and show limited robustness

across di"erent industrial datasets.

For root cause analysis, several techniques have been reported in the literature.

Several methods that come under knowledge-based methods, such as signed di-

rected graphs (SDG) [75], adjacency matrices (AM) [76], and fault trees (FT) [77],

show good performance in structured systems with well-defined causal relation-

ships. However, they depend strongly on prior process knowledge and causal

models, which limit their applications in complex and evolving industrial environ-

ments.

Statistical methods for causality have gained more attention recently. Many

automated root cause detection techniques have been proposed in the last two
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decades [78–81]. Granger causality (GC) [82–84] methods are simple and depend

on multivariate linear regression. It is used for linear dependencies, which limit its

application in nonlinear and time-varying industrial processes. Transfer entropy

(TE) [85, 86] is used for causality analysis in nonlinear systems by quantifying di-

rectional information flow between variables. TE methods need large datasets, and

the computational cost of estimating joint probability density functions (PDFs)

increases with data dimensionality. This makes real-time causal modeling infea-

sible; furthermore, during process upsets, the true causal structure may become

distorted or obscured, reducing the reliability of TE-based diagnostics.

Bayesian network–based methods have also been used to extract probabilistic

dependencies among process variables [87–90]. These methods use conditional

probabilities to describe the fault propagation path. But these methods are com-

putationally extensive as they depend on accurate estimation of PDFs, making

them sensitive to data quality and availability. To address these limitations, Ku-

mari et al. [91] developed a Hierarchical Bayesian Model (HBM) that incorporates

informative priors and key process variables. Though this improves diagnostic

accuracy and computational e!ciency, the construction of reliable priors remains

a significant challenge, especially for complex industrial systems. Later on, Ku-

mari et al. [92] proposed a modified Bayesian Network (mBN) method to handle

cyclic causal structures by converting weak causal links into temporal ones. Since

this method relies on transfer entropy, its computational cost is high. To enhance

scalability, a Direct Transfer Entropy (DTE)–based multiblock Bayesian Network

was later proposed [93], improving accuracy and e!ciency in cyclic loop discov-

ery. However, dividing the process into blocks introduces additional complexity

and requires careful segmentation strategies.

1.2.3 Data-Driven and Machine Learning Frameworks

Driven by increased data availability and computing power, this methodology uses

algorithms to learn diagnostic patterns directly from data, minimizing the need
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for first-principles modeling or manual feature engineering.

In the last two decades, there has been significant growth in machine learning

(ML) based approaches for industrial fault detection. Unlike traditional rule-based

methods, which require modelling of systems, ML-based methods can automati-

cally learn patterns from data. This enables robust and adaptive fault diagnosis

and makes ML particularly well-suited for oscillation detection in control loops,

where complex and nonlinear interactions often challenge conventional analytical

approaches.

Early ML-based studies focused on quantifying stiction-induced oscillations in con-

trol valves [94–96]. Later, Dambros and Trierweiler [97] and Dambros and Faren-

zena [98] achieved accurate oscillation detection using features extracted from the

Fast Fourier Transform (FFT) of time-domain signals. However, these models re-

lied heavily on handcrafted frequency-domain features, making them sensitive to

noise and less reliable under varying industrial conditions. Moreover, accurate es-

timation of oscillation parameters such as period and amplitude remains essential,

as not all oscillatory loops in large-scale plants require immediate intervention.

Quantifying these parameters helps prioritize maintenance actions based on oscil-

lation severity, reducing unnecessary shutdowns and optimizing plant performance

[97].

A deep learning framework that combines Prony-based Infinite Impulse Response

(IIR) modeling and Deep Neural Networks (DNNs) is developed by Sharma et

al. [99]. This method shows better frequency and amplitude estimation when

compared to Support Vector Machine (SVM) and EMD-based methods. Arbabi

Yazdi et al. [100] further extended ML-based oscillation diagnosis using classi-

fiers such as SVM, k-Nearest Neighbors (KNN), and Naïve Bayes to identify root

causes, including valve stiction, poor tuning, and external disturbances. More

recently, Wang et al. [101] developed a Convolutional Neural Network (CNN)-

based visual framework utilizing models like MobileNet-V1 and E!cientNet-B0.

Their approach gives strong robustness to noise, nonstationarity, and overlapping
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oscillations, but shows fluctuations due to sparse intra-class feature distributions.

In recent years, stiction detection research has increasingly focused on data-driven

and machine-learning methods, reflecting the broader Industry 4.0 transforma-

tion. Both unsupervised and supervised learning techniques have recently gained

more attention. Daneshwar and Mohd Noh [102] applied fuzzy c-means clustering

to show the di"erence between stiction-induced oscillations and external distur-

bances. Miskin et al. [103] developed a Principal Component Analysis (PCA)

method, and Teh et al. [104] then combined nonlinear PCA (NLPCA) with au-

tocovariance analysis (AC), achieving better accuracy. More recently, Shang et

al. [105] introduced a dynamic stiction index based on slow feature analysis and

the Hurst exponent, providing improved sensitivity to nonlinear trends.

Artificial intelligence (AI) and deep learning methods have shown great advance-

ment in recent years for control valve stiction detection. Amiruddin et al. [106]

used a multi-layer neural network trained on transformed OP—PV data to clas-

sify stiction conditions. In another study, Venceslau et al. [96] estimated Choud-

hury’s stiction parameters using a multilayer perceptron (MLP). Damarla and

Huang [107] developed a Learning Vector Quantization Neural Network (LVQNN)

trained on both simulated and industrial datasets, achieving improved generaliza-

tion performance.

Several studies have used image-based signal transformations for CNNs. Henry

et al. [108, 109] converted OP–PV signals into unthresholded recurrence plots

(URPs) and used AlexNet for the classification task. This method shows en-

hanced performance through transfer learning. Memarian et al. [110] combined

Markov Transition Fields (MTF) with CNN architectures for robust detection un-

der noisy conditions. In addition, Dambros et al. [97] and Kamaruddin et al. [111]

utilized pixel-based encodings and butterfly-shaped CNN structures to detect both

oscillation and stiction phenomena.

SVMs have also been successfully applied, which includes methods such as train-

ing an SVM classifier on OP and PV signals to distinguish stiction from other
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oscillatory behaviors by Yazdi et al. [112]. Guan et al. [113] used phase-space

reconstruction and a recurrence-based feature analysis framework to show strong

generalization to industrial datasets. Vazquez et al. [114] used valve position and

controller output data to train a CNN. More recently, with the rise of multimodal

artificial intelligence, vision–language models (VLMs) have been explored for in-

terpretable stiction analysis. StictionGPT [115] integrates a large vision–language

model with few-shot adaptation, utilizing shape descriptors and textual prompts

to achieve higher generalizability and transparency in decision-making.

Deep learning methods have also been used for root cause analysis as they can

capture nonlinear and temporal dependencies in high-dimensional data [116–118].

Method like Recurrent neural networks (RNNs) works well for time-series model-

ing, as they can capture sequential correlations between variables. Nevertheless,

traditional RNNs often su"er from vanishing or exploding gradients when han-

dling long time sequences, limiting their capacity to retain long-term dependen-

cies. While recent advancements such as LSTM and GRU architectures account

for some of these issues, most existing deep learning models focus primarily on

fault prediction or time-series forecasting rather than explicit root cause iden-

tification or fault propagation analysis. As a result, interpretability and causal

understanding remain key challenges for deploying such models in real-world in-

dustrial environments.

Even though both traditional and AI-based methods have improved a lot, exist-

ing methods continue to face challenges. Issues such as sensitivity to parameter

tuning, reliance on handcrafted or high-dimensional features, substantial data re-

quirements for training, and limited robustness across varying process conditions

limit the application of most of the studies.
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1.3 Research Gaps

Based on the comprehensive literature review, several research gaps have been

identified across the areas of oscillation detection, valve stiction diagnosis, and

root cause analysis in process control systems.

1. When applied to real industrial data, the presence of noise in process data

and nonstationary operating conditions often reduces the reliability of most

existing oscillation detection techniques. Also, traditional rule-based meth-

ods depend on manual thresholding and heuristic parameters, which limit

their adaptability across di"erent loops and process conditions.

2. Intermittent, multi-frequency, or overlapping oscillations, which are often

present in industrial processes, limit the applicability of many existing meth-

ods. Although signal decomposition and wavelet-based techniques can ad-

dress some of these challenges, their high computational cost makes them

unsuitable for real-time or plant-wide monitoring.

3. Machine learning and deep learning methods have shown high accuracy but

depend on a large set of frequency-domain or wavelet-based features. This

increases the computational cost as well as limits their practicality for online

applications.

4. For valve stiction diagnosis, both model-free and model-based techniques

have been developed, but most of them work only under constant set-point

conditions. As a result, their performance decreases when reference signals

vary or when dynamic disturbances occur in the process. In addition, model-

based methods, such as Hammerstein or Preisach models, need extensive

parameter tuning and are sensitive to specific process dynamics. Similarly,

model-free and shape-based methods are a"ected by noise and sampling vari-

ations. Furthermore, many data-driven algorithms depend on valve position

measurements, which are rarely measured in practice, limiting their use in
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large-scale plants.

5. While deep learning and image-based frameworks have been recently devel-

oped, they involve complex signal transformations, such as recurrence plots

or Markov transition fields, and require large amounts of labeled data for

training. These approaches can be di!cult to interpret and have yet to

demonstrate consistent scalability across di"erent plant conditions.

6. Many existing RCA methods also face limitations as they depend on pro-

cess causal maps, process topology, or expert knowledge, which are not al-

ways available in industrial processes. Knowledge-based techniques such

as signed directed graphs and fault trees are di!cult to update as process

conditions evolve. Data-driven methods, including Granger causality and

transfer entropy, are computationally demanding and struggle with nonlin-

ear, high-dimensional data. Although spectral envelope methods work well

for oscillatory faults, they do not extend to non-oscillatory scenarios.

7. Bayesian and deep learning–based RCA methods require either detailed prior

information or very large datasets, and their ability to find true causal de-

pendencies remains limited. Overall, there is a need for simple, robust, and

computationally e!cient data-driven methods that are capable of performing

oscillation detection, stiction diagnosis, and root cause identification without

explicit process models or topology information.

1.4 Research Objectives

The objective of this thesis is to develop simple, computationally fast, and data-

driven methods for e"ective detection, characterization, and diagnosis of control

loop faults in process industries. The study focuses on three major aspects of

loop performance: oscillation detection and characterization, control valve stiction

detection, and root cause analysis.
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1. The first objective is to develop a method for detecting and quantifying os-

cillations in control loops. The method should be computationally fast and

robust under noisy or nonstationary conditions. The method should be able

to classify oscillations as regular and irregular oscillations and accurately de-

termine their period and amplitude. This will enable automated, intelligent,

and help operators to take quick maintenance decisions to keep processes

stable and e!cient.

2. The second objective is to develop a simple, model-free, and interpretable

data-driven framework for detecting control valve stiction using routine pro-

cess data. The will ensure reliable detection across a wide range of indus-

trial loops without requiring valve position measurements or model-based

assumptions. This objective aims to make the method adaptable, scalable,

and suitable for real-time process monitoring.

3. The third objective is to develop a scalable and computationally e!cient

method for RCA in multivariate industrial processes. The primary aim is

to utilize only the process data to directly pinpoint the possible sources of

process disturbances without requiring prior knowledge or causal maps. This

will thereby enable e!cient and automated diagnosis of both oscillatory and

non-oscillatory faults in large-scale industrial environments.

The three research objectives are designed with the idea of providing a systematic

and data-driven approach for diagnosing control loop faults in process industries.

When oscillations occur in one or more control loops and propagate through the

plant, the first objective classify which variables are oscillatory or non-oscillatory.

The second objective is then used to determine if the oscillations are due to stiction

and classify control loops as sticky or non-sticky. Finally, the third objective

identifies the source control loop responsible for the disturbance. These steps

form an integrated framework that will support operators in timely fault diagnosis

and taking corrective action, thereby enhancing process reliability, e!ciency, and
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overall plant performance.

1.5 Outline of the Thesis

The focus and contributions of the thesis are outlined below for each chapter. The

chapters are organized sequentially to cover oscillation detection and characteriza-

tion, valve stiction detection, and root cause analysis, followed by the concluding

remarks and future scope.

A neural network–based method for oscillation detection in process control loops

is presented in Chapter 2. In this work, the time series is pre-processed, and

domain-informed feature engineering is used to improve detection accuracy while

keeping computational demands low. Dominant features obtained from the FFT

and the FFT of the ACF of time-series process data are used as inputs to the

neural network. A sensitivity analysis is performed by varying the number of

input features to the neural network to assess the impact of feature selection on

model performance. The proposed method shows high accuracy and recall at a

lower number of input features, making it suitable for online implementation. The

method also includes algorithms to estimate the oscillation period and amplitude,

and its e"ectiveness is demonstrated using industrial data.

Chapter 3 extends the work done in Chapter 2, identifying the underlying cause

of detected oscillations. This work focuses on the detection of control valve stic-

tion that leads to sustained oscillations and reduced process e!ciency. A simple,

model-free, and data-driven approach analyzes the dynamic relationship between

the OP and PV. The time-series data is first normalized, and then time-shifted sig-

nal heatmaps are generated to identify stick–slip behavior and introduce a PV/OP

heat ratio as a reliable indicator of stiction. The heat ratio is then used as a feature

for a threshold-based classifier and shows strong generalization when evaluated on

an industrial test dataset, providing an accurate and computationally e!cient

solution for stiction detection in control loops.
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Chapter 4 introduces a RCA framework designed to identify the sources of pro-

cess faults in multivariate systems with interconnected control loops. Oscillatory

or non-oscillatory faults occurring in one loop can propagate to others depending

on the interconnection. In this work, a weighted cross-correlation-based method is

used to determine the source variable responsible for system performance degra-

dation without relying on plant topology or causal maps. The algorithm computes

cross-correlations across all pairwise combinations of process variables and the lag

at which each pair reaches maximum correlation. The combination of both corre-

lation strength and lag information into a weighted average (ω -metric) pinpoints

the variable that consistently leads others, potentially indicating the root cause of

the fault. The method is validated using the synthetic data generated in MAT-

LAB Simulink and simulated industrial case studies, demonstrating high accuracy

in detecting the root causes of oscillatory and non-oscillatory faults.

Finally, Chapter 5 provides the concluding remarks drawn from the studies pre-

sented in Chapters 2 through 4. Based on the experience and insights gained

during the course of this research, several recommendations for future work are

also presented to guide further advancements in oscillation detection, stiction di-

agnosis, and root cause analysis in industrial control systems.
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Chapter 2

Oscillation Analysis in Process

Control Loops

2.1 Introduction

Oscillations in process control loops are a widespread problem and often indicate

a more severe problem than irregular variability [19]. Process control loops that

experience oscillations can result in many problematic outcomes, including subpar

product quality, elevated rejection rates, heightened energy usage, and decreased

throughput. These issues can arise from excessive controller gains, external os-

cillation disturbances, interactions in multivariate systems, and friction within

control valves. The first step in resolving oscillation issues is e!cient detection

and diagnosis of oscillatory behavior, which directly a"ects the profitability of the

process plant. Oscillation in control loops of process industries a"ects about 30

to 41% of all loops [20, 21]. Typically, process industries have between 500 and

5000 control loops [6], which makes it impossible to visually inspect and diagnose

the whole plant and as a result, only a part of these loops can be investigated

[22], leading to undetected oscillations [23]. The increasing focus on plant safety

and profitability has accelerated the demand for methods to identify and diagnose

plant-wide oscillations. As a result, the implementation of automated oscillation
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detection techniques has become crucial to overcome this challenge.

Various methods have been introduced over the years to detect oscillations in

control systems. Hägglund [33] developed an oscillation detection technique based

on the magnitude of the IAE between successive zero crossings of the control

error for a single time series. Thornhill et al. [34] extended this approach for

o"-line oscillation detection in control loops. However, the performance of this

method deteriorates when the error signals are noisy. To overcome this limitation,

Miao and Seborg [35] proposed an alternative method that examines the ACF

of the controlled variable or control error. This approach extracts a signal with

the same oscillation frequency, but with reduced noise. The technique further

analyzes the decay ratio of this signal, triggering an oscillation detection if the

ratio exceeds a certain threshold. In another approach, Thornhill et al. [36]

utilized the regularity of zero crossings in the ACF to detect oscillations across

the entire plant. Oscillation detection is confirmed if the period remains consistent

over time.

Among the existing works, a wavelet analysis tool, used in industrial chemical

plants, detects multiple oscillations in measurement signals and diagnoses root

causes by analyzing valve input-output characteristics and MV – PV plots. This

method, converting signals into a time-frequency view, overcomes noise issues and

identifies key characteristics using pattern matching of time-resolved frequency

spectra [37–39]. Time2Wave software provides visual inspection and quantitative

similarity measures between wavelet transforms, o"ering deep insights into pro-

cess behavior and oscillation detection. Bounoua et al. [40] further advanced

this direction by combining DFA with an Improved Empirical Wavelet Transform

for real-time detection of coherent oscillations in industrial control loops. Their

method addresses critical limitations of the standard Empirical Wavelet Transform

(EWT), notably mode mixing and over-decomposition, by more e"ectively sepa-

rating genuine oscillatory components from background noise, thereby improving

the clarity and reliability of oscillation diagnosis. Salsbury and Singhal [41] discuss
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ARMA models, focusing on detecting oscillatory modes in a SISO feedback control

loop. They present a new method for estimating ARMA poles using higher-order

crossings, where autocorrelation lags from the counts of crossing events are used to

obtain autoregressive parameters. Poles are then determined using a root finding

algorithm, providing insights into control performance. This approach o"ers an

advantage by not requiring storage of large data batches, as only crossing counts

need to be retained. Srinivasan, Rengaswamy et al. [42] proposed an advanced

oscillation characterization scheme based on modified EMD. Zero-crossing infor-

mation in each oscillating loop is evaluated, providing detailed information about

the time period, detection of multiple oscillation modes, amplitude, strength, and

time instances of oscillations. This approach keeps the shape of the signal by re-

moving only the non-constant mean: Step 1 involves removing the low-oscillation

mode applying a modified EMD procedure, while Step 2 estimates the cumulative

area of the separated signal to reduce false zero-crossings. The spectral envelope

method [43], is frequency-sensitive, detecting multiple oscillations while also at-

tenuating noise components, making it particularly e"ective in analyzing noisy

or corrupted signals. Using an algorithm-based approach, Zakharov and Jämsä-

Jounela [44] designed and tested an algorithm to evaluate the correlation between

two periods of oscillation, detecting oscillation when the correlation is high. Wang

and Zhao [45] introduced a framework based on multi-lag dynamic SFA to extract,

detect, and isolate oscillatory behavior in coupled control loops. This technique

not only improves oscillation detection accuracy but also facilitates root-cause

tracing with minimal human supervision. Furthermore, Sharma et al. [46] pro-

posed a novel oscillation detection technique using LPC. In this method, the roots

of the LPC polynomial are analyzed for oscillation detection, and cross-correlation

spectra are used for quantification. The approach demonstrates strong robustness

to both noise and slow-varying trends and serves as a computationally e!cient

alternative to EMD-based techniques.

As seen, most of the techniques proposed in the literature for oscillation detection
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are usually data-driven and rely on rules based on criteria similar to those used

in visual inspection and mathematical concepts. These rules generally compute a

parameter (such as IAE, decay ratio, or regularity), which is then evaluated by an

if/else statement. When applied to actual industrial data, these methods reveal

low e!ciency [119] as industrial data is often noisy and subject to disturbance,

leading to irregular frequency and amplitude, intermittent oscillations, or multiple

oscillations in the same time series. To be e"ective, rule-based methods must in-

corporate all these influences into the algorithm, making it complex, extensive, and

challenging to implement. ML has emerged as a powerful tool for detecting faults

and has been commonly used in the last two decades. Unlike traditional methods,

machine learning models can adapt themselves according to given examples, mak-

ing them highly e!cient for specific tasks without the need for specific rules. This

makes it easier to apply machine learning to oscillation detection without requiring

rules for each influence, leading to a more robust approach. Several machine learn-

ing techniques have been proposed for quantifying stiction in control valves which

causes oscillation [94–96]. The works proposed by Dambros and Trierweiler [97],

Dambros and Farenzena [98] can accurately detect oscillations. Still, they heavily

rely on multiple input features extracted from the FFT of time-domain signals.

This can result in flawed detection, especially in the presence of noise, limiting

its industrial applications. Moreover, improved identification of the period and

amplitude is also necessary. This is particularly important because in large-scale

industrial plants, numerous control loops may exhibit oscillatory behavior, but

not all require immediate intervention. Accurate quantification of oscillation pa-

rameters such as period and amplitude helps prioritize loops based on oscillation

severity, enabling targeted maintenance and avoiding unnecessary shutdowns [97].

A deep learning-based approach integrating Prony-based IIR filter modeling with

DNNs was later introduced by Sharma et al. [99]. This method enabled accurate

detection and quantification of both single and multiple oscillations, estimating

frequency and amplitude more e"ectively than conventional SVM and EMD-based
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techniques. Arbabi Yazdi et al. [100] further extended ML-based detection by em-

ploying classifiers such as SVM, KNN, and Naïve Bayes to classify the root cause

of oscillations—including valve stiction, poor tuning, and external disturbances.

Most recently, Wang et al. [101] proposed a CNN-based visual framework us-

ing lightweight architectures like MobileNet-V1 and E!cientNet-B0. Their model

demonstrated strong robustness against noise, nonstationarity, and overlapping

oscillatory patterns, though performance fluctuations were observed due to sparse

intra-class feature distributions.

This work presents a domain-specific pipeline for oscillation detection and char-

acterization in industrial signals by enhancing a deep feedforward network (DFN)

with frequency-domain feature engineering and selection strategies grounded in

process knowledge. While FFT, ACF, and neural networks are established individ-

ually, our approach integrates them through several methodological innovations.

Features are independently derived from both the FFT and the FFT of the Au-

tocorrelation Function (FFT-ACF), enabling the model to capture both spectral

strength and temporal coherence—crucial for handling noisy or irregular signals.

To ensure feature relevance and reduce dimensionality, we introduce a cycle count-

based thresholding method that filters out spurious peaks based on signal duration.

Around each dominant peak, a localized window is applied to construct a compact

and interpretable feature set. For oscillation period estimation, we propose the

Oscillation Ranking Index (ORI), which prioritizes significant components by con-

sidering both frequency and spectral magnitude. A frequency separation heuristic

is further used to eliminate closely spaced components, preserving distinct oscil-

lation modes. For amplitude estimation, a time-domain segmentation approach

aligned with the estimated period is employed, from which statistical features such

as mean, maximum, minimum, and absolute deviation are extracted. Overall, the

proposed methodology enables robust detection, classification, and ranking of os-

cillatory behavior in process control loops—supporting timely fault diagnosis and

optimal plant operation.
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2.2 Synthetic Data Availability

For training and validating the proposed method, a synthetic dataset provided by

Dambros et al. [97] is used. Although the ultimate goal is to apply the proposed

ML-based technique to real industrial data, training a data-driven algorithm using

industrial data is challenging. Industrial data is often confidential and scarce,

making it di!cult to gather su!cient data for e"ective training. Additionally,

labeling such data is both labor-intensive and subjective. Even with accurate

labels, the data might not cover the full range of parameters and operation of

processes.

To overcome these challenges, synthetic data provided by Dambros et al. [97] was

utilized for both training and validation of the model. The model’s performance

was subsequently evaluated using both synthetic and real industrial datasets [120].

The provided synthetic dataset closely mimic industrial data and captures a wide

range of process dynamics, configurations, and characteristics. The dataset con-

tains examples of oscillatory and non-oscillatory behaviors with varying lengths,

noise levels, and disturbances of di"erent amplitudes. It also includes oscillatory

time series with sinusoidal, triangular, or square waveforms (each with varying

periods), waveforms smoothed to simulate process filtering, and time series with

oscillations of varying frequencies and intensities.

The synthetic dataset consists of dynamic process data for 110,000 variables, where

each variable represents a time-series signal. The signals are divided into three cat-

egories: non-oscillatory (43,705 variables), oscillatory (33,174 variables), and irreg-

ularly oscillatory (33,121 variables). Class 0 represents non-oscillatory variables,

Class 1 corresponds to oscillatory variables, and Class 2 to irregularly oscillatory

variables. Irregularly oscillatory variables exhibit oscillations with inconsistent

frequencies and/or fluctuating amplitudes, often changing in a non-periodic man-

ner over time. Since the dataset is synthetic, the classification of each variable

is known with certainty, making it a multi-class classification task. The signal

lengths in the dataset vary from 200 to 24,064 time points.
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2.3 Methodology for Oscillation Detection and Pa-

rameter Estimation

The following presents a methodology for oscillation detection that utilizes frequency-

domain features, and an approach for predicting period and amplitude of oscil-

lation applicable to both regular and irregular oscillatory behaviors. Figure 2.1

illustrates the proposed framework for oscillation detection and parameter estima-

tion.

2.3.1 Proposed Method: Neural Network Architecture and

Frequency Domain Feature Integration for Oscillation

Detection

A three-layer feedforward neural network was employed for oscillation detection,

with 400, 100, and 20 neurons in each layer. This architecture, along with its

associated hyperparameters (batch size of 10,000, Hard Sigmoid activation func-

tion, and Adam optimizer), was directly adopted from the work of Dambros et

al. [97], where a random search strategy was used to select the best configuration

from 100 sampled hyperparameter sets, drawn from a total search space of 11,907

possible combinations. Since this study utilized the same dataset as Dambros et

al. [97],adopting their architecture ensured consistency and enabled a fair and

direct comparison of detection performance. The network was implemented in

Python and trained on a dataset of 100,000 variables. The test dataset includes

10,000 variables, consisting of 3,985 non-oscillatory, 3,027 oscillatory, and 2,988

irregularly oscillatory variables. The model outputs a 3-dimensional continuous

vector. For classification purposes, we convert these to discrete class predictions

(0, 1, or 2) by selecting the dimension (i.e., output node) with the highest value.

The primary objective of the neural network is to classify input signals into three

categories: non-oscillatory, oscillatory, and irregularly oscillatory. The proposed
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methodology integrates frequency domain features extracted from both the FFT

of the time-series signal and the FFT of its ACF. Peaks in the FFT spectrum

indicate potential oscillations, making it an e"ective tool for identifying strong

and regular periodic behavior. The ACF, on the other hand, quantifies the sim-

ilarity of a signal with time-lagged versions of itself, enabling the detection of

repeating patterns even in noisy or weakly periodic data. A key property of the

ACF is that it exhibits oscillatory behavior when the original signal is periodic,

with its period preserved in the autocorrelation structure. Applying FFT to the

ACF (i.e., FFT-ACF) enhances the visibility of this periodicity in the frequency

domain. Theoretically, this fusion of FFT and FFT-ACF captures both frequency-

domain energy and time-domain regularity, enriching the feature space with com-

plementary information. This dual representation improves the model’s ability to

discriminate between di"erent oscillation types while maintaining robustness to

noise. Dominant frequency-domain features are carefully selected from both FFT

and FFT-ACF outputs and fed to the neural network for training. This not only

improves oscillation detection accuracy but also reduces computational cost by fo-

cusing on the most informative spectral components. The following steps outline

the framework and key components of this integrated approach:

Step 1: Preprocessing and Frequency Domain Transformation: The in-

put time-series data is normalized to ensure that each time series has a zero mean

and uniform scaling. Specifically, each signal is adjusted by subtracting its mean

and scaling by the inverse of its range (max–min). This reduces bias and ad-

dresses scale discrepancies across the dataset, enabling e"ective model training.

Normalization ensures that no feature dominates the others, leading to better ac-

curacy of oscillation detection. Following this preprocessing stage, two distinct

frequency-domain representations are generated for comprehensive analysis:

• FFT of the normalized data: FFT is applied to the normalized time-

series data with a fixed length of 213 (8192 points). This provides a suitable

balance between frequency resolution and computational e!ciency. For each
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FFT computation, only the first half of the resulting magnitude spectrum

is utilized, as the second half is a mirrored representation of the first. This

spectra is referred to as FFT spectra from here onwards.

• FFT-ACF of data: The ACF is first computed from the original time-series

data without normalization. The resulting ACF is then normalized, similar

to the preprocessing step for the raw data. FFT is subsequently applied

to the normalized ACF, transforming it into the frequency domain. This

process enhances the visibility of periodic patterns that may be obscured

in the raw data due to noise, thereby providing a clearer representation of

oscillatory behaviors. Only the first half of the resulting magnitude spectrum

is retained for further analysis. This spectra is referred to as the FFT-ACF

spectra from here onwards.

Step 2: Peak Detection and Feature Selection: Instead of using all the fre-

quency domain features, we perform feature selection to prioritize dominant peaks

in the frequency spectra. A dominant peak is defined as the frequency component

in the magnitude spectrum (from either FFT or FFT-ACF) with the highest am-

plitude. This peak typically reflects the most prominent periodic behavior in the

signal. However, to ensure that the identified frequency corresponds to a genuine

oscillation and not a low-frequency trend, we employ a cycle count threshold (εc),

which sets a minimum requirement on the number of oscillation cycles present in

the signal duration. The procedure adopted is as follows:

• For each frequency spectra, the frequency (fmax) corresponding to the max-

imum magnitude is identified, and its associated time period (T = 1

fmax
) is

calculated. The number of cycles, ncycles, is defined as the ratio of the total

duration of the signal to the time period (T ), given by ncycles =
L

fsT
, where

L is the number of samples and fs is the sampling frequency.

• If the calculated number of cycles falls below a specified cycle count threshold

(εc, CCT) (e.g., 2 cycles), the next significant peak in the frequency spectrum
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Figure 2.1: Proposed Framework for Oscillation Detection and Estimation.

is considered.

• This iterative process continues until a peak that satisfies the threshold

criterion is identified, ensuring that only significant oscillation is selected.

• Once a valid peak is selected, m points on either side of the peak are included,

resulting in 2m+ 1 features being extracted from each frequency spectra.

The rationale behind this thresholding strategy is further discussed in Section 2.3.4.

Step 3: Feature Integration and Neural Network Classification: The

2m+ 1 significant features identified in the previous step from both FFT spectra

and FFT-ACF spectra are integrated to create a comprehensive feature set, giving

a total of 4m+2 features. This combined feature set is then used as input for the

feedforward neural network model and trained to classify the signals into three

categories: non-oscillatory, oscillatory, or irregular oscillatory.

The proposed method is evaluated using standard metrics, including accuracy,

confusion matrix, and classification reports, applied to the test dataset. Perfor-

mance comparisons are made across various combinations of m values (e.g., 5, 10,

15, 50, 100, 200) and εc values. This dual evaluation assesses the impact of both

feature set sizes and εc on oscillation detection performance.
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In addition, preliminary results for various values of m were obtained using only

the FFT spectra, yielding 2m+1 features, and similarly for the FFT-ACF spectra.

While using the feature from the FFT spectra alone showed good accuracy, the fea-

tures from the FFT-ACF spectra successfully identified oscillations in some cases

where the former failed. However, the combined use of both feature sets signifi-

cantly improved detection accuracy, demonstrating the complementary strengths

of these methods. These results that demonstrate the performance of the algo-

rithm using only FFT features and only FFT-ACF features are provided in the

Appendix B.

2.3.2 Approach for Estimating Period of Oscillation

This method outlines the steps for predicting period of oscillation in process data,

addressing both regular and irregular oscillations through frequency-domain anal-

ysis. Before any analysis, each time-series dataset undergoes preprocessing to

eliminate trends and bias. The data is demeaned by subtracting the mean to cen-

ter it around zero and then detrending is performed by removing a linear trend

from each time series. Specifically, a first-degree polynomial (straight line) is fitted

to the data using least squares, and then subtracted. This operation eliminates

slowly varying linear components that can bias frequency-domain analysis. This

ensures that non-stationary components, such as trends, do not interfere with

prediction of the period of oscillation.

Step 1: ACF and Fourier Transform: After preprocessing, for each time-

series dataset, the ACF is computed to capture periodic patterns. Only the first

half of the ACF is used for subsequent analysis. FFT of fixed length 213 is applied

to the ACF, transforming it into the frequency domain to highlight the frequency

components of oscillations. The resulting magnitude spectrum, denoted as S(f),

represents the magnitudes of the frequency components, where each magnitude

S(fi) corresponds to its frequency component fi. This spectrum is analyzed to

identify significant oscillatory frequencies.
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Step 2: Frequency Selection and Feature Extraction: Significant frequency

components in S(f) represent potential oscillations. A magnitude threshold (εm) is

applied to S(f) to select the fi whose S(fi) exceeds this threshold. The threshold

is defined as a fraction (1%) of the global maximum magnitude in S(f). Only

those fi with S(fi) greater than or equal to εm are considered for further analysis.

The following features are extracted for each selected fi:

• Period of Oscillation (Ti): The period of oscillation, calculated as the

inverse of the frequency component, Ti =
1

fi
.

• Number of Oscillation Cycles (ncycles,i): The total number of cycles in

the time series corresponding to frequency fi is computed as ncycles,i =
L

fsTi
,

where L is the number of samples in the time series, fs is the sampling

frequency (in Hz), and Ti is the period of oscillation corresponding to the

frequency component fi.

Step 3: Filtering and Period of oscillation: Frequency component fi with low

ncycles,i values are discarded, as they represent insu!cient oscillatory behavior. The

minimum ncycles,i threshold is set to 1.5, and the maximum threshold is determined

by the length of the time series, specifically L

6
. The minimum threshold of 1.5

cycles was chosen to ensure that a frequency component completes at least one

full oscillation and has su!cient repetition to be considered reliable, avoiding

false positives from transient or incomplete cycles. The upper threshold of L

6
,

where L is the length of the time series, was selected to exclude extremely high-

frequency components that may result from noise. The following steps are applied

for estimation of period of oscillation:

• Oscillation Ranking Index (ORI, ϖi): A ranking metric is used to assess

the significance of the filtered frequency components and is defined as:

ϖi = f 2

i
· S(fi)2 (2.1)
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where S(fi) represents the magnitude of the spectrum at the frequency com-

ponent fi. This metric quantifies the significance of the selected frequency

components by considering both the frequency value and its corresponding

magnitude. By combining f 2

i
and S(fi)2, the ORI balances the influence

of both the frequency and its spectral power. This makes it particularly

e"ective for identifying dominant frequencies that are both high in value

and strong in magnitude. The squared frequency term f 2

i
suppresses low-

frequency components that may exhibit large magnitudes due to drifts or

long-term fluctuations, which are not indicative of true oscillatory behavior.

Simultaneously, squaring the spectral magnitude S(fi)2 ensures that compo-

nents with strong energy are emphasized. This formulation e"ectively penal-

izes spurious low-frequency peaks while promoting high-frequency, repetitive

oscillations that are more representative of dominant dynamics in industrial

systems. In irregular or weakly oscillating signals, ORI provides better dis-

crimination by balancing temporal density and spectral strength, allowing

for more robust identification of relevant oscillatory patterns compared to

simpler metrics based solely on magnitude or linear frequency terms.

• Frequency Separation: The ϖi values are sorted in decreasing order, and

the corresponding fi values are compared. Only the frequency with the

higher ϖi is retained if the di"erence between the frequencies is less than 5%.

This ensures that the selected frequencies are su!ciently distinct.

• Selection of Dominant Period of Oscillation: After applying the fre-

quency separation, the remaining valid frequencies are prioritized based on

the value of ϖi to find the most significant period of oscillation.

– For regular oscillations, the period of oscillation with the highest ϖi

value is reported.

– For irregular oscillations, the top four periods of oscillation are reported

based on the value of ϖi.
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2.3.3 Amplitude Prediction Method

Amplitude of oscillation is predicted from time series based on the analysis of

segmented data and statistical feature extraction.

Step 1: Data Preprocessing: Initial preprocessing steps include denoising

the data using a wavelet-based approach. Specifically, the signal is decomposed

using the Daubechies 1 (db1) wavelet at level 1, and adaptive soft thresholding is

applied to remove noise while preserving key signal features. The method leverages

interval-dependent thresholding, allowing localized denoising suited for dynamic

process signals with non-uniform characteristics. This ensures reliable amplitude

estimation and accurate analysis in subsequent steps.

Step 2: Segmentation of Time-Series Data: The denoised time-series data

is segmented into smaller intervals based on the period of oscillation. If the true

values of the period of oscillation are already available, they can be used. Al-

ternatively, the oscillation period can be estimated using the method described

in section 2.3.2. The number of segments (N) is taken as the number of cycles

determined using the formula N = L

fsTi
, where L is the signal length, fs is the

sampling frequency, and Ti is the estimated oscillation period. This segmentation

allows for a localized examination of oscillatory behavior within each segment.

Step 3: Statistical Feature Extraction: For each segment j (where j =

1, 2, . . . , N), the following key statistical features are computed from the original

time-series data:

• Mean Value (µj): The average value of each segment j.

• Maximum Value (Mj): The peak value within each segment.

• Minimum Value (Nj): The trough value within each segment, which,

along with the maximum value, defines the amplitude range.

• Absolute Deviation: The di"erences between the mean and maximum/minimum

values are calculated. Specifically, the absolute di"erences |µj ↓ Mj| and

|µj ↓Nj| are analyzed.
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Figure 2.2: Overall framework of the proposed amplitude prediction methodology,
including signal preprocessing, segmentation based on oscillation period, statistical
feature extraction, and amplitude estimation.

Step 4: Analysis of Di!erences: The di"erences calculated in Step 3 are

analyzed to reflects the amplitude dynamics across segments. The average of the

absolute di"erences, defined as:

Am,j =
|µj ↓Mj|+ |µj ↓Nj|

2
(2.2)

indicates the oscillation amplitude for each segment. Finally, the overall amplitude

is reported as the mean of the amplitude measures:

Af =
1

N

N∑

j=1

Am,j (2.3)

where N is the number of segments. The overall workflow of the proposed ampli-

tude prediction method is illustrated in Fig. 2.2.

2.3.4 Theoretical Basis for Cycle Count Threshold εc

To improve the reliability of frequency-domain features, a cycle count threshold

εc is introduced to filter out frequency components that do not exhibit su!cient
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periodicity over the duration of the signal. This threshold suppresses spurious

spectral peaks caused by slow trends or noise, which are especially prevalent in

industrial process data.

Let L denote the number of samples in the signal, and fs the sampling frequency

in Hz. For a candidate frequency component f , the number of observable cycles

within the signal is given by:

ncycles =
L · f
fs

(2.4)

By imposing a lower bound εc on ncycles, only components that complete at least

εc full cycles over the signal duration are considered significant. Rearranging, the

minimum detectable frequency is:

fmin =
εc · fs
L

(2.5)

This expression shows that εc defines a tunable lower cuto" in the frequency do-

main. Increasing εc restricts detection to higher-frequency oscillations by requiring

a greater number of cycles within the signal duration. This enhances robustness

by filtering out low-frequency drifts and trends, but may inadvertently exclude

valid low-frequency oscillations. Conversely, lower εc values allow the detection of

long-period or weak oscillations but increase the risk of including spurious low-

frequency components.

While a fixed εc o"ers consistency and interpretability across the dataset, it also

introduces a signal-length-dependent minimum detectable frequency. As such,

very low-frequency oscillations may not satisfy the cycle count requirement in

shorter signals. Although this trade-o" was acceptable for the objectives of this

study, future work may explore adaptive strategies such as scaling εc with signal

length or adjusting it based on spectral characteristics, to improve flexibility while

maintaining robustness.

TH-4014_196107101



2.4 Results and Discussion 39

2.4 Results and Discussion

2.4.1 Training Neural Network

The three-layer feedforward neural network, as described in Section 2.3.1, was

employed for oscillation detection, consisting of 400, 100, and 20 neurons in each

layer. The model was trained using a dataset of 100,000 signals, which includes

39,720 non-oscillatory variables, 30,147 oscillatory variables, and 30,133 irregu-

larly oscillatory variables. The test dataset contains 10,000 variables, with 3,985

non-oscillatory variables, 3,027 oscillatory variables, and 2,988 irregular oscilla-

tory variables. The performance of the trained neural network on synthetic and

industrial test datasets is discussed in the subsequent sections. Specifically, Sec-

tion 3.4.1 presents illustrative case studies using a small set of representative time

series to demonstrate the model’s interpretability and accuracy in parameter es-

timation. Section 2.4.3 provides a large-scale quantitative evaluation on synthetic

test data, assessing classification accuracy under di"erent feature and threshold

configurations. Finally, Section 2.4.4 examines the model’s robustness on a real-

world industrial benchmark dataset.

2.4.2 Illustrative Example

The performance and applicability of the proposed oscillation detection and pa-

rameter estimation method are demonstrated here using three di"erent datasets

representing three types of time-series data: non-oscillatory, regular oscillatory,

and irregular oscillatory. This section highlights how the method di"erentiates

between these behaviors and estimates the key parameters, such as the period of

oscillation and amplitude.

As shown in Figure 2.3, the first subplot has no significant periodic patterns and

is the selected non-oscillatory variable (Class 0). The second subplot depicts the

regular oscillatory variable (Class 1) which is evident from the consistent oscil-

latory pattern, while the third subplot presents the irregular oscillatory variable
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Figure 2.3: Visualization of Time Series Data: Class 0, Class 1, Class 2

(Class 2), which exhibits varying period of oscillation.

The frequency-domain analysis is presented in Figure 2.4, where the normalized

FFT and FFT-ACF of the three datasets are compared. For the non-oscillatory

data, no prominent frequency peaks are detected in either the FFT of the time-

series or the FFT-ACF. Minor fluctuations due to noise appear, but no dominant

peaks are observed, confirming the absence of oscillations. For the regular oscil-

latory data, the FFT shows a clear dominant frequency peak at approximately

0.01672, which corresponds to the known period of oscillation, and additionally,

some peaks corresponding to lower frequencies are present that do not represent

the dominant oscillation. The FFT-ACF yields a smoother spectrum, with the

dominant peak also centered around 0.01672, confirming the result. For the irreg-

ular oscillatory data, multiple significant peaks are observed in the FFT, spanning

a frequency range from approximately 0.01343 to 0.02332, reflecting the fluctuat-

ing nature of the oscillations. The FFT-ACF exhibits a similar frequency range,

supporting these observations. These observations further demonstrate that while

the FFT-ACF e"ectively denoises the spectrum and enhances peak clarity par-

ticularly in regular oscillations, it may attenuate informative dominant peaks in

irregular cases. Therefore, leveraging both FFT and FFT-ACF jointly o"ers com-

plementary advantages for robust and comprehensive frequency analysis.
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Figure 2.4: Comparison of FFT and FFT-ACF for Non-Oscillatory, Regular Os-
cillatory, and Irregular Oscillatory Variables.

2.4.2.1 Oscillation Detection for Illustrative Example

Oscillation detection is performed using the methodology outlined in Section 2.3.1.

The frequency domain representations are generated by applying the FFT to both

the normalized time-series data and the normalized ACF of the original data.

The first half of the resulting magnitude spectrum are retained for analysis, as the

second half is redundant.

Next, for each frequency spectrum (both FFT and FFT-ACF), the peak with the

maximum magnitude is identified. The corresponding frequency is used to calcu-

late the period of the oscillation, and number of cycles. If the calculated number of

cycles does not meet the specified cycle count threshold (εc), the method searches

for the next prominent peak in the spectrum, ensuring that only significant oscil-

lations are considered. This process continues until a valid peak is identified, and

for each valid peak, m points on either side of the peak are selected, resulting in

2m + 1 features from both the FFT spectra and FFT-ACF spectra. These fea-

tures are then integrated to create a comprehensive feature set resulting in 4m+2

features .

The integrated features are fed into the three-layer feedforward neural network,
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Table 2.1: Comparison of Predicted Classes for Di"erent Feature Counts and εc
Values.

No. of feature
(4m+2)

Predicted class (ωc= 2.5) Predicted class (ωc= 4)

Non- Regular Irregular Non- Regular Irregular

Oscillatory Oscillatory Oscillatory Oscillatory Oscillatory Oscillatory

22 (m = 5) 0 0 0 0 1 2
42 (m = 10) 0 0 0 0 1 2
62 (m = 15) 0 0 0 0 1 2
202 (m = 50) 0 0 2 0 1 2
402 (m = 100) 0 0 2 0 1 2
802 (m = 200) 0 1 2 0 1 2

8194 0 1 2 0 1 2

which classifies the time-series data into three categories: non-oscillatory, regular

oscillatory, and irregular oscillatory. The performance of the method is evaluated,

and Table 2.1 summarizes the predicted classifications for non-oscillatory, regular

oscillatory, and irregular oscillatory data types across various feature counts, as

determined by the value of m. At lower feature counts (e.g., 22, 42, 62), the method

struggles to accurately classify regular and irregular oscillatory signals, although

non-oscillatory data is consistently predicted correctly for εc = 2.5. As the number

of features increases (e.g., 802, 8194), the classification accuracy for regular and

irregular oscillations improves significantly. For εc = 4, all predicted classes for

non-oscillatory, regular oscillatory, and irregular oscillatory categories are correct

across all feature counts. This is primarily due to the nature of Class 1 signals,

which contain a slow drift component spanning more than 2.5 cycles but fewer than

4 cycles over the signal duration. When εc = 2.5, this slow drift is not filtered out

and may dominate the spectrum, leading to misidentification of the true oscillatory

frequency. Increasing εc to 4 removes this drift, allowing the dominant frequency to

be correctly identified and improving classification accuracy. In contrast, Class 2

signals contain a slower drift that spans approximately 1.5 cycles, which is filtered

out at both εc = 2.5 and εc = 4, resulting in more accurate classification at

both thresholds. These results highlight the e"ectiveness of the proposed method

in accurately detecting and classifying oscillations based on frequency domain

features.
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2.4.2.2 Period of Oscillation Estimation for Illustrative Example

The proposed method as described in Section 2.3.2 was tested on two datasets

representing regular and irregular oscillations presented in Figure 2.3 for the es-

timation of oscillation periods. The preprocessing step includes demeaning and

detrending, followed by generating FFT-ACF spectrum. The frequency compo-

nents with magnitudes greater than the magnitude threshold (εm) are selected for

further analysis. For each selected frequency component, the period of oscillation

Ti and the number of oscillation cycles ncycles,i are calculated. The Oscillation

Ranking Index (ϖi) is then computed for each distinct frequency component as

defined in the methodology. Table 2.2 and Table 2.3 presents the top four can-

didates for the period of oscillation and corresponding features extracted from

the FFT-ACF of the regular and irregular oscillatory variable, respectively. The

results are arranged based on the highest ϖi values.

Table 2.2: Summary of Detected Period of Oscillation for Regular Oscillatory
Data with True Period 59.96.

Period of
Oscillation

(Ti)

Number of
Oscillation

Cycles (ncycles,i)

Frequency
components

(fi) [Hz]

Magnitude
(S(fi))

Oscillation
Ranking Index

(ϖi)

Length of
Time
Series
(L)

59.809 46.732 0.0167 94.241 2.483 2795
55.741 50.142 0.018 16.557 0.089 2795
1639.3 1.705 0.00061 410.3 0.063 2795
53.533 52.211 0.0187 13.159 0.0604 2795

Table 2.3: Summary of Detected Period of Oscillation for Irregular Oscillatory
Data with True Period Around 56.249.

Period of
Oscillation

(Ti)

Number of
Oscillation

Cycles (ncycles,i)

Frequency
components

(fi) [Hz]

Magnitude
(S(fi))

Oscillation
Ranking Index

(ϖi)

Length of
Time
Series
(L)

44.763 61.279 0.0220 16.135 0.13 2743
71.839 38.183 0.0140 20.818 0.084 2743
48.473 56.588 0.0210 13.032 0.072 2743
50.891 53.9 0.0200 11.476 0.051 2743

Based on the selected frequency components and extracted features from both

regular and irregular oscillatory datasets, the proposed method successfully iden-

tified significant oscillations for both regular and irregular signals. For the regular
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oscillatory dataset, although we have reported four values in Table 2.2, as per the

methodology, the detected period of oscillation is 59.809 which closely matches

the true period (59.96). This highlights the precision of the method in estimating

the period of oscillation for regular oscillations. Note that although the period

of Ti = 1639.3 has the highest magnitude (410.3), the corresponding ϖi value is

quite small and thus, it was not reported as the top candidate. This confirms that

while the method detects multiple Ti values, it correctly prioritizes the time period

closest to the true time period, demonstrating the method’s ability to identify the

most relevant oscillatory behavior in the data. On the other hand, for the irregular

dataset, the true reported time period is 56.249 (which is an approximation given

that the signal has irregular oscillation), and the detected periods range from 44.7

to 71.8, reflecting the inherent irregularity of the oscillations. Note that the aver-

age of the reported periods is 53.99 which matches with the true period. However,

if the variability in periods is high, the average will not be an e"ective measure to

assess the performance of the tool. Hence, only the predicted periods are presented

for all case studies instead of the average. This demonstrates the method’s ability

to capture varying oscillation periods in irregular datasets. Furthermore, in prac-

tical settings, downstream users may incorporate additional domain knowledge,

such as oscillation history, fault records, or loop-specific behavior, to prioritize

which oscillatory modes warrant intervention.

2.4.2.3 Amplitude Prediction for Illustrative Example

The amplitude prediction method outlined in Section 2.3.3 was applied to the time-

series data from both regular and irregular oscillatory signals in the illustrative

example. The denoised data was first segmented based on the estimated or known

period of oscillation. For irregular oscillatory signals that exhibit multiple distinct

periods, the segmentation is performed individually for each period. Specifically,

the signal is divided into segments based on the estimated boundaries of each

oscillation cycle. The amplitude is then computed separately for each segment,
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resulting in a set of amplitudes corresponding to each identified period. Statistical

features, such as the µj, Mj, Nj, were computed for each segment j, followed

by the calculation of the amplitude for each segment. The final amplitude was

determined as the average of the segment amplitudes. Table 2.4 presents the

predicted amplitudes for each data type in comparison with true values obtained

through visual inspection.

Key results include:

• Regular Oscillatory Data: The predicted amplitude was Af ↔ 0.096,

closely matching the true amplitude.

• Irregular Oscillatory Data: The predicted amplitude was

Af ↔ [0.1338, 0.1480, 0.1392, 0.1392]

again close to the true value although there is higher variance due to the

irregular nature of the oscillations.

Table 2.4: Predicted and True Amplitudes for the Illustrative Example.
Data Type Predicted Amplitude, Af True Amplitude (From

Visual Inspection)

Regular
Oscillatory

0.0956 0.1

Irregular
Oscillatory

[0.1338, 0.1480, 0.1392,
0.1392]

0.15

Table 2.5 shows the overall prediction summary for the illustrative example, inte-

grating oscillation detection, time period prediction, and amplitude estimation.

Table 2.5: Summary of Prediction Results for the Illustrative Example.
Data Type Oscillation Detection Period of Oscillation Amplitude

True
Class

Predicted
Class (εc = 4)

True
Period

Predicted
Period (Ti)

True
Ampli-
tude

Predicted
Amplitude

(Af)
Non-Oscillatory 0 0 — — — —

Regular Oscillatory 1 1 59.948 59.8 0.1 0.0956
Irregular

Oscillatory
2 2 56.249 [44.8, 71.8, 48.5,

50.9]
0.15 [0.1338, 0.1480,

0.1392, 0.1392]
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2.4.2.4 Reporting Multiple Modes in Irregular Oscillations

To further support the decision to report multiple periods and amplitudes for ir-

regular signals, we constructed a synthetic signal composed of three superimposed

sinusoidal components with known frequencies, periods, and amplitudes.

As shown in Table 2.6, the proposed method successfully detects all three dominant

oscillatory components, closely matching both the true periods and amplitudes.

However, computing a simple average of the detected periods (51.59 s) does not

meaningfully represent any of the actual oscillatory modes, thereby illustrating the

risk of collapsing rich oscillatory behavior into a single value. Similarly, reporting

a single average amplitude would fail to reflect the variation in oscillatory strength

across the components. These findings confirm that the strategy of reporting the

top few dominant modes yields a more informative and reliable characterization

of irregular signals.

Table 2.6: Ground Truth vs. Detected Periods and Amplitudes for Synthetic
Signal

Component Frequency
(Hz)

True Period
(s) True Amplitude Detected Period

(s) Detected Amplitude

1 0.03 33.3 0.6 32.77 0.83
2 0.01 100 1.0 102.4 1.3
3 0.05 20 0.4 19.6 0.57

2.4.3 Synthetic Data Results

2.4.3.1 Oscillation Detection

The approach employed for detecting oscillations follows the methodology outlined

in Section 2.3.1. A neural network model is trained using feature subsets derived

from the FFT and FFT-ACF spectra of the time-series data, with sensitivity

analysis determining the optimal window size (m) and εc.

The e"ectiveness of the proposed method was evaluated on the test dataset which

includes 3,985 non-oscillatory variables, 3,027 oscillatory variables, and 2,988 ir-

regularly oscillatory variables. Table 2.7 summarizes the precision, recall, and

accuracy results for various feature configurations. For clarity on how these met-
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Table 2.7: Results of Oscillation Detection and Sensitivity Analysis Using Com-
binations of FFT and FFT-ACF Features for εc = 0.

No. of
Features
(4m+ 2)

Confusion
Matrix Accuracy

Precision Recall
TimeClass 0 Class 1 Class 2 Class 0 Class 1 Class 2

22
(m = 5)




3709 70 206
1038 1919 70
1558 38 1392



 70.20% 0.588 0.947 0.835 0.931 0.634 0.466 44.8s

42 (m =
10)




3425 106 454
797 2147 83
1336 94 1558



 71.30% 0.616 0.915 0.744 0.859 0.709 0.521 42.3s

62 (m =
15)




3478 33 474
785 2134 108
1232 46 1710



 73.22% 0.633 0.964 0.746 0.873 0.705 0.572 36.2s

202
(m = 50)




3778 15 192
355 2437 235
530 129 2329



 85.44% 0.810 0.944 0.845 0.948 0.805 0.779 56.2s

402
(m =
100)




3860 7 118
194 2685 148
325 53 2610



 91.55% 0.881 0.978 0.908 0.969 0.887 0.873 44.9s

802
(m =
200)




3928 13 44
100 2848 79
147 43 2798



 95.74% 0.941 0.981 0.958 0.986 0.941 0.936 74.4s

8194




3951 16 18
99 2867 61
136 76 2776



 95.94% 0.944 0.969 0.972 0.991 0.947 0.929 259s

rics are computed, please refer to Appendix A.

The results highlight a notable reduction in the number of features needed to

achieve high accuracy. As the feature count increases from 11 (m = 5) to 8194

(full data), the accuracy steadily improves from 70.20% to 95.94% on the test

set. However, there is no significant gain in accuracy by increasing the number of

features from 802 to 8194. Utilizing all 8194 features results in a slightly higher

precision for Class 0 and Class 2, as well as a slightly higher recall for Class

0 and Class 1. However, it leads to a decrease in precision for Class 1 and a

decline in recall for Class 2. Overall, there is no significant improvement in class-

wise precision or recall by adding more features than 802. By selecting a subset of

features around significant peaks in the FFT spectrum, we can achieve comparable

accuracy with fewer features.

The configuration with 802 features achieved an accuracy of 95.74%, demonstrat-

ing that reducing the feature set by a factor of ten (from 8194 to 802) main-
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tains a high level of performance while significantly lowering computational com-

plexity. This reduction is especially advantageous for chip-based implementa-

tions, where computational resources are constrained. Additionally, the total

time/computational time (including both model training and testing) for the

model with 802 features was approximately 74.4 seconds, compared to over four

minutes (259 seconds) when using 8194 features. It is important to note that these

computational times exclude the duration for hyperparameter tuning, as no opti-

mization was performed. The same network architecture was used for all values

of m, but hyperparameter optimization would likely enhance the performance of

each model.

We observed that the accuracy tends to be lower when fewer features are used,

compared to when a larger set of features is employed for εc = 0. This could occur

because the peak identified in the FFT and FFT-ACF spectra might correspond

to a very low frequency, which may not represent the dominant frequency of the

variable. To ensure the selection of the dominant peak, di"erent values of εc

are evaluated based on the number of features, and sensitivity analysis is then

performed for each configuration.

Figure 2.5 illustrates how precision and recall vary across all classes for di"erent

values of εc and numbers of features when both FFT and FFT-ACF are used as

input features. For lower numbers of features (e.g., 22, 42, 62, 202, 402), class-

wise precision and recall generally improve with increasing εc. Higher thresholds,

such as εc = 4 or εc = 5, result in better precision and recall across most classes,

demonstrating their e"ectiveness in capturing relevant oscillations. For larger fea-

ture sets (e.g., 802, 8194), the impact of εc on precision and recall is less significant.

For moderately large feature sets (e.g., 802), any εc ↑ 2 provides good precision

and recall. However, for very large feature sets (8194), high εc values may reduce

class-wise precision and recall. A moderate range, such as εc = 2 to εc = 4,

appears to o"er a good balance for such configurations.

Table 2.8 presents the accuracy results for di"erent values of εc. Lower values of εc
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(a) Class 0 Precision (b) Class 1 Precision (c) Class 2 Precision

(d) Class 0 Recall (e) Class 1 Recall (f) Class 2 Recall

Figure 2.5: Variation in Performance Metrics (Precision and Recall) of the Neural
Network Classifier Using FFT and FFT-ACF Features Across Di"erent Classes for
εc. Subfigures (a), (b), and (c) Show Precision for Classes 0, 1, and 2 Respectively,
While (d), (e), and (f) Show Recall for the Same Classes.

Table 2.8: Accuracy Results for Subsets of FFT and FFT-ACF Features Using
Di"erent εc Values.

No. of Features (4m+ 2)
Accuracy (%)

εc = 0 εc = 1 εc = 2 εc = 2.5 εc = 3 εc = 4 εc = 5

22 (m = 5) 70.20 71.85 80.88 83.77 85.38 88.40 88.08
42 (m = 10) 71.30 73.02 84.08 85.45 87.87 90.31 91.02
62 (m = 15) 73.22 75.21 85.59 86.88 89.08 90.60 91.53
202 (m = 50) 85.44 84.43 88.32 89.51 91.03 91.90 93.09
402 (m = 100) 91.55 91.39 92.82 92.74 93.27 93.67 93.99
802 (m = 200) 95.74 95.37 96.27 96.63 95.91 96.16 96.00

8194 95.94 95.91 96.52 96.48 95.76 96.57 94.79

(0 and 1) result in generally lower performance across all feature sets. Moderate

values of εc (2, 2.5, and 3) lead to significant improvements, with εc = 2.5 and

802 features yielding the highest accuracy (96.63%), highlighting the importance

of filtering out peaks with very short periods. As εc increases to higher values (4

and 5), accuracy improves for smaller feature sets (22, 42, 62, 202, 402) but starts

to decrease slightly for larger feature sets (802, 8194). This suggests that while

filtering out irrelevant peaks is beneficial, excessive filtering can be detrimental

for larger feature sets. For smaller feature sets, accuracy increases with higher εc

values, but for larger feature sets, the improvement is marginal. The marginal
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accuracy gain does not justify the additional filtering of peaks with higher thresh-

olds, especially for very large feature sets. For instance, for m = 200, the accuracy

with εc = 2.5 is 96.63%, while for εc = 5, it drops slightly to 96.00%.

In summary, the primary objective of the algorithm is to detect oscillations, mak-

ing the recall for Classes 1 and 2 particularly important. The highest recall values

of 0.96 for Class 1 and 0.945 for Class 2 were achieved using 802 features with a

threshold of εc = 2.5. It is also noteworthy that the accuracy peaked at εc = 2

and εc = 2.5 for 802 number of features.

In addition to recall, the False Positive Rate (FPR) and False Negative Rate

(FNR) were considered as critical evaluation metrics to assess the performance of

the model. These metrics provide valuable insights into the model’s classification

behavior, beyond overall accuracy. Specifically:

• FPR represents the proportion of negative instances that were incorrectly

classified as positive. This metric is crucial in scenarios where false alarms

must be minimized. The formula for FPR is given by:

FPRk =
FP (False Positives)

FP (False Positives) + TN (True Negatives)
(2.6)

where k denotes the class (k = 0, 1, 2).

• FNR represents the proportion of positive instances that were misclassified

as negative. In the context of oscillation detection, a high FNR means that

important oscillations could be missed. The formula for FNR is:

FNRk =
FN (False Negatives)

FN (False Negatives) + TP (True Positives)
(2.7)

Both FPR and FNR are important matrices, as a high FPR can lead to false

alarms, while a high FNR can result in missing significant oscillations. We consider

the following confusion matrix to illustrate the calculation of the FPR and FNR.
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



3908 16 61

64 2894 69

124 39 2825





For Class 0, the True Positives (TP) are 3908, the False Negatives (FN) are 16 +

61 = 77, the False Positives (FP) are 64 + 124 = 188, and the True Negatives

(TN) are the sum of 2894+ 69+ 39+ 2825, yielding 5827. Using these values and

applying Equations (2.6) and (2.7), the False Positive Rate (FPR0) is calculated

as 0.0313 (3.13%), and the False Negative Rate (FNR0) is 0.0193 (1.93%).

For Class 1, the True Positives are 2894, the False Negatives are 64 + 69 = 133,

the False Positives are 16 + 39 = 55, and the True Negatives are 3908 + 61 +

124 + 2825 = 6918. Using Equations (2.6) and (2.7), the False Positive Rate

(FPR1) is calculated as 0.0079 (0.79%), and the False Negative Rate (FNR1) is

0.0439 (4.39%).

Similarly, for Class 2, using the corresponding values for True Positives (2825),

False Negatives (124 + 39 = 163), False Positives (61 + 69 = 130), and True

Negatives (3908 + 16 + 64 + 2894 = 6882), the FPR2 is 0.0185 (1.85%), and the

FNR2 is 0.0546 (5.46%).

To compute the weighted average FPR and FNR, we consider the class-wise con-

tribution based on the number of variables in each class. Specifically, for each

metric, the weighted average is calculated as:

Weighted Average =
2∑

k=0

(
Nk

N
· Metrick

)
(2.8)

where:

• Nk is the number of variables in class k,

• N = N0 +N1 +N2 is the total number of variables,

• Metrick is either FPR or FNR for class k.
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Table 2.9: FPR and FNR Percentages Using FFT and FFT-ACF Features for
Di"erent εc Values.

No. of
Features CCT

Class 0 Class 1 Class 2 Weighted Average

FPR
(%)

FNR
(%)

FPR
(%)

FNR
(%)

FPR
(%)

FNR
(%)

Weighted
FPR(%)

Weighted
FNR(%)

ωc = 0 4.11 1.43 0.80 5.91 1.75 6.36 2.41 4.26
ωc = 1 4.92 1.58 0.83 6.34 1.55 6.96 2.68 4.63
ωc = 2 3.13 1.93 0.79 4.39 1.85 5.46 2.04 3.73

802 ωc = 2.5 3.23 1.76 1.18 3.96 1.51 6.43 2.1 3.82
ωc = 3 4.22 1.43 1.13 3.77 1.08 7.97 2.35 4.09
ωc = 4 4.16 1.10 0.83 4.13 1.08 7.20 2.23 3.84
ωc = 5 4.17 1.18 0.77 4.89 1.35 6.86 2.3 4
ωc = 0 3.91 0.85 1.32 5.29 1.13 7.10 2.30 4.06
ωc = 1 3.79 1.18 1.18 5.81 1.41 6.22 2.29 4.09
ωc = 2 3.62 0.83 0.98 4.59 0.88 5.89 2 3.48

8194 ωc = 2.5 3.52 0.48 0.96 4.33 0.67 5.89 1.9 3.26
ωc = 3 4.02 0.65 1.49 5.81 1.11 7.43 2.39 4.24
ωc = 4 3.61 0.48 0.95 4.72 0.86 6.06 1.98 3.43
ωc = 5 4.84 0.90 1.95 7.47 1.34 8.67 2.92 5.21

Table 2.9 presents the FPR and FNR percentages for various εc values. For Class

1 using 802 features and εc = 2, the FPR was low at 0.79%, indicating that the

model rarely misclassified negative instances as positive. In summary, εc = 2 with

802 features provides optimal performance, especially for Class 1, with a low FPR

and manageable FNR across all classes.

In this study, a fixed neural network architecture was employed across all exper-

iments involving di"erent values of the feature selection parameter m, leading to

varying input dimensions ranging from 22 to 802 features. This design choice

ensured a consistent basis for evaluating the impact of di"erent feature sets on

model performance. While the network demonstrated robust performance across

this wide range, we acknowledge that a more tailored approach, where the network

size is adapted to the input dimensionality, could potentially reduce the risk of

underfitting for high-dimensional inputs or overfitting in lower-dimensional cases.

Jointly optimizing the network architecture along with feature selection may fur-

ther enhance model e!ciency and predictive performance, and this represents a

promising direction for future work.

Through e"ective feature engineering and selection, the neural network that incor-

porates 802 input features, derived from both the FFT spectra and the FFT-ACF

spectra, with a εc threshold of 2 or 2.5, proved to be the optimal choice, o"ering
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the best balance between accuracy, weighted FPR, weighted FNR and computa-

tional e!ciency. Additionally, a trade-o" between accuracy and computational

time was observed; for scenarios where lower computational time is a priority,

fewer features can be employed, albeit at the cost of reduced accuracy.

To further support the robustness of the proposed approach, we performed a 10-

fold stratified cross-validation on the synthetic dataset. This allowed us to quantify

the variability in prediction performance across di"erent data splits. The model

with 802 features and εc of 2.5 achieved a mean accuracy of 0.9642, with a standard

deviation of 0.0019, and a 95% confidence interval of ±0.0012, demonstrating

consistent and reliable performance.

Figure 2.6: Top 30 Features Ranked by Permutation Feature Importance. Fea-
ture Indices 0–400 Represent FFT-ACF Features, and 401–801 Represent FFT
Features.

To gain further insight into the decision-making process of the neural network,

we conducted a Permutation Feature Importance (PFI) analysis. This was aimed

at identifying which of the 802 input features contributed most significantly to

the classification performance. As described earlier, the input vector comprises

401 FFT-ACF features and 401 FFT features, where index 200 in each block

corresponds to the dominant frequency region.

We measured the change in model accuracy on the test set when individual features

were randomly shu#ed. The results, presented in Figure 2.6, reveal that the most

critical features are centered around the dominant spectral peak:
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• Feature 601 (center of FFT block) led to the highest accuracy drop of 3.98%.

• Feature 200 (center of FFT-ACF block) caused a 2.90% drop.

• Neighbouring features like 600, 602, and 199 also showed considerable im-

portance.

• The top six features alone accounted for a cumulative accuracy drop of 13.4%

when individually permuted.

These findings indicate that the model places strong emphasis on the height, sharp-

ness, and symmetry of the dominant spectral peak, leveraging both magnitude

and autocorrelation-based information for robust classification. This enhances

the interpretability of the proposed model and reinforces its practical relevance in

real-world applications.

Note: For all evaluations on the industrial dataset, we used the pre-trained model

obtained from the synthetic dataset. This model was trained using 802 input fea-

tures—derived from both FFT and FFT-ACF spectra—and employed a threshold

value of εc = 2.5. No retraining or parameter tuning was performed on the indus-

trial data, as the intention is to demonstrate the model’s direct applicability in

real-world industrial scenarios.

2.4.3.2 Period of Oscillation Estimation for Synthetic Dataset

The following section evaluates the method outlined in Section 2.3.2 for predicting

period of oscillation across a set of 10,000 test datasets, which included 3,027

oscillatory variables and 2,988 irregularly oscillatory variables. Each dataset was

labeled with true period of oscillation, and the method’s predictions were compared

to these true values.

Table 2.10 shows the performance of the method for predicting regular and ir-

regular oscillation time periods across the test dataset. For regular oscillations,

the method achieved a correct prediction rate of 99.3%, with 3005 out of 3,027

regular oscillations correctly predicted within a ±5% tolerance. This indicates
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that the method is highly e"ective in accurately predicting the periods of regular

oscillations.
Table 2.10: Summary of Correct Predictions for Period of Oscillation.

Oscillation Type Total Variables Correct Prediction

±5% ±10% ±12% ±15%

Regular Oscillation 3027 3005 (99.27%) 3020 (99.77%) 3021 (99.80%) 3023 (99.87%)
Irregular Oscillation 2988 1582 (52.9%) 2266 (75.8%) 2428 (81.3%) 2598 (86.9%)

The performance of the method for predicting irregular oscillation periods on

the test dataset indicates that prediction accuracy improves as the tolerance for

period estimation increases. The results are based on the top four highest ϖi values,

where the corresponding periods of oscillation are compared with the true values

to calculate prediction accuracy at di"erent tolerance levels. Specifically, if any

one of the 4 predicted periods falls within the specified tolerance range of the true

value, it is considered a correct prediction. Specifically, the percentage of correct

predictions within ±5% is 52.9%, and this increases to 86.9% within ±15%. This

result aligns with the inherently complex characteristics of irregular oscillations,

where the period is varying and it is often di!cult to mention a single true period

of oscillation. This demonstrates that the method is e"ective in reliably detecting

and characterizing irregular oscillations, especially when more flexibility is allowed

in estimating the period of oscillation.

Additionally, we conducted a comparative evaluation using the same period esti-

mation method but with an alternative ranking based solely on spectral magnitude

(ϖi = S(fi)). The results, included in Table 2.11, show that the proposed ORI met-

ric consistently outperforms the magnitude-only variant, particularly for irregular

signals.

Table 2.11: Summary of Correct Prediction Using Magnitude-Only Ranking Met-
ric (ϖi = S(fi)).

Oscillation Type Total Variables Correct Prediction

±5% ±10% ±12% ±15%

Regular Oscillation 3027 2790 (92.17%) 2805 (92.66%) 2806 (92.70%) 2807 (92.73%)
Irregular Oscillation 2988 1294 (43.31%) 1852 (62.00%) 2020 (67.60%) 2190 (73.30%)

To further highlight the e"ectiveness of the proposed methodology, a compari-

son was made with an alternative approach where the oscillation time period was
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predicted directly based on the top three peaks from the FFT spectrum. For oscil-

latory signals, the FFT spectrum typically exhibits distinct peaks corresponding

to dominant frequencies, and the associated time periods can be estimated by tak-

ing the inverse of these frequencies [121]. In this alternative approach, the first,

second, and third most prominent peaks were identified, and their corresponding

frequencies were used to estimate the time periods. The predicted periods were

compared with the true periods, and accuracy was computed by checking whether

any of the predicted values fell within a ±5% tolerance of the true period. For

regular oscillations, this method achieved a lower accuracy of 79.39%, and for ir-

regular oscillations, the accuracy dropped drastically to 13.69%. In contrast, the

proposed method achieved a significantly higher accuracy of 46.18% for irregular

oscillations under the same evaluation criteria. This highlights that relying solely

on dominant FFT peaks fails to capture irregular patterns, whereas the proposed

method demonstrates greater robustness.

2.4.3.3 Oscillation Amplitude Estimation for Synthetic Dataset

In this section, we evaluate the performance of the proposed amplitude prediction

method on a selection of 8 variables from the test dataset, as shown in Figure 2.7.

Since the actual amplitude values were unavailable for the test data, the validation

was conducted through visual inspection using a segment-wise approach. Specifi-

cally, the time-series data for each variable was plotted and randomly segmented.

Each segment, typically spanning a few oscillation cycles, was closely examined to

manually identify the maximum, minimum, and midpoint (mean) values for each

cycle. This process was repeated across multiple segments to assess the consis-

tency and range of amplitude values throughout the time series. The amplitude

prediction approach, outlined in Section 2.3.3, was applied to each of the selected

variables, and the predicted amplitude values were compared with the observed

oscillatory patterns. The test dataset included a range of oscillatory behaviors,

providing an opportunity to assess the method’s accuracy across di"erent signal
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(a) Regular

(b) Regular

(c) Regular

(d) Regular

(e) Irregular

(f) Irregular

(g) Irregular

(h) Irregular

Figure 2.7: Regular and Irregular Time-Series Data Plots for Amplitude Estima-
tion.

characteristics. The amplitude prediction was executed using statistical feature

extraction on the denoised, segmented signals, with key metrics such as µj, Mj,

Nj being calculated. The results, reported as the overall amplitude (Af ), are

summarized in Table 2.12.

In Subfigures (a), (b), (c), and (d), the predicted amplitude is within or very close

to the actual range based on visual inspection. In Subfigures (e), (f), (g), and

(h), multiple amplitude values are predicted for each test dataset based on the

predicted period of oscillation. Despite multiple predictions, all predicted values

are found to be within the expected range for the actual amplitude. This indicates

TH-4014_196107101



2.4 Results and Discussion 58

that the model is consistent in predicting across slightly varied inputs of period

of oscillation. Overall, the proposed method gives good accuracy, with predicted

amplitudes well within the expected ranges across all subfigures. The ability to

handle variations in the data, as seen in Subfigures (e) to (h), without signifi-

cant deviations from the actual range further underscores the robustness of the

approach. Additionally, as for irregular oscillations, the method estimates multi-

ple period–amplitude pairs, with each amplitude quantifying the strength of the

corresponding oscillatory mode in the signal. This information is valuable in in-

dustrial settings, as it enables downstream users such as control engineers or plant

operators to assess which oscillatory components may be most dominant or dis-

ruptive. A higher-amplitude mode may signal a fault or disturbance with greater

influence on control loop performance, whereas lower-amplitude modes may be

less critical. Moreover, based on prior process knowledge, historical data, or the

dynamic characteristics of the control system, users can interpret and prioritize

these oscillations more e"ectively. Providing multiple amplitudes thus supports

informed fault prioritization, root-cause analysis, and targeted troubleshooting in

complex process environments.

Table 2.12: Amplitude Prediction Results for Test Variables.
Subfigure Actual Ti Predicted Ti Af (Visual Inspection) Predicted Af

(a) 47.2 47.4 0.14 ↓ 0.17 0.164
(b) 48.5 48.1 0.30 ↓ 0.35 0.324
(c) 18.1 18.1 0.17 ↓ 0.23 0.197
(d) 60.3 60.2 0.17 ↓ 0.22 0.21
(e) 24.8 [19 26.3 11.8 14.3] 0.10 ↓ 0.15 [0.12 0.135 0.09 0.10]
(f) 26.4 [24.4 26.6 28.8 20.8] 0.20 ↓ 0.30 [0.268 0.269 0.27 0.267]
(g) 426.6 [357.1 322.6 588.2 500] 0.15 ↓ 0.24 [0.195 0.18 0.22 0.20]
(h) 154.8 [149.3 120.5 102 90.1] 0.20 ↓ 0.35 [0.26 0.24 0.23 0.21]

To quantitatively assess the accuracy of the amplitude predictions, we computed

the Root Mean Square Error (RMSE) between the predicted amplitude values and

the midpoints of the visually inspected amplitude ranges. RMSE is defined as:

RMSE =

√√√√ 1

N

N∑

i=1

(Af,i ↓ Aref
i
)
2 (2.9)

where Af,i is the predicted amplitude for the i-th time series, Aref
i

is the corre-
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sponding reference amplitude, and N is the number of test instances. The resulting

RMSE was found to be 0.0175, indicating a high level of prediction accuracy across

the evaluated time series.

2.4.4 Performance Analysis on Industrial Benchmark Data

The industrial benchmark dataset introduced by Jelali and Huang [120] was used

to assess the performance of the proposed method. Process outputs (PV) were

extracted from the dataset of 93 control loops, primarily from chemical processes,

including flow control (FC), level control (LC), temperature control (TC), pressure

control (PC), analyser control (AC), and gauge control (GC) loops. The control

loops exhibit a broad spectrum of operational behaviors and fault types. While

many loops maintain constant SP, others operate under varying SP due to cascade

or supervisory control strategies. Nonlinearities such as valve stiction, controller

output saturation, and deadzones are common. Some loops operate in manual

(open-loop) mode, while others are a"ected by heavy quantization, non-stationary

trends, or measurement noise. For example, loops such as POW 3 and CHEM 33

are significantly influenced by noise or external disturbances, whereas MIN 1 and

PAP 10 demonstrate multiple oscillation modes or evolving dynamics over time

[120].

Signal lengths vary substantially across the industrial dataset, ranging from 200

to 277,115 time steps, reflecting diverse sampling durations and process dynamics.

In comparison, the synthetic dataset was generated under controlled conditions

with predefined oscillation periods, waveform types, and noise levels. Unlike the

synthetic data, the industrial dataset exhibits unstructured variability, overlap-

ping dynamic behaviors, inconsistent sampling characteristics, and measurement

noise arising from multiple sources. These complexities make it a challenging yet

essential testbed for evaluating the robustness and generalizability of oscillation

detection algorithms [120]. For oscillation detection, we used a model trained

solely on the synthetic dataset, utilizing 802 features extracted from both the
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(a) (b)

Figure 2.8: (a) PV Time Series Data for Di"erent Industrial Loops; (b) FFT-ACF
Plots for Period Evaluation.

FFT and the FFT-ACF spectra, applying a cycle count threshold (εc) of 2.5 cy-

cles. A detailed analysis of the method’s performance on these 93 control loops

used exclusively for testing is provided in Appendix C.

Table 2.13: Accuracy Analysis of PV Time Series Data for Industrial Dataset.

No. of
Features

Confusion
Matrix

Class-wise Accuracy (%) Overall
Accuracy (%)

Computational
timeClass 0 Class 1 Class 2

802
Features
(εc = 2.5)




12 0 5
1 21 1
4 2 47



 70.59 91.30 88.68 86.02 24 s

Table 2.13 presents the overall results of oscillation classification for the 93 PV time

series dataset. The true data count classification is based on available comments

in literature [120] and manual visual inspection for each PV time-series data. The

TH-4014_196107101



2.4 Results and Discussion 61

proposed approach gives an overall accuracy of 86.02%, demonstrating that the

method is capable of accurately detecting and classifying oscillations across a wide

variety of time series, even in complex industrial datasets, where oscillations of

various types and magnitudes are common. The performance is higher for regular

oscillatory data compared to non-oscillatory and irregular cases. The relatively

high accuracy for all classes suggests that the trained neural network model, using

802 features derived from subsets of features of both FFT and FFT-ACF, is well-

suited for handling the diverse oscillatory behavior present in industrial data.

These findings support the method’s potential for real-time oscillation detection in

industrial applications. Nonetheless, when the model was evaluated under a binary

classification setting (i.e., distinguishing Class 0 from either Class 1 or Class 2), the

accuracy improved to 89.24%, demonstrating better robustness under simplified

conditions. Additionally, the total time required for evaluating all 93 signals was

approximately 24 seconds, resulting in an average per-variable inference time of

around 0.26 seconds.

For additional analysis, the time series data with distinctive features shown in Fig-

ure 2.8(a) were examined. Based on the observations from Jelali and Huang [120]

and visual inspection, it can be concluded that CHEM 3 experiences a quantiza-

tion issue that causes oscillations. CHEM 9 is a non-oscillatory loop, while CHEM

32 demonstrates regular oscillations. Meanwhile, CHEM 36 and PAP 2 exhibit

irregular and regular oscillations, respectively. Figure 2.8(b) presents the FFT-

ACF spectrum with selected magnitude values to calculate Oscillation Ranking

Index (ORI, ϖi) for the estimation of period of oscillation. Table 2.14 presents the

results of oscillation detection and quantification for these time series, where we

compare the predicted period of oscillation (Ti), and amplitudes (Af ) with those

obtained from manual visual inspection and Dambros et al. [97] for the selected

PV data.

• CHEM 3 (Irregular Oscillations): The proposed technique successfully

predicted the class as irregular oscillatory (2). The period of oscillations
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Table 2.14: Results for Oscillation Detection and Characterization Methods on
Industrial Data.

PV
Data

Class Period of Oscillation (Ti) Oscillation Amplitude (Af)
True* Dambros Predicted True* Dambros Predicted True* Dambros Predicted(Visual) (Visual) (Visual)

CHEM 3 2 2 2 ↔ 950** 998.68
[884.96, 840.34, 1315.8, ↔ 0.08** 0.108

[0.075, 0.085, 0.074,
980.39] 0.079]

CHEM 9 0 0 0 — — — — — —

CHEM 32 1 1 1 ↔ 850 658.53 900.9 ↔ 10 10.159 10.127

CHEM 36 2 2 2 ↔ 1570** 1925.47
[1639.3, 1282.1, 980.39, ↔ 1.8** 2.184

[1.668, 1.749, 1.575,
1136.4] 1.641]

PAP 2 1 1 1 ↔ 43 33.28 42.23 ↔ 2.4 2.821 2.330

*Values labeled as "True" are based on visual inspection. **Note that the period of oscillation
(Ti) and oscillation amplitude (Af ) are not constant but vary over time for Class 2.

were detected, which align closely with the results from visual inspection

and Dambros et al. [97]. The amplitude estimations showed good agreement

with the expected values.

• CHEM 9 (Non-Oscillatory): This time series data was correctly classified

as non-oscillatory (0) by the proposed method.

• CHEM 32 (Regular Oscillations): The proposed technique successfully

identified regular oscillations(1), providing estimates for period of oscillation

and amplitude. These results were consistent with those from visual inspec-

tion, and the method demonstrated better accuracy in quantifying the period

of oscillation when compared to the result from Dambros et al. [97]. The

amplitude predictions showed good agreement with the expected value from

visual inspection.

• CHEM 36 (Irregular Oscillations): The proposed method successfully

detected irregular oscillations. The estimated amplitude values closely matched

the expected results from visual inspection, confirming the robustness of the

technique. Visually, the period of oscillation detected aligns with the finding.

• PAP 2 (Regular Oscillations): Regular oscillations in PAP 2 were cor-

rectly identified. The proposed method estimates the period of oscillation

accurately, while the prediction from Dambros et al. [97] shows a large de-

viation. Moreover, the amplitude estimations closely matched the observed
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value from visual inspection.

The results show that the proposed method is able to accurately identify oscilla-

tions and estimate their parameters, even when the oscillations present in indus-

trial data vary in nature. The proposed method showed good performance with

that of the comparison method by Dambros et al. [97], showcasing its suitability

for real-world industrial applications where precise oscillation analysis is essential.

Moreover, the proposed technique, with the trained model is capable of process-

ing time series data within seconds, ensuring practicality for quick and seamless

implementation.

2.4.5 Computational E!ciency Analysis

The computational e!ciency of the proposed method was evaluated by compar-

ing its execution time with existing approaches in the literature. Prior studies

have reported detection speeds using Average Detection Time (ADT) per time-

series signal, which represents the average time required to detect oscillations per

time-series signal, including preprocessing steps. Additionally, the accuracy val-

ues of the existing methods were also collected from Wang et al. [101]. Table 2.15

summarizes both ADT and accuracy values for di"erent detection methods.

For comparison, we used the industrial benchmark dataset introduced by Jelali et

al. [120] , which contains 108 control loops. To ensure consistency with previous

research, the same dataset of 63 control loops as used in Wang et al. [101] was

selected for benchmarking. These prior methods were evaluated using an Intel

Pentium G4600 (3.60 GHz CPU), 8 GB of RAM, and an NVIDIA GeForce GTX

1050 Ti (4 GB GPU).

In contrast, the proposed method was executed on two CPU-only systems without

GPU acceleration:

• System 1: Dell Precision 3630 Tower (Intel Core i7-8700, 3.31 GHz, 32 GB

RAM)
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• System 2: Dell OptiPlex 5070 (Intel Core i5-8500, 3.00 GHz, 8 GB RAM)

Table 2.15: Comparison of Detection Speed and Accuracy of Each Method.

Method ADT
(s/time-series signal)

Binary Classification
Accuracy (%)

ACF ratio [35] 0.0124 75.76
ACF zero-crossings regularity [36] 0.0057 78.33
Improved LMD [122] 2.2813 73.44
FACMD [123] 1.6206 81.25
E!cientNet-B0 [101] 0.3883 90.94 ± 3.01
Shu#eNet-V2 [101] 0.3503 92.50 ± 2.79
GhostNet [101] 0.3525 93.75 ± 2.47
MobileNet-V1 [101] 0.3577 94.37 ± 1.40

Proposed Method: 802 features, εc = 2.5
System 1 0.1712 95.24
System 2 0.2442 95.24

The results in Table 2.15 demonstrate the superior computational e!ciency of the

proposed method, with a total execution time of 10.79s on System 1 and 15.38s

on System 2 for processing 63 control loops. The method achieved an ADT of

0.1712 s/time-series signal (System 1) and 0.2442 s/time-series signal (System 2),

outperforming deep learning-based models such as E!cientNet-B0, Shu#eNet-V2,

GhostNet, and MobileNet-V1 by 50–55%, despite running on CPU-only hardware

without GPU acceleration.

In terms of accuracy, the proposed method achieved 92.06% overall accuracy in

a multi-class setting. However, for a direct comparison with prior studies that

classify only between oscillatory and non-oscillatory cases, the binary classification

accuracy of the proposed method is 95.24%. This performance is comparable to

deep learning-based techniques reported in Wang et al. [101]. The accuracy is

higher than classical signal-processing-based methods such as ACF ratio (75.76%)

and fast adaptive chirp mode decomposition (FACMD) (81.25%), while being

close to the top-performing convolutional neural network (CNN)-based models,

including GhostNet (93.75%) and MobileNet-V1 (94.37%).

In addition to demonstrating computational e!ciency, the proposed method (802

features, εc = 2.5) was compared against a baseline model [97], which normalizes

the input time series and utilizes the complete set of FFT features (4097) as input.

Our method achieved a slightly higher overall accuracy of 96.63%, compared to
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96.10% for the baseline. Precision values for Classes 0, 1, and 2 were 0.958, 0.984,

and 0.960, respectively, as opposed to 0.955, 0.979, and 0.948 for the baseline.

Similarly, recall scores were 0.985, 0.960, and 0.958, compared to 0.983, 0.959, and

0.956 for the baseline model. These gains were achieved with 80% fewer features,

significantly reducing model complexity and also reducing the risk of overfitting,

leading to better generalization on unseen data. The reduced parameter space

allows the model to adapt more e"ectively to new or evolving oscillation patterns,

which is particularly valuable in industrial applications where signal characteristics

may vary over time.

Finally, memory usage was also assessed to evaluate feasibility for real-time deploy-

ment on resource-constrained systems. On System 1, the memory usage increased

from 362.79 MB to a peak of 558.94 MB during execution, while System 2 showed

an increase from 338.95 MB to 472.44 MB. Thus, the total memory used was

196.15 MB and 133.49 MB on System 1 and System 2, respectively. These results

indicate that the method operates within modest memory requirements, making it

suitable for real-time industrial applications even on systems with limited RAM.

2.5 Sensitivity Analysis for Hyperparameters

In this section, we perform a sensitivity analysis to evaluate the impact of di"erent

hyperparameter configurations on the performance of a neural network classifier.

The objective is to determine how variations in key parameters a"ect classification

accuracy. The baseline model, as described in Section 2.3.1, consists of three

hidden layers with 400, 100, and 20 neurons, respectively, using the Hard Sigmoid

activation function, the Adam optimizer, a batch size of 10,000, and categorical

cross-entropy loss. Due to the high computational cost and time constraints of

an exhaustive analysis, we conducted a sensitivity analysis on a selected subset

of hyperparameter variations. The parameters examined include the number of

neurons in hidden layers, activation functions, batch size, optimization algorithms,
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and the number of training epochs.

It is important to note that this sensitivity analysis was conducted independently

of the methodology applied in our main study. The primary goal here is to ana-

lyze how di"erent hyperparameter choices influence model performance, without

incorporating additional methodological enhancements or domain-specific adapta-

tions. To assess the sensitivity of the model, variations were introduced in these

hyperparameters, as shown in Table 2.16, and the model was trained and eval-

uated under di"erent configurations. A total of 576 model configurations were

tested, with accuracy serving as the primary evaluation metric during training. A

detailed analysis of the 576 model configurations is provided in Appendix D.

Table 2.16: Hyperparameter Variations and Preselected Baseline Configuration.
Hyperparameter Values Considered Preselected Baseline
Neurons per layer [200, 50, 10], [400, 100, 20], [600, 200, 50] [400, 100, 20]
Activation function ReLU, Sigmoid, Tanh, Hard Sigmoid Hard Sigmoid
Batch size 1000, 5000, 10000, 20000 10000
Optimizer Adam, SGD, RMSprop, Adamax Adam
Epochs 10, 30, 50 50

To evaluate the e"ectiveness of the preselected hyperparameters, the preselected

configuration was evaluated alongside the top-performing configurations identified

from the sensitivity analysis. Table 2.17 presents these configurations along with

their accuracy, precision, recall, F1-score, and training time. The results indicate

that while the preselected configuration is not the absolute best-performing setup,

it remains a good and well-balanced choice. The sensitivity analysis demonstrated

that di"erent hyperparameter combinations could lead to slight improvements in

accuracy (e.g., 0.9776 in the best case vs. 0.9756 for the preselected configura-

tion). Additionally, a broader and more detailed sensitivity analysis covering a

wider range of hyperparameter values could potentially uncover even better con-

figurations.

Table 2.17: Comparison of Preselected Hyperparameters with Top Configurations.
Neurons Activation Batch

Size Optimizer Epochs Accuracy Precision Recall F1-
Score

Training
Time (sec)

[400, 100, 20] ReLU 1000 RMSprop 50 0.9776 0.9777 0.9776 0.9776 404.78
[600, 200, 50] Sigmoid 1000 Adamax 50 0.9772 0.9772 0.9772 0.9772 633.91
[600, 200, 50] ReLU 10000 Adam 50 0.9759 0.9760 0.9759 0.9758 320.37
[400, 100, 20] Hard Sigmoid 10000 Adam 50 0.9756 0.9757 0.9756 0.9756 390.02
[600, 200, 50] ReLU 1000 SGD 30 0.9753 0.9753 0.9753 0.9753 259.61
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2.6 Summary

This study introduces neural network-driven algorithms for accurate oscillation

detection in process datasets. Methodologies for estimating period of oscillation

and amplitudes are also proposed in this work. To improve accuracy and reduce

computational demands, the approach integrates advanced feature engineering

techniques grounded in domain expertise. Notably, features from the FFT and

the FFT-ACF were utilized, with dominant peaks identified using a cycle count

threshold.

The proposed technique was evaluated using synthetic and industrial datasets and

showed strong performance across both. For the synthetic dataset, a cycle count

threshold of 2 to 3 gave the highest accuracy of 96% when using a feature set

of 802 features derived from both FFT and FFT-ACF spectra. On a benchmark

industrial dataset, the method achieved an accuracy of 86.02%, demonstrating its

ability to detect and classify oscillations in complex industrial datasets. Addition-

ally, the trained neural network model performed the complete analysis in just a

few seconds, making the method highly e!cient for industrial applications. For

estimating the period of oscillation, the method achieved a prediction accuracy of

99.3% for regular oscillations within a ±5% tolerance for the synthetic dataset and

achieved 86.9% accuracy within a ±15% tolerance for irregular oscillations. The

amplitude estimation results showed that the method consistently predicted am-

plitudes close to the actual values. Period of oscillation and amplitude estimations

for the industrial dataset also showed accurate results.

Overall, the proposed method demonstrates high potential for accurate oscillation

detection and parameter estimation in both synthetic and real-world industrial

datasets. Future work could aim on improving the technique for irregular oscilla-

tions and exploring its scalability and adaptability to various industrial processes.

In addition, the method could be extended for near real-time analysis using sliding

window techniques, allowing continuous monitoring over several hours of control

loop data. This would help address challenges such as concept drift and evolv-
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ing process dynamics. The current approach uses a fixed cycle count threshold

εc, but future e"orts could explore adaptive threshold selection based on signal

characteristics, such as spectral content, noise level, loop type, and available prior

knowledge. Finally, integrating the proposed method with plant-wide oscillation

diagnosis frameworks would enhance its practical deployment in industrial set-

tings, enabling large-scale and automated monitoring of control loop performance.
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Chapter 3

Analysis of Valve Stiction in Control

Loops

3.1 Introduction

Modern process plants are dependent on automatic control systems and generally

consist of hundreds of feedback control loops that maintain product quality, ensure

energy e!ciency, and operational safety. The performance of these loops often de-

teriorates over time due to issues such as poor controller tuning, sensor faults,

multivariable interconnections, external disturbances, and actuator-related faults.

Control valves are the most widely used actuators in sectors like petroleum refin-

ing, chemical manufacturing, and pulp and paper [30]. Based on the controller

output, control valves regulate the manipulated variable but are susceptible to

mechanical problems including hysteresis, deadband, backlash, saturation, and,

most notably, stiction [24]. Stiction is caused by static friction and delays the

movement of the valve stem relative to the controller signal, introducing nonlin-

earities and sustained oscillations in the process variable [25]. Various factors such

as tight packing, particulate accumulation, lubricant degradation, or seal wear in-

duce stiction, which is typically quantified as a percentage of the valve’s operating

range [7]. Stiction negatively impacts control loop performance, reduces product
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quality, increases energy and material consumption, and accelerates equipment

wear. Hence, in systems with frequent valve actuation, making early stiction

detection is vital for maintaining process stability, reducing maintenance costs,

extending valve lifespan, and enhancing operational safety [7, 30, 32].

Across di"erent process industries, valve stiction has been identified as the cause of

20–30% of oscillatory behavior in control loops [6, 20, 22, 26, 27, 124]. A large-scale

survey of more than 26,000 Proportional–Integral–Derivative (PID) loops showed

that only 16% performed well, while 38% were rated fair or poor, with stiction

identified as a key factor [28]. Detecting stiction in control valves is often di!cult,

particularly because valve stem position is rarely measured directly. Although stic-

tion induces noticeable cycling patterns in the PV and OP signals, distinguishing

it from other oscillatory disturbances requires robust diagnostic tools. In recent

years, research has increasingly moved from rule-based heuristics to data-driven

and machine learning-based approaches, following the broader Industry 4.0 trend.

As sensor-rich automation becomes common in modern plants [29], the need for

reliable and automated stiction detection methods has become more important,

particularly in safety-critical operations where valve condition is directly tied to

process stability.

In large industrial plants with hundreds of control valves, manual checking for

stiction becomes impractical, especially for routine monitoring, highlighting the

need for automated detection techniques. Several model-free approaches have

been developed to assess valve condition. Notable among these are CURVE [47],

AREA [48], CORR [49], HIST [50], and the shape-based techniques proposed by

Kano and Yamashita [51–53]. While these methods generally perform well under

constant set-point conditions, their accuracy deteriorates when the reference sig-

nal varies. For instance, Yamashita’s method considered a consistent relationship

between the PV and valve position, which is valid in flow loops but not in level

loops. To address this, Brásio et al. [54] introduced a finite-di"erence transforma-

tion that accounts for reference changes but relies on valve position data, which
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is often unavailable or is rarely measured in practice. To further tackle varying

references, Dambros et al. [55] proposed the SLOPE and ZONE methods in which

they compared the shapes of OP and PV signals with triangular and sinusoidal

patterns. These shape-based methods work well under clean and high-resolution

data but are sensitive to noise, sampling rate, and waveform shapes. Subsequent

studies [56, 57] mitigate such issues by providing a sampling rate framework. Ac-

knowledging the limitations of standalone methods, Pozo Garcia et al. [58] pro-

posed detection framework that integrates multiple methods to achieve more ro-

bust performance across variable operating conditions. Additionally, Thornhill et

al. [59] observed that valve stiction introduces odd harmonics in control signals.

Building on this, Aftab et al. [60, 61] developed adaptive detection strategies using

the HHT and MEMD, which can reliably distinguish nonlinear stiction-induced

oscillations from linear disturbances even under noisy conditions and without prior

process models.

Model-based approaches, particularly those employing Hammerstein models, have

been widely explored for stiction detection. These models represent the system as

a static nonlinear block (capturing stiction behavior) followed by a linear dynamic

block (capturing process dynamics) [64]. Several variants, such as HAMM1–3 [7],

were proposed, but issues like sensitivity to parameter initialization and ambi-

guity in integrating loops limited their e"ectiveness [65]. Improvements included

robustness metrics [65], hybrid time-frequency analyses [66], and bootstrap-based

parameter estimation [67]. Comparative studies by Bacci di Capaci et al. [68, 69]

assessed linear models such as ARX, ARMAX, EARX, and EARMAX, and nonlin-

ear models (Kano’s, He’s), noting that while simpler models su!ce in clean condi-

tions, extended models perform better in nonstationary environments. Extensions

such as normality-test-driven model selection [125], nonlinear optimization [126],

and Preisach-based structures [127] have enhanced generalizability. Building on

this, Xiong and Zhu [128] proposed a Hammerstein model with a cubic spline non-

linear block and high-order ARX dynamics for closed-loop data. Aksornsri and
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Wongsa [129] applied particle swarm optimization to estimate Kano model pa-

rameters within a Hammerstein-like framework. Additionally, Jeremiah et al. [70]

introduced an integrated detection-compensation scheme using an ANFIS com-

bined with dual-mode model predictive control. Most recently, El-Ferik et al. [71]

developed a robust signal-processing and ML-based framework for conventional

valves, validated under diverse industrial conditions. While these model-based

strategies provide insight into stiction dynamics, challenges such as loop-specific

tuning, excitation requirements, and limited scalability remain.

Classical statistical and regression-based approaches remain popular due to their

simplicity and interpretability. Zheng et al. [72] proposed a K-means clustering-

based moving window technique for stiction detection and quantification. Damarla

et al. [73] introduced a linear regression method using OP–PV dynamics within

sliding windows, while Liu and Wang [74] improved this by dynamically adjusting

window size based on curve shape indices and signal features. Traditional sta-

tistical hypothesis testing, including F-tests, t-tests, and Hotelling’s T 2-test, has

also been used for anomaly detection [130], though these require manual threshold

selection and often lack robustness across diverse datasets.

Unsupervised and supervised learning techniques have also been employed. Danesh-

war and Mohd Noh [102] applied fuzzy c-means clustering to distinguish stiction-

induced oscillations from external disturbances. Miskin et al. [103] used PCA to

identify valve faults, including wear and stiction. Teh et al. [104] further developed

a nonlinear PCA method combined with autocovariance analysis (NLPCA-AC),

outperforming several existing techniques. Shang et al. [105] introduced a novel

stiction index based on dynamic slow feature analysis and the Hurst exponent.

Navada et al. [131] assessed the impact of data preprocessing and showed that

the D-value method combined with an artificial neural network (ANN) achieved

higher accuracy than PCA.

Artificial intelligence and deep learning methods have gained significant traction in

recent years. Amiruddin et al. [106] used a multi-layer neural network trained on
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transformed OP and PV data to classify stiction conditions. Venceslau et al. [96]

applied a multi-layer perceptron (MLP) for estimating Choudhury’s stiction pa-

rameters. Damarla and Huang [107] developed a Learning Vector Quantization

Neural Network (LVQNN) trained on both simulated and industrial datasets for

improved generalization. Several studies have used image-based signal transfor-

mation to leverage CNNs. Henry et al. [108, 109] transformed OP–PV trajecto-

ries into unthresholded recurrence plots (URPs), utilizing AlexNet for classifica-

tion and severity estimation, later incorporating transfer learning. Memarian et

al. [110] integrated Markov Transition Fields (MTF) with CNNs for robust de-

tection. Dambros et al. [97] and Kamaruddin et al. [111] employed pixel-based

encodings and butterfly-shaped CNN structures for oscillation and stiction de-

tection. Tian et al. [132] introduced a neural network model based on deviation

product features for accurate quantification.

SVMs have also been applied. Yazdi et al. [112] trained an SVM model on OP

and PV signals to distinguish stiction from other oscillatory behaviors. Guan et

al. [113] proposed a method based on phase space reconstruction and recurrence-

based feature analysis, showing strong performance on industrial data. Vazquez et

al. [114] trained a CNN using valve position and controller output data, achieving

detection probabilities between 68.3% and 96.8%. With the rise of multimodal

artificial intelligence, VLMs have also been investigated. StictionGPT [115] lever-

ages a large vision-language model with few-shot adaptation, using shape features

and aligned textual prompts to detect stiction with improved generalizability and

interpretability. Despite substantial progress in both AI/ML-driven techniques for

stiction detection, many existing approaches still face challenges such as sensitivity

to parameter tuning, dependence on handcrafted features, high data requirements,

and limited generalizability across diverse operating conditions.

In this work, we present a model-free methodology for control valve stiction de-

tection that leverages the dynamic interaction between the OP and PV. The raw

signals are first preprocessed through detrending, mean removal, and normaliza-
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tion to ensure consistency across diverse operating conditions. Multiple forward

and backward time shifts are then applied to generate heatmaps for OP and PV,

which highlight stagnation or slow-varying regions symptomatic of stiction. These

heatmaps are then projected back onto the original signal timeline to form merged

heat traces, where the heat values from the original and all shifted versions are

summed. This produces a time-series representation showing how strongly each

time point exhibits slow or stuck behavior. From these traces, only PV-dominant

regions are retained using mode-based scaling and sticky phase filtering. The

merged heat signals are then segmented into oscillation cycles, and a PV/OP heat

ratio is computed for each cycle. The average ratio across cycles serves as a fea-

ture for a threshold-based classifier, and an optimal threshold is determined via

Receiver Operating Characteristic (ROC) analysis on the training set to maxi-

mize classification performance. This threshold is then applied to unseen loops

for classifying loops as sticky or non-sticky, providing a simple, interpretable, and

computationally e!cient solution for stiction detection.

3.2 Industrial Data Availability

The proposed method is a model-free approach for valve stiction detection. This

work uses the Industrial Stiction Benchmark Dataset (ISDB) [7], a publicly avail-

able repository of real industrial time-series data. The ISDB consists of a total of

93 control loops drawn from multiple industrial sectors like metals (MET), mining

(MIN), power generation (POW), pulp and paper (PAP), chemicals (CHEM), and

building automation systems (BAS). The dataset covers a wide range of control

objectives such as flow (FC), level (LC), temperature (TC), pressure (PC), ana-

lyzer (AC), and gauge (GC) control. Diverse operating conditions, such as some

loops running under constant SP, while others are subject to SP changes arising

from cascade or supervisory control strategies, make it a suitable benchmark for

validating the proposed method. Most loops in the dataset are a"ected by nonlin-
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Table 3.1: Summary of the Industrial Stiction Benchmark Dataset (ISDB). Stic-
tion presence is indicated as “1” (sticky) and “0” (non-sticky).

Industry Sector Total Loops Training Testing Stiction Presence (1/0)

Metals (MET) 3 3 0 0 / 3
Mining (MIN) 1 0 1 1 / 0
Power Generation (POW) 5 5 0 3 / 2
Pulp and Paper (PAP) 12 7 5 7 / 5
Chemicals (CHEM) 52 38 14 22 / 30
Buildings (BAS) 5 5 0 2 / 3

Total 78 58 20 35 / 43

earities such as valve stiction, controller saturation, and deadzones, with further

complexities including noise, quantization e"ects, nonstationary trends, and open-

loop operation in some cases [7]. In addition, the lengths of signals vary from a

few hundred to over 270,000 time steps, showing di"erences in sampling period

and process characteristics. These factors make the ISDB a highly relevant bench-

mark for developing and validating stiction detection methods. Unlike synthetic

datasets, which are generated under controlled conditions, the ISDB represents

real-world variability and o"ers a more rigorous test of algorithm robustness and

industrial applicability.

Although the ISDB contains 93 loops, prior research has consistently focused on

a benchmark subset of 78 loops [104, 106, 108, 113, 133, 134], and the same

subset is adopted here to ensure comparability. Each loop in this subset provides

synchronized measurements of the OP and the PV. In this study, 58 loops are used

for training and model development, while the remaining 20 loops are reserved for

out-of-sample testing. The choice of these 20 loops is consistent with several prior

works [7, 25, 47–50, 55, 72, 111, 135], enabling meaningful performance comparison

with existing detection methods. The distribution of loops across industrial sectors

and their allocation to training and testing is summarized in Table 3.1.

As shown in Table 3.1, the benchmark subset contains 35 stiction-a"ected loops

(denoted as “1”) and 43 non-sticky loops (denoted as “0”), with most stiction cases

are from chemical (22) and pulp and paper (7) processes. In contrast, no stiction

is present in all three metal loops. This distribution reflects the presence of valve

nonlinearities in certain industries. As seen, the dataset has slightly more non-
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(a) (b)
Figure 3.1: Comparison of control loop behavior. (a): CHEM10 — stiction-
a"ected loop. (b): CHEM27 — healthy loop.

stiction cases, but it still o"ers a su!ciently large number of stiction-a"ected

loops for robust beachmarking. Also, the test dataset consists of both stiction

and non-stiction loops across multiple industrial process plants to better validate

the robustness of the proposed approach.

3.3 Methodology

3.3.1 Control Valve Stiction: Behavioral Basis for Classifi-

cation

Control valves often su"er from stiction due to static friction that prevents move-

ment of the valve stem. The OP and valve position (manipulated variable, MV)

generally follow an approximately linear relationship in the absence of stiction.

Due to the presence of stiction, the valve remains stationary or moves slowly until

OP exceeds a certain threshold, and then slips abruptly, which introduces sus-

tained oscillations. This stick–slip behavior negatively impacts the normal opera-

tion, and the induced oscillations may propagate to other interconnected variables

in a process plant.
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Figure 3.1 illustrates the behavior of a stiction-a"ected loop (CHEM 10) and a

healthy loop (CHEM 27) taken from ISDB dataset. It can be observed that for

CHEM 10, during the stick phase, the OP keeps varying while the PV remains

nearly constant, indicating that the valve is stagnant or changing slowly. Once the

OP exceeds the stiction threshold and overcomes the static friction, the valve shifts

abruptly, producing a rapid PV response. In contrast, a healthy loop (CHEM 27)

shows smooth co-variation between OP and PV, indicating the absence of stagna-

tion or slow varying regions. These behavioral di"erences underpin the detection

framework.

3.3.2 Proposed Detection Framework

Building on these behavioral characteristics, the proposed detection framework

consists of the following steps.

Step 1: Signal Preprocessing and Normalization: For each control loop in

the training and testing dataset, the time-series data is first preprocessed before

analysis. Each loop consist of the PV, OP, and the corresponding time vector

t. The objective of preprocessing is to eliminate o"sets and slow linear trends,

thereby isolating dynamic variations that are more indicative of stiction.

Let x(t) denote a generic signal (e.g., PV or OP). The procedure consists of two

steps:

• Mean Removal. The signal is centered by subtracting its temporal mean:

xcentered(t) = x(t)↓ µx (3.1)

where µx is the average value of x(t) over the entire time span.

• Linear Trend Removal. A best-fit straight line is estimated via least-

squares regression and subtracted from xcentered(t), giving the detrended sig-

nal xprocessed(t).
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The detrended signal is then normalized to the range [0, 1] using min–max scaling:

xnorm(t) =
xprocessed(t)↓min(xprocessed)

max(xprocessed)↓min(xprocessed)
(3.2)

The normalized controller output, OPnorm(t), and process variable, PVnorm(t),

are subsequently used in the heatmap-based analysis. In addition, the average

sampling interval is computed as:

!t =
1

N ↓ 1

N↑1∑

i=1

(ti+1 ↓ ti) (3.3)

where N is the total number of time points.

Step 2: Time-Shifted Heatmap Construction: Following normalization,

both the OPnorm(t) and PVnorm(t) undergo time-shifted analysis to construct two-

dimensional histograms, referred to as heatmaps. These heatmaps are designed to

emphasize regions of temporal stagnation, which are indicative of valve stiction.

To enhance the visibility of such behavior, each normalized signal xnorm(t) is repli-

cated across multiple forward and backward time shifts. Let ns denote the number

of shifts in each direction, and ςtshift represent the shift interval. The augmented

dataset is constructed as

Dx = {(t, xnorm(t))} ↗
ns⋃

s=1

{(t± s · ςtshift, xnorm(t))} (3.4)

In our implementation, the time-shift interval is defined as

ςtshift = ϱshift ·!t, with ns = 10,

where !t denotes the sampling interval, and ϱshift is a dimensionless scaling factor

controlling the temporal spacing between consecutive shifts. Unless otherwise

stated, ϱshift = 1 is used as the nominal setting, resulting in a total of 2ns+1 = 21

signal versions (the original plus ten forward and ten backward shifts). Sensitivity
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analyses were also performed for ϱshift ↘ {0.5, 1.0, 2.0} to examine the impact of

di"erent shift intervals, as described in Section 3.4.3.

The combined time–signal pairs from all shifts form the augmented dataset Dx,

containing M rows (i.e., time–value pairs). To convert this dataset into a heatmap,

we construct a two-dimensional histogram in which the horizontal axis represents

time and the vertical axis represents the normalized signal values. Both axes of

the histogram are uniformly partitioned into a specified number of bins, and each

bin corresponds to a rectangular region in the time–value plane. The heatmap

intensity is determined by counting how many augmented data points fall within

each bin, thereby capturing the overall density distribution of the shifted samples.

The number of histogram bins per axis, defined over the full ranges of time and

signal values, is adaptively selected as

Nbins = min
(
400,max

(
2,
⌊≃

M
 

(3.5)

Here, M denotes the total number of samples in the augmented dataset Dx, and

Nbins denotes the number of bins per axis.

The number of bins is selected using a data-adaptive square-root scaling rule

based on the total number of samples in the augmented dataset. This approach

is consistent with classical histogram binning heuristics introduced by Karl Pear-

son [136] and discussed in recent studies [137], and provides a practical balance

between resolution and statistical reliability. When the number of bins is too

low, it produces overly large bin areas that obscure structural patterns. Also,

choosing too many bins produces many nearly empty regions and reduces inter-

pretability. The adopted formulation mitigates these e"ects by scaling the bin

count with dataset size, thereby facilitating consistent and interpretable heatmap

representations across di"erent datasets.

The resulting heatmap Hx(i, j) encodes the counts of augmented time–value pairs

in each 2D bin, where i = 1, 2 . . . , Nbins indexes the bin location along the time axis,

and j = 1, 2 . . . , Nbins indexes the bin location along the normalized signal-value
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axis. Each entry Hx(i, j) therefore, represents the bin count, i.e., the total number

of data points that lie within that specific rectangular region of the time–value

plane. To ensure comparability between PV and OP heatmaps across datasets,

each heatmap is normalized by its mean bin count µHx :

H̃x(i, j) =
Hx(i, j)

µHx

, where µHx =
1

N2

bins

∑

i,j

Hx(i, j) (3.6)

The normalized heatmaps, H̃PV and H̃OP, highlight regions in time and signal

value that have high point density, corresponding to low-variation, slow-dynamic

behavior in the PV and OP signals.

Step 3: Merging Heatmap Values into a Time-Series Trace: Once the

heatmaps H̃PV and H̃OP are constructed, each heatmap is projected back onto

the original signal timeline to quantify how strongly each time point reflects slow-

varying (i.e., potentially stuck) behavior.

We define a merged heat trace hx(t) for each signal (PV and OP), which maps each

original time index ti to a scalar value derived from the corresponding heatmap.

This value indicates how consistently the point xnorm(ti) resides in a high-density

region across nearby time shifts.

The heatmap H̃x(i, j) is defined over a 2D grid of bins, with the horizontal axis

representing time and the vertical axis representing signal values. We define two

bin-mapping functions:

• bt(·): maps a timestamp to its corresponding bin index along the time axis,

• bx(·): maps a normalized signal value to its corresponding bin index along

the signal axis.

Using these mappings, the merged heat value at each time ti is computed as:

hx(ti) =
ns∑

s=↑ns

H̃x

(
bt
(
ti + s · ςtshift


, bx

(
xnorm(ti)


(3.7)

where:
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(a) Original + shifted signals. (b) 2D histogram.

(c) 2D histogram (normalized, H̃), with
mean bin count µHx = 1.3333. (d) Merged heat trace.

Figure 3.2: Computation of the merged heat trace hx(t). (a) Original signal with
forward and backward shifts by !t = 1 s; dashed lines indicate bin edges. (b)
2D histogram (c) 2D histogram of normalized counts H̃. (d) Merged heat trace
hx(t) obtained by summing the contributions from backward shift, original, and
forward shift.

• ςtshift = ϱshift !t is the time–shift interval used in Step 2,

• s ↘ [↓ns, ns] spans the same range of shifts used in Step 2,

• Values that map to bin indices outside the heatmap boundaries are ignored

(treated as zero).

This process yields two time-series traces, hPV(t) and hOP(t), each aligned with

the original signal timeline. These traces quantify the temporal persistence of

low-variation behavior and help isolate candidate regions of valve stiction.

Figure 3.2 illustrates Steps 2 and 3. For each time point shown in Figure 3.2a,
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the original signal and its forward and backward shifts are mapped onto a 2D

histogram (Figure 3.2c), where each bin represents a normalized count H̃. The

merged heat trace hx(t) (Figure 3.2d) is obtained by summing the normalized

heatmap contributions associated with the backward-shifted, original, and forward-

shifted signal locations for each time instant. The annotations above each stem

in the merged heat trace indicate the contributions from the backward-shifted,

original, and forward-shifted signals, as well as their total sum.

Step 4: Mode-Based Scaling and Stiction Filtering: After generating the

merged heat traces hPV(t) and hOP(t), we perform a filtering procedure to enhance

segments where valve stiction is most prominent. This step includes identifying

the most frequent value (mode), applying normalization, and masking out non-

relevant regions.

For each trace, the most frequently occurring (mode) value is determined:

ĥPV = mode (hPV(t)) , ĥOP = mode (hOP(t))

These mode values represent baseline heat levels across time and are used to

normalize the traces.

Each heat trace is then scaled by its respective mode to highlight regions of un-

usually high intensity:

h̃PV(t) =
hPV(t)

ĥPV

, h̃OP(t) =
hOP(t)

ĥOP

(3.8)

To isolate behavior consistent with valve stiction, a masking operation is applied.

At each time point ti, if the normalized OP trace is greater than or equal to the

normalized PV trace, both values are set to zero:

h̃PV(ti) = h̃OP(ti) = 0, if h̃OP(ti) ↑ h̃PV(ti).

This masking step preserves only those time points where the PV trace exhibits
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more persistent (slow-varying) behavior than the OP trace, which is indicative of

the “stick” phase in stick–slip dynamics. The filtered signals h̃PV(t) and h̃OP(t)

are then carried forward for subsequent cycle-based ratio analysis.

Step 5: Cycle-Based Ratio Analysis: To quantify the relative dominance of

persistent stagnation in the PV compared to the OP, a ratio analysis is performed.

If the oscillation period Tc is unknown, the filtered heat traces h̃PV(t) and h̃OP(t)

from Step 4 can be directly used to compute a single overall ratio, which corre-

sponds to µR in the following formulation. In this study, the oscillation period

Tc of the signal was available, allowing for a cycle-wise analysis to improve the

robustness of stiction detection. As detailed in Chapter 2, the oscillation period

was estimated using the proposed frequency-domain approach, and this informa-

tion is now utilized in the present chapter for further analysis. The filtered signals

h̃PV(t) and h̃OP(t) are divided into periodic segments, each corresponding to one

oscillation cycle, and the ratio of h̃PV to h̃OP is computed within each cycle.

The time vector t is partitioned into non-overlapping segments of length Tc, rep-

resenting the estimated oscillation period of the signal. In this study, Tc was

obtained from previously reported values [138] and verified through visual inspec-

tion of the signal cycles. Let t0 and tN denote the start and end times of the

signal, respectively. The ith cycle is defined as

Cycle
i
= [ t0 + (i↓ 1)Tc, t0 + iTc ), i = 1, 2, . . . , n, (3.9)

where

n =


tN ↓ t0

Tc



Within each cycle, the total merged heat contributions from the filtered heat traces

h̃PV(t) and h̃OP(t) are computed:

PVsum
i

=
∑

tj↓Cyclei

h̃PV(tj), OPsum
i

=
∑

tj↓Cyclei

h̃OP(tj) (3.10)
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The cycle-wise ratio is then defined as:

Ratioi =






PVsum
i

OPsum
i

, if OPsum
i

> 0,

NaN, otherwise.

Let

R = {Ratioi | Ratioi ⇐= NaN}

be the set of valid ratios. From this set, the following metrics are computed:

µR = mean(R),

φR = std(R),

|R| = number of valid cycles,

pR =
|R|
n

→ 100% (percentage of valid cycles).

These metrics provide a comprehensive characterization of stick–slip behavior.

Here, µR and φR quantify the average and variability of the PV/OP heat ratios

across valid cycles, providing insight into the typical dominance of persistent PV

stagnation relative to OP and the consistency of such behavior. The number of

valid cycles |R| and the corresponding percentage pR indicate the fraction of oscil-

lation cycles that meaningfully contribute to the analysis. A high or low average

ratio observed over only a small fraction of cycles (i.e., low pR) may not provide

su!cient evidence to reliably confirm or rule out the presence of stiction, whereas

a consistently high ratio across a large proportion of cycles strongly indicates

stick–slip dynamics.

Note: If the oscillation period Tc is unknown, the cycle-based computation de-

scribed above cannot be applied. In that case, the ratio reduces to a single global
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measure computed directly from the filtered heat traces:

µR =

∑

t

h̃PV(t)

∑

t

h̃OP(t)
(3.11)

Step 6: Threshold Selection and Loop Classification The loop-level mean

ratio µR is computed for each loop, and a loop is classified as Sticky if its mean

ratio exceeds a threshold ε→. This step is common to both approaches: whether

a single overall ratio is computed directly from the filtered heat traces (Step 4)

or cycle-wise ratios are used (Step 5), the thresholding procedure remains the

same. The threshold selection and evaluation are performed in two phases: a

training phase to determine ε→ and assess discriminative ability, and a test phase

to evaluate generalization.

Training phase. Let {µ(k)

R
, y(k)}Ktrain

k=1
denote the training set, where µ(k)

R
is the

loop-level mean ratio for the k-th loop and y(k) ↘ {0, 1} is its binary label (y = 1

for Sticky, y = 0 for Non-Sticky).

To determine the optimal threshold, a ROC curve is constructed by evaluating

the true positive rate (TPR) and false positive rate (FPR) across the range of

observed ratios:

TPR =
TP

TP + FN
, FPR =

FP

FP + TN

where TP, TN, FP, FN are the entries of the confusion matrix defined as:

• True Positives (TP): sticky loops correctly classified as sticky,

• True Negatives (TN): non-sticky loops correctly classified as non-sticky,

• False Positives (FP): non-sticky loops incorrectly classified as sticky,

• False Negatives (FN): sticky loops incorrectly classified as non-sticky.
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The area under the ROC curve (AUC) provides a threshold-independent measure

of discriminative performance.

The threshold ε→ is then selected by maximizing the F1 score, which balances

precision and recall:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
,

and the F1 score is

F1 = 2
Precision · Recall
Precision + Recall

(3.12)

The optimal threshold is computed numerically by evaluating candidate thresholds

in the range of observed ratios:

ε→ = argmax
ωmin↔ω↔ωmax

F1


y, µR ↑ ε


(3.13)

To assess robustness, a K-fold cross-validation (K = 5) is performed on the train-

ing set. For each fold, the ROC curve is computed on the held-out subset, and

the mean and standard deviation of the cross-validated AUC provide an estimate

of variability in discriminative performance.

Test phase. The threshold ε→ determined from the training set is applied to the

independent test set {µ(k)

R
, y(k)}Ktest

k=1
to obtain binary predictions. The confusion

matrix is constructed from these predictions, and performance metrics (accuracy,

precision, recall, F1 score) are reported. Bootstrap resampling (e.g., 1000 itera-

tions) is used to compute 95% confidence intervals for accuracy.

Figure 3.3 shows the overall workflow of the proposed stiction detection method-

ology, comprising six steps: preprocessing, heatmap construction, merging into

traces, mode-based filtering, cycle-based PV/OP heat ratio analysis, and threshold-

based classification.

Note: In addition to the above training–test evaluation, further validation was con-

ducted to assess the robustness of the proposed method and to mitigate potential

bias arising from a fixed dataset split. Specifically, K-fold cross-validation (K =

TH-4014_196107101



3.4 Results and Discussion 87

Figure 3.3: Heatmap-based workflow for valve stiction detection. Steps 1–6 show
preprocessing, heatmap construction, merging, mode-based filtering, cycle-based
ratio analysis, and threshold-based classification.

5) was performed on the entire dataset (78 loops), along with repeated stratified

hold-out validation and nested cross-validation, as described in Section 3.5.

3.4 Results and Discussion

3.4.1 Illustrative Example

To illustrate the proposed methodology, two control loops, CHEM 10 and CHEM 27,

were selected from the ISDB dataset [7]. Both the PV and OP signals were ana-

lyzed, with corresponding plots shown in Figure 3.1.

For each loop, the first step involves preprocessing the PV and OP time-series

signals to remove o"sets and slow trends. After detrending, signals were normal-

ized to the range [0, 1], allowing for direct comparison across loops. The aver-

age sampling interval !t computed for CHEM 10 and CHEM 27 are 30 s and

11.3161 s, respectively. Following preprocessing, the normalized signals OPnorm(t)

and PVnorm(t) were subjected to the time-shifting procedure described in Step

2 of Section 3.3.2 to construct heatmaps and highlight stagnant or slow varying

regions in the signals. For each dataset, the signals were replicated across ns = 10
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forward and backward shifts, with the shift interval defined as ςtshift = ϱshift ·!t,

yielding a total of 2ns + 1 = 21 signal versions, including the original.

(a) CHEM 10

(b) CHEM 27

Figure 3.4: Time-shifted normalized signals: (a) CHEM 10 and (b) CHEM 27.

The resulting shifted signals for CHEM 10 and CHEM 27 are shown in Fig. 3.4a

and Fig. 3.4b, respectively. For CHEM 10, the OP signal shows a nearly triangular

waveform, while the corresponding PV response appears lagged and distorted. In

the zoomed view, the PV remains nearly flat despite variations in the OP signal,

which is a characteristic signature of valve stiction. The clustering of the shifted

trajectories around the original PV signal highlights extended stagnation intervals.

In contrast, CHEM 27 shows some clustering of the shifted trajectories in both

OP and PV signals, which arises primarily due to measurement noise rather than

extended stagnation. Unlike CHEM 10, the PV trajectory for CHEM 27 does

not exhibit pronounced flat regions, suggesting the absence of a stiction e"ect.
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These qualitative observations provide an initial indication of di"erences in valve

behavior across the two datasets, which are further examined through the heatmap

analysis.

The augmented time–signal pairs formed the datasets DOP and DPV, which were

used to construct the normalized heatmaps H̃OP and H̃PV. For CHEM 10, the

resulting number of histogram bins along each axis was Nbins = 145, whereas for

CHEM 27, Nbins = 167. Within each loop, the PV and OP heatmaps used the

same Nbins, but the number di"ers across loops due to the di"erent lengths of

the signals. The heatmaps shown in Figs. 3.5a and 3.5b highlight low-variation

regions in the PV and OP signals. For CHEM 10, the OP signal shows relatively

uniform heat across time with small clusters appearing near the peaks and troughs,

whereas the PV signal shows extended stagnation at these same regions, indicating

periods of minimal variation. In contrast, CHEM 27 displays similar heat patterns

for both OP and PV signals, with clustering occurring at similar time intervals

for both signals and no significant stagnation, suggesting more dynamic behavior

and the absence of pronounced stiction e"ects.

Each normalized heatmap, H̃PV and H̃OP, was subsequently projected back onto

the original signal timeline to compute a merged heat trace, hx(t), for each signal,

as described in Step 3 of Section 3.3.2. At each time point ti, contributions from

all nearby time-shifted bins were summed, yielding a scalar value that reflects the

persistence of low-variation behavior. This procedure produced two merged heat

traces, hPV(t) and hOP(t), aligned with the original time axis.

Following the computation of the merged heat traces, each trace was scaled by

its most frequently occurring value (mode) to highlight regions of unusually high

persistence. For CHEM 10, the mode value was ĥPV = ĥOP = 135.16, while for

CHEM 27, the mode value was ĥPV = ĥOP = 152.43. A masking operation was

then applied: at any time point where the normalized OP trace satisfied h̃OP(ti) ↑

h̃PV(ti), both values were set to zero. This procedure e"ectively preserves only the

segments where the PV signal exhibits dominant stagnation, indicative of potential
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(a) CHEM 10

(b) CHEM 27

Figure 3.5: Normalized heatmaps H̃x highlighting low-variation regions in PV and
OP signals for (a) CHEM 10 and (b) CHEM 27.

valve stiction.

The resulting filtered traces for CHEM 10 and CHEM 27 are shown in Fig. 3.6.

In Fig. 3.6(a), corresponding to CHEM 10, the filtered trace h̃PV exhibits distinct

segments with high heat values, indicating extended stagnation intervals, while

the filtered trace h̃OP remains lower or nearly constant during these periods. In

contrast, Fig. 3.6(b), corresponding to CHEM 27, shows h̃PV and h̃OP displaying

intermittent, irregular spikes at various time points, reflecting dynamic behavior

and the absence of significant valve stiction. These observations demonstrate that

the mode-based scaling and masking procedure e"ectively isolates intervals of valve

stiction and enables quantitative comparison across di"erent control loops.

Following the generation of the filtered heat traces h̃PV(t) and h̃OP(t), a cycle-
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(a) CHEM 10: Filtered heat traces h̃OP(t) and h̃PV(t), with regions
where h̃OP(ti) ↑ h̃PV(ti) removed.

(b) CHEM 27: Filtered heat traces h̃OP(t) and h̃PV(t), with regions
where h̃OP(ti) ↑ h̃PV(ti) removed.

Figure 3.6: Filtered heat traces for CHEM 10 and CHEM 27, showing only regions
where PV exhibits dominant stagnation.

wise ratio analysis was conducted to quantify the relative dominance of persistent

stagnation in PV compared to OP. The filtered signals were segmented into cycles

of length Tc, corresponding to the dominant oscillation period of each loop. Values

of Tc were adopted from previously published analyses of the same industrial

dataset [138], which reported the characteristic oscillation period for all 78 loops.

For instance, Tc = 4166.67 s for CHEM 10 and Tc = 1666.67 s for CHEM 27.

Within each cycle i, the total contributions PVsum
i

and OPsum
i

were computed, and

the cycle-wise ratio Ratioi was obtained as described in Step 5 of Section 3.3.2.

Only cycles with OPsum
i

> 0 were considered valid, forming the set R. From this

set, the mean µR, standard deviation φR, number of valid cycles |R|, and valid
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Table 3.2: Cycle-based PV/OP heat ratios for CHEM 10 and CHEM 27
Dataset Mean Ratio µR Std. Dev. φR Valid Cycles |R| Valid Cycle % pR
CHEM 10 2.37 0.21 8 100%
CHEM 27 1.60 0.11 9 90%

cycle percentage pR were computed to quantify the prevalence and consistency of

slow-varying behavior in PV relative to OP.

The results for CHEM 10 and CHEM 27, summarized in Table 3.2, indicate the

relative dominance of PV over OP across valid cycles. In the illustrative example,

CHEM 10, corresponding to a sticky loop, shows a higher mean PV/OP heat

ratio (µR = 2.37), reflecting extended stagnation intervals in the PV signal. In

contrast, CHEM 27, representing a non-sticky loop, exhibits a lower mean ratio

(µR = 1.60) and predominantly dynamic behavior with only short or irregular

stagnation segments. These examples demonstrate that the cycle-wise PV/OP

heat ratios e"ectively capture valve stiction and provide a quantitative feature for

determining the optimal threshold for loop classification in the full dataset.

This illustrative analysis of CHEM 10 and CHEM 27 demonstrates the workflow of

the proposed methodology, encompassing time-shifting and merging of heat traces,

mode-based scaling and masking, and cycle-wise ratio analysis. While these ex-

amples allow qualitative and cycle-level quantitative evaluation, threshold-based

classification (Step 6) is not applied here, as it requires the complete dataset to

determine a robust threshold ε→ and assess performance statistically. The next sec-

tion extends the methodology to the full dataset, applying Step 6 for comprehen-

sive loop-level classification and benchmarking of the proposed stiction detection

framework.

3.4.2 Performance Analysis on Industrial Benchmark Data

Building on the illustrative examples of CHEM 10 and CHEM 27, the analysis

was extended to a comprehensive set of 78 industrial loop datasets [7]. For each

loop, cycle-wise PV/OP heat ratio metrics were computed and summarized by

the mean ratio (µR). Binary stiction labels (0: non-sticky, 1: sticky) were taken
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Table 3.3: Confusion matrix for the training set (58 loops).
Pred 0 Pred 1

True 0 29 7
True 1 6 16

Table 3.4: Confusion matrix for the test set (20 loops).
Pred 0 Pred 1

True 0 5 2
True 1 0 13

directly from the literature [7]. From this pool, 58 loops were used for classifier

training, while the remaining 20 were reserved for independent testing.

Training Phase The training set consists of 36 non-sticky loops (62.1%) and

22 sticky loops (37.9%). Mean ratios µR were computed for each training loop,

and the optimal threshold for classifying a loop as sticky was determined via ROC

analysis. The resulting threshold was ε→ = 1.692, with AUC of 0.683, indicating

moderate separability. Five-fold cross-validation gives a mean accuracy of 0.776±

0.096, suggesting robustness of the chosen feature across subsets of the training

data. The resulting confusion matrix for the full training set is shown in Table 3.3.

The classifier correctly identified 29 of 36 non-sticky loops (80.6%) and 16 of 22

sticky loops (72.7%). These results indicate that the obtained threshold ε→ = 1.692

achieves a good balance between precision and recall, even though a few sticky

loops were misclassified as non-sticky. Overall, the training results demonstrate

that the proposed ratio feature provides meaningful discrimination between the

two loop classes.

Test Phase The independent test set consisted of 20 loops, including 7 non-

sticky loops (35%) and 13 sticky loops (65%). The loop-level mean ratio threshold

ε→ determined from the training phase was applied to classify the test loops. The

resulting confusion matrix is shown in Table 3.4.

From the confusion matrix, the classifier achieved perfect recall, correctly identi-

fying all sticky loops, while also classifying 5 of 7 non-sticky loops correctly. The

overall test performance metrics are summarized in Table 3.5.
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Table 3.5: Performance metrics on the test set (20 loops).
Metric Value 95% CI
Accuracy 0.900 [0.750, 1.000]
Precision 0.867 –
Recall 1.000 –
F1-Score 0.929 –

These results indicate that the threshold derived from the training set general-

izes well to unseen loops, providing reliable identification of sticky loops while

maintaining acceptable classification of non-sticky loops. These results reflect

classifier performance using the training-derived threshold ε→ = 1.692 with time-

shift parameters ns = 10 and ϱshift = 1. The e"ect of varying these parameters on

performance and computational e!ciency is analyzed in the subsequent sensitivity

study (Section 3.4.3).

3.4.3 Sensitivity Analysis of Heatmap Parameters and Com-

putational Cost

(a) Sensitivity to bin selection Nbins:

To evaluate the robustness of the bin-selection strategy, the upper bound of Nbins

was varied over a wide range (200–2500), and the resulting PV/OP heat ratio was

computed across multiple datasets, as summarized in Table 3.6. In this analysis,

the time-shift parameters were fixed at ns = 10 and ϱshift = 2.

The results indicate that the computed feature values exhibit only minor variation

despite substantial changes in the number of bins. For instance, in the CHEM4

dataset, the heat ratio remains unchanged across all tested configurations. For

CHEM29 and BAS1, moderate variations are observed; however, no consistent

trend is present as the number of bins increases. This suggests that the extracted

heatmap-based features are not highly sensitive to the exact bin resolution.

To further examine the impact of binning strategy, an alternative approach based

on Scott’s rule [137, 139] was applied to the same augmented datasets, as shown

in Table 3.7. This method produces significantly di"erent and axis-dependent
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Table 3.6: Sensitivity of PV/OP heat ratio to the upper bound of Nbins across
datasets.

Dataset Length (N) M
≃
M µR obtained by varying Bins (Upper limit)

200 400 500 1000 2500

CHEM 4 200 4,200 64.8 1.532 1.532 1.532 1.532 1.532
CHEM 29 7,201 151,221 389.0 2.06 1.93 1.93 1.93 1.93

BAS 1 277,115 5,819,415 2412 1.67 1.43 1.57 1.49 1.73

Table 3.7: Comparison of binning strategies: proposed method versus Scott’s rule.

Dataset Proposed Method (Bins) µR Scott’s Bins (X-axis → Y-axis) µR

CHEM 4 65 → 65 1.532 19 → 20–21 1.60
CHEM 29 389 → 389 1.93 53 → 83–112 1.84

BAS 1 400 → 400 (capped) 1.43 178 → 154–576 1.65

bin configurations compared to the proposed approach. However, despite these

di"erences, the resulting heat ratios remain comparable across datasets, with only

small deviations observed.

These findings indicate that the proposed method is robust to variations in both

the number of bins and the binning strategy. Consequently, the square-root-

based adaptive bin selection provides a stable and reliable representation without

requiring fine-tuning across di"erent datasets.

(b) Sensitivity to time-shift parameters ns and ϱshift:

To systematically assess the influence of time-shifted heatmap parameters on both

classification performance and computational e!ciency, a sensitivity analysis was

conducted by varying the number of shifts ns and the shift scaling factor ϱshift.

Table 3.8: Sensitivity analysis of stiction detection with respect to number of shifts
ns, shift scaling factor ϱshift, and computation time.

ns ϱshift ε→ Training AUC Training F1 Test Accuracy Computation Time (s)

0.5 1.794 0.742 0.692 0.850 29.273
5 1.0 1.705 0.857 0.769 0.850 28.511

2.0 1.692 0.746 0.692 0.900 29.248
0.5 1.694 0.793 0.750 0.800 53.012

10 1.0 1.692 0.683 0.711 0.900 51.150
2.0 1.740 0.684 0.696 0.950 52.584
0.5 1.656 0.701 0.667 0.750 75.644

15 1.0 1.709 0.717 0.739 0.900 80.167
2.0 1.748 0.681 0.651 0.950 75.391
0.5 1.663 0.705 0.735 0.850 102.718

20 1.0 1.707 0.702 0.720 0.950 100.726
2.0 1.772 0.684 0.682 0.900 101.671
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The parameter combinations considered were:

ns ↘ {5, 10, 15, 20}, ϱshift ↘ {0.5, 1, 2}.

For each combination, the following procedure was employed. First, the PVnorm(t)

and OPnorm(t) signals from the 58 training loops were augmented according to

the selected ns and ϱshift, and the corresponding heatmaps H̃PV and H̃OP were

generated. The threshold-based classifier was then trained on the mean ratio (µR)

obtained from these heatmaps to determine the optimal threshold ε→ for stiction

detection. Finally, the derived threshold was applied to the independent 20-loop

test set to compute classification performance metrics, including F1 score and

accuracy.

This analysis provides a comprehensive view of how variations in ns and ϱshift af-

fect both feature extraction and classifier performance. This allows identification

of parameter ranges where the proposed method is robust and computationally

e!cient. Here, computation time is also reported and is the total runtime (in

seconds) required to process all 78 industrial loop datasets, including the genera-

tion of heatmaps, computation of the heat ratio metrics µR, training the 58-loop

dataset, and application of the threshold-based classifier to the 20-loop test set.

This total runtime represents the end-to-end computational cost of the proposed

method for the complete dataset.

Table 3.8 presents the sensitivity analysis showing the influence of ns and ϱshift on

both classification performance and computational e!ciency. For higher values of

ϱshift (e.g., ϱshift = 1 and 2), an increase in ns generally improves the test accuracy,

whereas beyond ns = 10, no additional gain in accuracy is observed. However,

for lower ϱshift (e.g., ϱshift = 0.5), the accuracy does not improve with ns, and in

some cases the performance slightly decreases when ns is increased up to 20. This

suggests that longer time shifts improve separability between sticky and non-sticky

loops. The highest accuracy of 95% for the lowest computational time is achieved

for a combination of ns = 10 and ϱshift = 2. This indicates that a moderate number
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of shifts is su!cient to capture the relevant dynamic patterns for stiction detection

with low computational cost. In addition, small variations in training AUC and

F1 scores across heatmap parameter settings indicate consistent performance on

the training data, while test accuracy improves for certain configurations. This

demonstrates e"ective generalization of the learned threshold. Computationally,

total processing time increases with ns, from approximately 29 s for ns = 5 to

102 s for ns = 20, reflecting the additional computation required for generating

and processing a larger number of shifted signals. Overall, the proposed method

generalize well for a wide range of ns and ϱshift values, with the configuration

ns = 10 and ϱshift = 2 providing an optimal balance between high accuracy and

moderate computational cost, o"ering practical guidance for parameter selection

in real-world industrial loop monitoring.

Table 3.9: Summary of all 78 datasets used in this study: training set (58 datasets)
and testing set (20 datasets). The optimal classification threshold is ε→ = 1.740.
Cells highlighted in blue indicate datasets where µR ↑ ε→, while cells highlighted
in red indicate cases where the predicted label does not match the true label.

Training Set (58 datasets)
Loop µR True / Predicted Loop µR True / Predicted Loop µR True / Predicted
BAS 1 1.429 0/0 CHEM 28 2.467 1/1 CHEM 59 1.605 0/0
BAS 2 27.691 0/1 CHEM 30 1.74 1/1 CHEM 61 1.724 0/0
BAS 6 1.511 1/0 CHEM 33 1.617 0/0 CHEM 62 1.673 0/0
BAS 7 2.391 1/1 CHEM 34 2.791 0/1 MET 1 1.469 0/0
BAS 8 3.552 0/1 CHEM 35 1.511 1/0 MET 2 1.614 0/0
CHEM 4 1.532 0/0 CHEM 36 1.517 0/0 MET 3 1.557 0/0
CHEM 5 2.181 1/1 CHEM 37 1.587 0/0 POW 1 1.536 1/0
CHEM 7 5.029 1/1 CHEM 38 2.018 0/1 POW 2 1.522 1/0
CHEM 8 6.209 1/1 CHEM 39 1.641 0/0 POW 3 1.651 0/0
CHEM 9 2.586 1/1 CHEM 40 1.529 0/0 POW 4 1.592 0/0
CHEM 15 1.61 0/0 CHEM 44 2.682 0/1 POW 5 2.048 1/1
CHEM 17 1.533 0/0 CHEM 45 1.517 0/0 PAP 1 1.778 1/1
CHEM 18 1.792 1/1 CHEM 46 1.678 0/0 PAP 3 1.701 1/0
CHEM 19 2.344 1/1 CHEM 47 1.794 0/1 PAP 6 3.501 0/1
CHEM 20 1.8 1/1 CHEM 48 1.584 0/0 PAP 8 1.515 0/0
CHEM 21 1.775 0/1 CHEM 52 1.513 0/0 PAP 11 1.909 1/1
CHEM 22 5.096 1/1 CHEM 53 1.56 0/0 PAP 12 1.828 1/1
CHEM 25 1.998 1/1 CHEM 54 1.615 0/0 PAP 13 1.325 1/0
CHEM 26 1.634 0/0 CHEM 56 1.659 0/0
CHEM 27 1.625 0/0 CHEM 58 1.739 0/0

Testing Set (20 datasets, True/Predicted)
Loop µR True / Predicted Loop µR True / Predicted Loop µR True / Predicted
CHEM 1 2.166 1/1 CHEM 13 1.542 0/0 PAP 2 1.950 1/1
CHEM 2 3.162 1/1 CHEM 14 1.668 0/0 PAP 4 1.496 0/0
CHEM 3 1.432 0/0 CHEM 16 2.171 0/1 PAP 5 2.203 1/1
CHEM 6 3.002 1/1 CHEM 23 1.995 1/1 PAP 7 1.45 0/0
CHEM 10 2.703 1/1 CHEM 24 3.209 1/1 PAP 9 1.632 0/0
CHEM 11 1.824 1/1 CHEM 29 1.930 1/1 MIN 1 2.129 1/1
CHEM 12 2.001 1/1 CHEM 32 2.227 1/1

Table 3.9 presents the full set of 78 industrial loop datasets used in this study,

including the 58 training loops and 20 testing loops. For each loop, the mean
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PV/OP heat ratio (µR) is reported, along with the true stiction label (0: non-

sticky, 1: sticky) and, for the test set, the predicted label obtained using the

proposed method under the optimal configuration (ns = 10, ϱshift = 2). For the

training dataset, the method correctly classified 44 out of 58 loops, and a single

misclassification was observed for CHEM 16 for the test dataset. Overall, the

table provides a clear summary of the method’s performance on both training and

test datasets under the optimal heatmap parameters.

In addition, the mean heat ratio values (µR) for sticky and non-sticky loops are of-

ten numerically close near the decision boundary defined by the optimal threshold

ε→ as seen in Table 3.9. This behavior is expected since µR is a normalized feature

derived from dynamic interactions between the PV and OP, and even small varia-

tions in this ratio can correspond to meaningful di"erences in loop behavior. The

threshold-based classifier distinguishes loops based on the statistical separability

of their µR distributions across the training dataset instead of relying on large

magnitude gaps between the two classes. In conclusion, although the µR values

for the two classes may appear close, they capture distinct dynamic characteris-

tics in the signals, and the ROC-optimized threshold ε→ e"ectively delineates these

subtle but systematic di"erences.

3.4.4 Comparison with Literature

To assess the performance of the proposed method, it was compared with sev-

eral established approaches reported in the literature. Table 3.10 summarizes the

number of correctly classified loops out of the 20 widely used benchmark loops for

each method, with results for competing methods taken directly from the respec-

tive original studies.

From the sensitivity analysis, the optimal configuration of ns = 10, ϱshift = 2,

with the ROC-optimized threshold ε→ = 1.740 was obtained for the test dataset of

20 loops. The proposed method correctly classified 19 loops, achieving 95% accu-

racy as shown in Table 3.10, and outperforms the statistical test-based approach

TH-4014_196107101



3.4 Results and Discussion 99

Table 3.10: Comparison of stiction detection performance on the 20-loop bench-
mark dataset.

Method Correct Diagnosis (out of 20) Accuracy (%)
BSD [111] 17 85
KMW [72] 16 80
CNN-PCA [108] 16 80
BIC [140] 16 80
SDN [106] 15 75
HAMM2 [7] 14 70
HAMM3 [7] 15 75
CORR [50] 13 65
HIST [49] 13 65
RELAY [135] 13 65
ZONE [55] 13 65
CURVE [47] 12 60
SLOPE [55] 12 60
NLPCA-AC [104] 11 55
AREA [48] 10 50
Practical Linear Regression [73] 17 85
RPs-FI [113] 15 75
MD1 (Statistical Test) [130] 14 70
MD2 (Statistical Test) [130] 18 90
MD3 (Statistical Test) [130] 17 85
MD4 (Statistical Test) [130] 17 85
Proposed Method 19 95

(MD2), which showed the highest accuracy of 85% among the available literature

techniques. Other advanced methods, such as BSD, CNN-PCA, and regression-

based approach, achieved 16–17 correct detections (80–85%), while classical ap-

proaches such as AREA and NLPCA-AC generally gives accuracies below 60%.

Overall, the proposed method, based on the PV/OP heat ratio and a straight-

forward thresholding procedure, demonstrates high accuracy while maintaining

simplicity and interpretability, making it suitable for real-time industrial deploy-

ment, o"ering a reliable yet operationally clear solution for stiction detection.

To further compare performance, the overall classification of 58 training loops,

including 20 test loops, based on the optimal threshold ε→ is presented in Table 3.11

along with previously reported methods. It should be noted that for the proposed

method, this evaluation includes the loops used to determine the threshold; hence,

the reported accuracy of 80.8% shows the overall performance of the method

rather than a strictly independent validation. Nevertheless, on the full 78-loop

dataset, the proposed method correctly detects 63 out of 78 loops, outperforming
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Table 3.11: Comparison of stiction detection methods tested on the full 78-loop
dataset.

Method Correct Predictions Accuracy (%)
HAMM3 [7] 45 57.7
GLCM-NN [134] 49 62.8
BIC [140] 50 64.1
LBP-NN [134] 53 67.9
NLPCA-AC [104] 54 69.2
CNN-PCA [108] 55 70.5
RPs-FI [113] 60 76.9
SDN [106] 61 78.2
Proposed Method 63 80.8

prior neural network-based approaches. This overall evaluation indicates that the

method generalizes well across the complete set of industrial loops, providing a

lightweight and practical approach suitable for real-world deployment.

3.5 Robustness and Generalization Validation

While the above results demonstrate strong performance on both the benchmark

20-loop test set and the full 78-loop dataset, additional validation was conducted

to assess robustness and to mitigate potential bias arising from a fixed dataset

split.

Specifically, K-fold cross-validation (K = 5), repeated stratified hold-out valida-

tion, and nested cross-validation were performed on the entire dataset. In all cases,

the threshold ε→ was determined exclusively from the corresponding training sub-

set using the F1-score maximization criterion (Eq. 3.13), ensuring no information

leakage from evaluation data. The optimal configuration of ns = 10, ϱshift = 2

were kept fixed, as determined from the sensitivity analysis.

The results of these validation strategies yielded average accuracies of 78.1% ±

11.3% for K-fold cross-validation, 79.2% ± 7.1% for repeated validation, and 80.9%

± 10.6% for nested cross-validation. These results demonstrate consistent per-

formance across di"erent data partitions, indicating that the proposed method

maintains robust generalization capability and is not overly dependent on a spe-

cific train–test split.
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These results also indicate that the high accuracy observed on the fixed 20-loop

test set is likely influenced by the specific dataset split, and the cross-validation

results provide a more reliable estimate of expected real-world performance.

3.6 Summary

This study presents a simple data-driven and computationally e!cient method for

detecting stiction in industrial control loops. The proposed approach generates

heatmaps from multiple time-shifted versions of the normalized time series signal.

These generated heatmaps are used to highlight the slow-varying regions, and then

cycle-wise PV/OP heat ratios are computed. The average of these heat ratios is

then used as a feature for threshold-based classification. The optimal threshold

was obtained using ROC analysis, and the proposed method was tested on a set

of 20 industrial loops. For optimal heatmap parameters of ns = 10 and ϱshift = 2,

the method correctly classified 19 out of 20 test loops, achieving a high accuracy

of 95%. Additional validation using cross-validation strategies yields consistent

performance in the range of 78–81%, confirming the robustness and generalization

capability of the proposed approach. Sensitivity analysis showed that moderate

numbers of shifts are su!cient to reveal the slow dynamics and are computa-

tionally e!cient. Overall, the proposed method generalizes well across a wide

range of industrial loops and o"ers a good balance between accuracy, simplicity,

and computational e!ciency, making it suitable for near real-time monitoring and

diagnosis of control loop stiction in industrial settings.

To further improve the proposed method, practitioners could apply denoising or

signal preprocessing techniques in case of loops with high noise levels. Currently,

the proposed approach uses only the mean PV/OP heat ratios from the heatmaps,

whereas the heatmaps themselves could be used for advanced analytics, such as

image-based or deep learning approaches, enabling real-time, continuous moni-

toring in evolving industrial environments, and enhancing their applicability in
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large-scale process control systems.
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Chapter 4

Root Cause Detection in

Multivariable Control Networks

4.1 Introduction

Faults in control loops are a major industrial problem. Industrial plants are gen-

erally multivariate processes with many feedback control loops aimed at enhanc-

ing product quality and maximizing plant e!ciency. Over time, plant perfor-

mance deteriorates due to various factors such as changes in plant dynamics with

time, poor controller tuning, stiction in control valves, etc., which would intro-

duce oscillatory or non-oscillatory disturbances into the process. These distur-

bances (oscillatory/non-oscillatory) in one control-loop may propagate to other

control loops and variables, thereby negatively impacting plant’s overall perfor-

mance [4, 31]. This may lead to sub-optimal plant operation, increased energy

consumption, poor product quality etc. Hence, to maintain the plant’s profitabil-

ity, faults must be detected, diagnosed, and removed at the earliest. One of the

main objectives of fault diagnosis in control loops is to identify and quantify the

root causes of the detected faults.

RCA methods are generally classified into knowledge-based and data-driven ap-

proaches. Knowledge-based methods rely on qualitative reasoning to define causal
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relationships between di"erent units and subsystems in industrial processes. They

are widely used for fault detection, fault propagation analysis, and root cause

identification by leveraging process connectivity, expert knowledge, and algebraic

models. Common techniques include SDG [75], adjacency matrices [76], and fault

trees [77]. While these methods are e"ective in structured systems, their reliance

on prior knowledge and static models limits their applicability to complex and

dynamic industrial processes. Furthermore, their e"ectiveness diminishes in sce-

narios where process knowledge is incomplete or unavailable, making them less

adaptable to modern industrial environments with evolving process conditions.

For large multivariate processes, RCA is a very time-consuming process. With ad-

vancements in industrial sensing and data acquisition, data-driven RCA methods

have gained significant attention. Hence, many automatic root cause detection

techniques have been researched over the past two decades[78–81]. Techniques

such as CCF [62], Granger causality (GC) [82–84], and transfer entropy (TE) [86]

infer causal relationships directly from process data. GC assesses predictive influ-

ence using multiple linear regression and is widely used due to its interpretability

and simplicity, but it is primarily suited for linear relationships, limiting its ef-

fectiveness in complex, nonlinear industrial processes. The TE method [85, 86],

which identifies suspicious variables by leveraging reconstruction-based contribu-

tion techniques but it requires large volumes of data. As data dimensionality

increases, the computational complexity of estimating joint PDFs grows exponen-

tially, making causal topology modeling less e!cient. Furthermore, during process

abnormalities, true causal relationships may become obscured or distorted, reduc-

ing the reliability of TE-based approaches. Among the reviewed methods, the

Spectral envelope method [43, 63] has been commonly used for causal analysis in

the frequency domain but is limited to only oscillatory faults.

Several Bayesian network-based methods [87–90] are also proposed for using prob-

abilistic properties to determine the interdependencies between process variables.

However, these data-based techniques depend on accurate estimation of PDFs and,
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thus, would be computationally quite expensive. To address data scarcity and vari-

ability, Kumari et al. (2020) introduced a HBM that uses informative priors and

key process variables, improving accuracy and e!ciency [91], though constructing

reliable priors remains a challenge. Later, Kumari et al. (2022) proposed a mod-

ified Bayesian Network (mBN) to handle cyclic loops by converting weak causal

links into temporal ones [92], but its reliance on transfer entropy increases com-

putational cost. Additionally, a Direct Transfer Entropy (DTE)-based multiblock

BN was proposed to e"ectively discover cyclic loops while considering common

source variables, o"ering improved accuracy and computational e!ciency, though

segmenting the process into blocks introduces complexity [93].

In addition, deep learning techniques have proven highly e"ective in capturing

temporal dependencies within high-dimensional datasets, making them widely ap-

plicable across various domains [116–118]. Among these, RNNs are particularly

well-suited for time-series modeling due to their ability to process sequential data.

However, as the sequence length increases, traditional RNNs face challenges such

as vanishing or exploding gradients, which hinder their ability to retain long-term

dependencies. Despite these, most deep learning models remain focused on time-

series prediction, while key tasks such as fault propagation analysis and root cause

identification continue to be insu!ciently addressed.

As seen, some of these methods require complete plant topology information

(which may not be readily available) or some user-defined parameters (values

of which may be unknown), and hence, di!cult to implement. Moreover, most

of the methods in the literature try to identify the root cause from a causal map

of the process derived from either data or process knowledge. Identification of

causal map is a very challenging problem, and the methods available so far cannot

accurately identify the causal map. With the advent of data science, data-driven

methods are gaining more popularity as they do not rely on plant information but

extract the required information from the collected data of process variables. A

simple, computationally e"ective, and purely data-driven approach that does not
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rely on causal maps is missing in the literature.

This work proposes a simple, purely data-driven method for ranking likely root

cause variables in a multivariate connected control loop system with faults. A met-

ric based on cross-correlation weighted lag is used to provide a heuristic ranking of

candidate fault sources rather than formal causal guarantees. To validate the pro-

posed approach, various case studies are generated in MATLAB/Simulink. The

synthetic data has been generated by introducing random noise/sinusoidal distur-

bance to specific variables. The algorithm is then tested on this data following

the occurrence of a system fault.

4.2 Cross-correlation-based metric for ranking likely

root-cause variables

The basis of the proposed approach lies in leveraging cross-correlation as a fun-

damental metric to assess the relationships between two-time series variables,

namely xi and xj, within a multivariate process.The cross-correlation, denoted

as, ↼xixj [l] = E(xi[k]xj[k ↓ l]), quantifies the degree of similarity between these

variables at a given time lag l. k indicates the sampling time.

The positive or negative values of cross-correlation at lag l indicate the nature of

the relationship between xi[k] and xj[k ↓ l]. A positive value suggests that an

increase in xi[k] is associated with an increase in xj[k ↓ l] while a negative value

implies an inverse relationship, where an increase in xi[k] corresponds to a decrease

in xj[k ↓ l]. Moreover, the asymmetry of cross-correlation ↼xixj [l] ⇐= ↼xixj [↓l] is

the key feature that makes it suitable for correctly identifying which variable lags

behind the other. Although correlation does not imply causation, the asymmetry

of cross-correlation can serve as a useful heuristic to rank candidate fault sources.

In an interconnected process, disturbances originating in one variable propagate

through the system and subsequently influence other variables after certain time

delays. Therefore, variables closer to the origin of the disturbance are expected
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Figure 4.1: Sequential steps for ranking the likely root cause in a multivariate
process

to exhibit stronger temporal precedence relative to downstream variables. The

proposed approach exploits this propagation behavior by analyzing asymmetry in

cross-correlation lags among process variables.

The faulty variable that precedes changes in other faulty variables and has a very

high correlation to each of them is therefore considered more likely to be associ-

ated with the initiating disturbance. This is the principle behind the proposed

approach.

Consider a dataset of n sensor measurements containing m samples (X = [x1, x2, ..., xn]↗

where xi ↘ Rm). Let the maximum absolute cross-correlation (among non-negative

lags) between any 2 measurements xi and xj be Ci,j (Ci,j = max
l

|↼xixj [l]| ⇒ l ↑

0) and the corresponding lag be Li,j. Here, Ci,j represents the strength of dynamic

association between variables xi and xj, while Li,j indicates the lag at which this

association becomes maximum. Comparing Li,j and Lj,i provides directional in-

formation regarding which variable temporally precedes the other.

Based on this notion, we propose a new metric as shown in (4.1) for ranking likely
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root-cause variables.

ωj =


n∑

i=1

Ci,jBi,j


φ2

j
⇒ j ↘ [1, n] (4.1)

where

Bi,j =






1, if Li,j ⇑ Lj,i & Li,j ⇐= 0

0, if Li,j ⇑ Lj,i & Li,j = 0

1, if Li,j > Lj,i & Lj,i = 0

0, if Li,j > Lj,i & Lj,i ⇐= 0

(4.2)

and φ2

j
is the variance of variable xj. The variance term φ2

j
serves as a weighting

factor reflecting the overall magnitude of fluctuations. Intuitively, a root cause

variable is expected to both lead other variables temporally and exhibit pro-

nounced variability during fault conditions. Although variance-based weighting

could favor high-variance variables, we evaluated alternative schemes, including

standard deviation (φj), normalized variance, entropy-based weighting, and SNR-

based weighting, across multiple datasets, as presented in Section 4.4.1.5.

The binary indicator Bi,j in (4.2) encodes the directional temporal relationship

between variables xi and xj based on the estimated cross-correlation lags. Specif-

ically, Bi,j = 1 indicates that variable xj is considered to precede or influence xi.

The comparison between Li,j and Lj,i is used to determine which variable exhibits

an earlier correlation peak. Cases involving zero lag are treated separately since

simultaneous changes do not provide su!cient temporal evidence for directional

ranking.

If a variable has high ω , it means it is impacting many other variables in future.

Thus, the highest ranked root cause variable is identified as the one with the

maximum value of ωj, i.e. (xr) is the highest ranked root cause if ωr = max(ω).

This proposed metric is referred to as ω -metric hereafter.

Root cause index = argmax ωj
j

(where j = [1, n]) (4.3)
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Thus, the proposed approach involves evaluating variances, conducting cross-

correlation analysis, and utilizing specific metrics such as Bi,j and ωj to pinpoint

the root cause variable. In Fig. 4.1, each step is elucidated to provide a compre-

hensive understanding of the proposed method.

Interpretation of the ω-metric: The proposed ω -metric operates directly on

measured signals and exploits cross-correlation asymmetry. The resulting ω -score

provides a heuristic ranking of variables, with the highest-ranked variable repre-

senting the most likely candidate associated with the onset of abnormal behavior,

rather than a formal causal guarantee. Accordingly, the term root cause in this

work should be understood in a diagnostic and operational sense: the variable

whose behavior is most strongly and consistently associated with the observed

fault. The metric provides a ranked list of candidate variables, which can be used

to support operator decision-making.

4.3 Synthetic data generation: Coupled transfer

function models

The datasets used for testing the proposed ω -metric for ranking likely root-cause

variables are generated using MATLAB Simulink. Multiple connected control

loops are defined in Simulink in Laplace domain using the simplified control loop

structure as shown in Fig. 4.2.

Figure 4.2: Closed-loop feedback control
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The relations between various variables are given by:

Y (s) = GpU(s) +H(s) +D(s); (4.4)

U(s) = GcE(s); (4.5)

H(s) = GmN(s); (4.6)

E(s) = Y sp(s)↓ Y (s) (4.7)

where Y (s), U(s), Y sp(s), D(s), H(s) and E(s) are the Laplace transforms of

the deviation variables of outputs (y), inputs (u), setpoints (ysp), disturbances

(d), sensor noises (h) and errors (e) respectively. GP and GC are the process and

controller transfer functions. Sensor noise is modeled as independent Gaussian

noise N(s) added to each measurement through the sensor model H(s) = GmN(s),

where Gm = I. Di"erent noise power values are used for di"erent sensors as

specified in the example systems. Faults are modeled as either oscillatory or

Gaussian disturbances.

For data generation, we consider a stable plant model at steady state. Let us say,

the process has n variables including both controller outputs (u,OP ) and process

variables (y, PV ). For simplicity, we assume that there are no set point changes

while simulating the synthetic datasets. For easy validation, datasets are generated

such that fault is added only to one of the variables (by keeping only one of the

values in D as non-zero for each dataset), i.e., there is only one root cause for each

dataset simulated. We generated various datasets by perturbing one of the process

variables (y) by adding either oscillatory or non-oscillatory fault/disturbance and

simulated the process model to let the disturbance propagate through the process.

Disturbance will propagate to other variables as per the interdependency defined

through Gp. The variable that we perturbed would be the root cause while all

other variables are a"ected through interactions between variables. The simulated

data after the point of introduction of fault is used for root cause analysis.
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4.3.1 Coupled transfer function models

We consider four coupled transfer function models with di"erent numbers of vari-

ables and di"erent characteristics as example systems to validate the performance

of the algorithm in varying real-plant scenarios. The details of these four example

systems are provided below. We refer to the dimension of the system as n → m

where n is the number of controlled variables and m is the number of manipu-

lated variables. Each control loop is considered to be SISO (Single Input Single

Output).

Closed-loop behavior of these example systems is simulated in MATLAB Simulink

using a fixed-step solver with a step size of 1 s. As a result, all simulations

are inherently discrete-time, and no explicit continuous-to-discrete conversion is

required. The solver performs numerical integration internally and updates the

system outputs at each discrete time step.

• Example 1: 4→ 4 system[141]

Process transfer function: Refer (4.11).

Sensor noise model: Refer (4.12).

Controller model: PI controllers with the following transfer function is used.

Gc = Kc


1 +

1

Tr


!T

1↓ q↑1


(4.8)

where Kc is the proportional gain, Tr is the integral time and !T = 1 second.

Values of Kc and Tr are as follows:

Kc =


0.816 0.625 0.184 0.137


(4.9)

Tr =


20 16 2.86 5


(4.10)

Measurement noise H(s) is introduced using Gaussian white noise N(s) with

noise power values ϑ =


0.0015 0.0025 0.0013 0.0027


, with each noise
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signal generated using a di"erent seed. The noise is applied through the

sensor noise model Gm.

• Example 2: 6→ 6 system

Process transfer function: Refer (4.13)

Controller matrix: Refer (4.14)

Gaussian white noise N(s) = N (0, φ2) with

ϑ = φ2 =

0.01 0.01 0.02 0.02 0.01 0.01


as noise power values is used as

sensor noise H(s) by setting Gm = I (6 × 6 identity matrix). Each noise

signal is generated with a di"erent seed.

• Example 3: 10→ 10 system

Process transfer function: Refer (4.15)

Controller matrix: Here, Gc is a 10→10 diagonal matrix, where each diagonal

element represents an individual transfer function. Refer (4.16)

Measurement noise H(s) is introduced using zero-mean Gaussian white noise

N(s) with noise power values

ϑ =


0.015 0.03 0.01 0.02 0.022 0.017 0.025 0.01 0.013 0.02



with each noise signal generated using a di"erent seed. H(s) = N(s) is

obtained by setting Gm to be a 10→ 10 identity matrix.

• Example 4: 50→ 50 system

A large multivariable connected control loop system with 50 PV and 50

OP variables is considered. Due to space limitations, the transfer functions

aren’t displayed for this system and are presented in Appendix E.
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GP =





0.05q
→3

1↑0.95q→1 0 0 0

0.02966q
→3

1↑1.627q→1+0.706q→2
0.0627q

→6

1↑0.937q→1 0 0

0 0.235q
→5

1↑0.765q→1
0.5q

→2

1↑q→1+0.25q→2 0

0.5q
→5↑0.487q

→6

1↑1.395q→1+0.455q→2 0 0 0.2q
→1

1↑0.8q→1





(4.11)

Gm =





1↑0.1675q
→1

1↑0.8875q→1 0 0 0

0 1↑0.2275q
→1

1↑0.7375q→1 0 0

0 0 1↑0.1970q
→1

1↑0.8350q→1 0

0 0 0 1↑0.1557q
→1

1↑0.9678q→1





(4.12)

Gp =





1 0 0 0 0 0

0.95

2s+1
1 0 0 0 0

0 0.84

s+1
1 0 0 0

0 0 0.77

2s+1
1 0 0

0 0 0 0.58

3s+1
1 0

0 0 0 0 0.44

s+1
1





(4.13)

Gc =





0.487s+0.202

s
0 0 0 0 0

0 0.426s+0.11

s
0 0 0 0

0 0 0.601s+0.249

s
0 0 0

0 0 0 0.907s+0.213

s
0 0

0 0 0 0 0.904s+0.667

s
0

0 0 0 0 0 1





(4.14)
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Gp =





1 0 0 0 0 0 0 0.222

6s+1
0 0

0 1 0.7659

4s+1
0 0 0 0 0 0 0

0.2741e
→4s

3s+1
0 1 0 0 0 0 0 0 0

0 0.6288

4s+1
0 1 0 0 0 0 0 0

0 0 0 0.3276

s+1
1 0 0 0 0 0

0 0 0 0 0.02431

2s+1
1 0 0 0 0

0 0 0 0 0 0 1 0 0 0.001642e
→7s

4s+1

0 0 0 0 0 0 0 1 0.4698e
→5s

6s+1
0

0 0 0 0 0 0 0.4849

s+1
0 1 0

0 0 0 0 0 0.6318e
→7s

5s+1
0 0 0 1





(4.15)

Gc = diag






5.101s+0.8026

s

0.094s+0.1881

s

1.894s+0.5249

s

0.6904s+0.134

s
· · ·

1.263s+0.6763

s

15.74s+3.531

s

264.4s+51.29

s
· · ·

1.504s+0.2324

s

0.8204s+0.6138

s

0.8667s+0.1344

s






(4.16)

4.3.2 Assumptions of the Proposed Method

The proposed ω -metric is intended as a diagnostic ranking tool for identifying

variables most strongly associated with a fault. Its applicability and interpretation

rely on the following assumptions, which are consistent with the data generation

and evaluation procedures used in this work. The assumptions listed below apply

specifically to the synthetic benchmark simulations and are not necessarily satisfied

by the industrial case studies.

a) Stable closed-loop operation: All synthetic processes and control loops

are modeled using linear transfer functions and operate under stable closed-

loop conditions.

b) Steady-state operation: Measurements are collected after the system

reaches steady-state, with no setpoint changes, so that observed variations

arise only from injected faults and their propagation.
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c) Local linearity and smoothness: Although real industrial processes may

be nonlinear, the synthetic benchmark systems are modeled using linear

transfer functions and operate within a small neighborhood of a steady-

state operating point. Over the analysis window, the system dynamics are

therefore assumed to be locally linear and smooth.The observed performance

of the proposed algorithm for the industrial case studies indicates that this

assumption remains reasonable for slightly nonlinear systems.

d) Su"cient excitation: Injected faults introduce persistent excitation into

the system, generating measurable dynamic responses and cross-correlations

among variables. The method assumes that the fault signal contains su!-

cient energy and duration to be distinguishable from background noise.

e) Fault scenario assumption: The primary evaluation of the proposed

method is conducted under a single-fault setting, where one dominant fault

is active per dataset and modeled as an additive perturbation on an indi-

vidual process variable. In addition, one experiment considers a two-fault

scenario, and the observed results indicate that the methodology remains

reasonable under limited multi-fault conditions. The extension of the pro-

posed approach to scenarios involving more than two simultaneous faults

is not investigated in this study and is considered beyond the scope of the

present work.

f) Su"cient disturbance propagation: Fault-induced disturbances propa-

gate through the process interconnections defined by Gp, producing measur-

able correlations between the faulty variable and a"ected variables.

g) Additive measurement noise: Sensor measurements are corrupted by

zero-mean, independent Gaussian noise with finite variance.

h) Discrete-time simulation: All datasets are generated in discrete time

using fixed-step numerical solvers with uniform sampling intervals.
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i) Loop structure: In the synthetic benchmark systems, each control loop is

single-input single-output (SISO).

4.4 Results: Validation of the proposed method

4.4.1 Coupled transfer function models-based case studies

This section presents the validation and performance evaluation of the proposed

ω -metric for root cause analysis using multiple coupled transfer-function-based

systems as presented in Section 4.3.1. First, an illustrative example is provided to

demonstrate the computation of the proposed metric and its interpretation. Subse-

quently, extensive simulation studies are carried out on small-scale and large-scale

systems to evaluate the accuracy of identifying the top-ranked variable associated

with the fault. The robustness of the method is further analyzed under di"erent

weighting schemes, disturbance magnitudes, oscillation frequencies, and sampling

times. Finally, the proposed approach is compared with the spectral envelope

method for oscillatory fault diagnosis, discussed in Section 4.4.1.7.

4.4.1.1 Illustrative Example

To illustrate the proposed approach for heuristic ranking of candidate faulty vari-

ables, Example 1 with 8 variables is considered. The dataset generated is repre-

sented as X where the first four variables are process variables or PV s (x1 to x4

) and the last four variables are controller outputs or OP s (x5 to x8).

A Gaussian noise disturbance with noise power 1 was added to x2 as fault. The

process is simulated for 5000 samples after introducing the fault. The complete

simulated data (PV data) is shown in Fig. 4.3. The variance of the generated

data (both PV and OP) is calculated and provided below:

φ2

X
= 10↑2 →


0.42 101.55 5.85 2.59 0.43 44.78 1.24 1.33



The entire dataset (5000 → 8) was sent for root cause analysis using the method
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Figure 4.3: Simulated data for Example 1 with white noise fault added to x2.

(a) (b)

Figure 4.4: Cross-correlation plot for the pairs (x1, x2) and (x2, x1).

described in section 4.2. For each pair xi and xj, cross-correlation (↼xi,xj) for all

non-negative lags were found out. Maximum value of cross-correlation and the

corresponding lags for each pair are noted down.

For example, Fig. 4.4a shows the plot of ↼x1,x2 for lags 0 to 2000. Note that the

peak cross-correlation is at lag 1910, and the value of cross-correlation at lag 1910

is 14.9. Hence, C1,2 = 14.9 and L1,2 = 1910. Similarly, from Fig. 4.4b, we can see

that C2,1 = 18.4 and L2,1 = 1042. The process is repeated to obtain maximum

cross-correlation among all non-negative lags and the corresponding lag value for

each pair. The values are presented below in matrix form, C and L.
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C =





21.1 14.9 5.9 5.1 17.6 10.4 3.8 2.8

18.4 5076.6 51.6 31.7 15.9 3272.4 76.2 13.7

7.7 816.3 292.4 13.3 6.6 544.8 63.4 5.0

14.1 32.3 13.7 129.2 8.8 28.2 12.3 39.6

17.6 13.8 5.3 6.1 21.5 12.1 5.1 6.7

11.3 3272.4 49.7 28.2 11.7 2239.3 30.7 19.9

3.2 163 63.4 10.5 4.3 178.6 62.3 8.9

4.5 14.6 5.7 39.76 6.7 22.01 10.1 66.3





L =





0 1910 715 0 0 54 48 570

1042 0 360 338 1042 0 1 1069

1047 5 0 1043 1047 5 0 1074

5 1990 1985 0 5 388 377 33

0 42 95 2541 0 101 71 104

1042 0 0 1058 1042 0 0 370

671 6 0 1067 1634 6 0 1043

7 370 365 21 6 1387 1377 0





Now, using (4.2), B matrix is calculated as follows.

B =





0 0 1 0 0 1 1 0
1 0 0 1 0 0 1 0
0 1 0 1 0 1 0 0
1 0 0 0 1 1 1 0
0 1 1 0 0 1 1 0
0 0 0 0 0 0 0 1
0 0 0 0 0 1 0 1
1 1 1 1 1 0 0 0





ω = [0.156 857.95 0.99 2.193 0.067 346.7 1.21 0.38] (4.17)

It can be clearly seen that the actual fault was introduced in x2, which serves as

the ground-truth root cause in this synthetic example. According to the proposed

ω -metric, x2 also achieves the highest score, correctly ranking it as the most likely

candidate associated with the fault.
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4.4.1.2 Performance on small systems

For Example 1, four di"erent datasets were generated similar to illustrative exam-

ple by perturbing each of the PV variables at a time with white noise of power

10. Similarly, four di"erent datasets were generated by perturbing each of the

PV variables with sinusoidal disturbance with amplitude 0.5 and frequency 0.628

rad/sec. The ω values obtained for each dataset and the variable ranked highest

by the ω -metric are provided in Table 4.1. Note that the ω -metric correctly ranked

the perturbed variable as the highest-scoring candidate associated with the fault in

seven out of the eight cases generated. For case 5, even though the root cause was

x1, the ω -metric predicted variable x4 as the top candidate. However, note that

x1 has the second highest ω value and is the second possible candidate associated

with the fault based on ω -metric heuristic.
Table 4.1: Results of the proposed ω -method for the example system 1

Cases

Actual

root

cause

ω -metric

Top

ranked

variable

First

three

predictions

W
hi

te

no
is

e

1 10↑2


2562.06 2.73 0.15 91.97 1999.76 0.51 0.015 0.69


1


1 5 4



2

0.33 83312.1 382.69 4.73 0.29 32963.5 99.02 1.28


2


2 6 3



3

0.38 0.11 714.9 2.98 0.26 0.1 49.3 0.52


3


3 7 4



4

0.32 0.1 0.12 1384.9 0.08 0.06 0.0057 19.66


4


4 8 1



Si
ne

1

15.26 0.34 0.06 85.53 9.7 0.21 0.0045 1.16


4


4 1 5



2

0.14 31.87 2.3 1.2 0.14 0.28 0.04 0.08


2


2 3 4



3

0.145 0.06 51.91 1.11 0.14 0.02 0.024 0.1


3


3 4 1



4

0.14 0.07 0.018 19.22 0.14 0.03 0.002 0.093


4


4 1 5



Varying noise power for non-oscillatory faults and sine wave parameters (amplitude

and frequency) for oscillatory faults, a total of 52 case studies are generated for

example system 1 (16 white noise faults and 36 sinusoidal faults). Similarly, various

datasets are generated for other sample systems as well by perturbing di"erent

PV variables with either oscillatory or non-oscillatory faults. Example 2 is a 6→6

system and a total of 126 case studies are generated for this system (54 white
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noise faults and 72 sinusoidal faults). For 10 variable system, a total of 230 case

studies are generated (70 white noise faults and 160 sinusoidal faults).

A total of 140 datasets for white noise disturbance and 268 datasets for sine wave

disturbances are generated for example systems 1 to 3 to test the performance

of the proposed algorithm. Since the goal is to locate the faulty control loop

among all loops, a prediction is considered correct if the ω -metric ranks either the

perturbed PV variable or the corresponding OP variable as the top candidate

associated with the fault. For instance, in an 8-variable system (4 PV and 4 OP

variables), if the second PV variable is perturbed (x2), the identification is deemed

correct if the metric ranks either x2 or x6 (the corresponding OP variable) as the

highest-scoring candidate.

Among the 140 cases generated for white noise disturbances, the ω -metric correctly

ranked the perturbed variable as the top candidate in 131 cases, giving an accuracy

of 93.57%. For the 268 cases with sinusoidal perturbations, the ω -metric correctly

identified the top candidate as the perturbed variable in 236 cases, giving an

accuracy of 88.06%.

4.4.1.3 Performance on a large system

In addition to the three example systems discussed in the previous section, the

proposed ω -metric was also tested on a larger system. Synthetic datasets were

simulated in Simulink similar to smaller example systems. A total of 21 datasets

corresponding to white noise faults and 14 datasets for sinusoidal faults were

generated. The results obtained using the ω -metric are provided in Table 4.2.

Note that the metric correctly ranked the perturbed variable as the top candidate

associated with the fault for all datasets.
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Table 4.2: Top-ranked variable using ω metric for a large system with 50 PV and
50 OP variables

Cases Actual
root cause

Corresponding
OP variable

Top
ranked
variable

Cases Actual
root cause

Corresponding
OP variable

Top
ranked
variable

Noise
Power=0.1

1 51 51
Sine Wave,
Amplitude=

0.5,
Frequency=
0.628rad/s

1 51 51
8 58 58 8 58 58
16 66 66 16 66 66
25 75 75 25 75 75
34 84 34 34 84 34
42 92 42 42 92 42
50 100 50 50 100 50

Noise
Power=5

1 51 51
Sine Wave,

Amplitude= 1,
Frequency=
0.0628rad/s

1 51 51
8 58 58 8 58 58
16 66 66 16 66 66
25 75 75 25 75 75
34 84 34 34 84 84
42 92 42 42 92 92
50 100 50 50 100 100

Noise
Power=10

1 51 51
8 58 58
16 66 66
25 75 75
34 84 34
42 92 42
50 100 50

4.4.1.4 Overall Detection Performance for Coupled Transfer-Function-

Based Systems

The overall accuracy of identifying the top-ranked variable associated with fault

using ω -metric including all four example systems is 94.41% for white noise faults

(152 cases out of 161) and 88.65% for sinusoidal faults (250 cases out of 282). Thus,

the overall accuracy is 90.74% including both white noise and sinusoidal faults (402

cases out of 443). Notably, when the first two predictions are taken into account,

the overall accuracy improves significantly to 94.81%, correctly identifying 420

out of 443 cases. It is important to note that the reported accuracy values are

computed over a simulated dataset consisting exclusively of single-fault scenarios.

The overall accuracy therefore reflects performance on this specific test set rather

than a statistically generalizable measure across all possible fault conditions. The

dataset is also imbalanced with respect to fault type (161 white-noise cases and

282 sinusoidal cases); for this reason, fault-type-specific accuracies are reported

alongside the overall accuracy.
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Table 4.3: Comparison of weighting schemes for ω -metric across all example sys-
tems

System Dataset ε
2
j

(Proposed) εj Normalized ε
2
j

Entropy SNR
Example 1 52 43 43 43 40 5
Example 2 126 115 107 115 96 24
Example 3 230 209 193 209 159 42
Large system 35 35 34 35 33 0
Overall 443 402 377 402 328 71

4.4.1.5 Weighting schemes and binary Filter (Bi,j) analysis

The proposed ω -metric incorporates a variance-based weighting term to reflect

the magnitude of fluctuations associated with each variable. While this choice

is motivated by the expectation that a root cause variable exhibits both tempo-

ral precedence and pronounced variability under faulty conditions, variance-based

weighting may potentially bias the metric toward high-variance signals. To ex-

amine this e"ect, we conducted a systematic comparison with several widely used

alternative weighting strategies.

Specifically, for each variable xj, a scalar weight Wj was computed using one

of the following schemes: standard deviation (Wj = φj), normalized variance
(
Wj = φ2

j
/


n

i=1
φ2

i


, Shannon entropy-based weighting

Wj = ↓
∑

pj log(pj)

and signal-to-noise ratio (SNR) weighting
(
Wj = µj/φj


, where µj and φj denote

the mean and standard deviation of xj, and pj represents the empirical probability

of values of xj obtained from its observed distribution.

For each weighting scheme, the ω -metric was evaluated as

ωj =


n∑

i=1

Ci,jBi,j


Wj ⇒ j ↘ [1, n]

and the variable attaining the maximum ωj was considered the top-ranked vari-

able associated with fault. All weighting strategies were assessed under identical

conditions to ensure meaningful comparison.
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Table 4.3 reports the total number of correct top-ranked variable associated with

fault obtained across all 443 datasets for each weighting strategy. The proposed

variance-based weighting (φ2

j
) achieves the highest or joint-highest identification

accuracy in every example system, including the large-scale system. The normal-

ized variance produces identical overall performance, while the standard deviation

weighting exhibits a modest reduction in accuracy. In contrast, both the Shannon

entropy-based and SNR-based weighting schemes result in substantial performance

degradation across all cases. These results indicate that variance-based weighting

provides the most reliable and stable behavior for the proposed ω -metric.

In addition, to investigate whether explicitly using the magnitude of the lag values

improves identification of top top-ranked variable associated with fault, actual lag

values Li,j were directly incorporated whenever Bi,j = 1, instead of using a binary

indicator. The total number of correct identifications across all 443 datasets for

di"erent weighting schemes is summarized in Table 4.4.

Table 4.4: Performance of the ω -metric using actual lag values for di"erent weight-
ing schemes

System Dataset ε
2

j
εj Normalized ε

2

j
Entropy SNR

Example 1 52 43 35 43 23 3
Example 2 126 107 102 107 78 25
Example 3 230 205 183 205 141 41
Large system 35 35 32 35 27 0
Overall 443 390 352 390 269 69

As seen in Table 4.4, incorporating the actual lag magnitudes slightly reduces

performance for all weighting schemes compared to the proposed binary filter

formulation of Bi,j (see Table 4.3). This confirms that the binary filter e"ectively

captures temporal precedence while maintaining stable and reliable identification

of the top-ranked variable associated with the fault across di"erent weighting

schemes.
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Table 4.5: Detection Performance Across Noise Levels and Sinusoidal Disturbances
Condition Dataset Correct Detections Incorrect Detections

Noise Power
0.1 20 12 8
0.5 16 15 1
1 20 20 0
5 16 16 0
10 20 20 0
25 16 16 0
50 20 20 0
100 6 6 0
150 6 6 0

Total (Noise Power) 140 131 9
Sinusoidal Disturbances (Frequency, rad/s)

0.0628 76 58 18
0.628 76 70 6

1 76 69 7
5 40 39 1

Total (Sinusoidal Disturbances) 268 236 32

4.4.1.6 Limitations Related to Noise, Sinusoidal Disturbances and Sam-

pling Time

The proposed method demonstrates strong performance on the evaluated datasets

in identifying the primary root cause as the top-ranked variable; however, certain

limitations arise when dealing with noise and sinusoidal disturbances.

Table 4.5 summarizes detection performance across di"erent noise powers, high-

lighting occasional inconsistencies at minimal noise powers. While the method

remains robust under high noise powers, maintaining accurate detection, its per-

formance degrades at lower noise powers (e.g., 0.1, 0.5). The increased number of

incorrect detections suggests di!culty in distinguishing minor signal fluctuations

from normal process variations.

Similarly, Table 4.5 presents the detection performance for various sinusoidal dis-

turbance frequencies, emphasizing potential challenges in detecting lower-frequency

oscillations. The method shows reduced responsiveness to low-frequency distur-

bances (e.g., 0.0628 rad/sec), indicating that longer-period oscillations are more

challenging to identify accurately.

For all example systems, root cause analysis was performed using a sampling time

of 1 s. To evaluate the impact of sampling time, additional tests were conducted

on Example 1 using three di"erent sampling times: 0.1 s, 1 s, and 10 s. Across 52

datasets, the number of correct predictions in the first position remained relatively

stable, with 42, 43, and 39 correct identifications for sampling times of 0.1 s, 1
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s, and 10 s, respectively. When considering the first two predictions, the correct

identifications were 48, 50, and 48, respectively. These results indicate that varia-

tions in sampling time have minimal e"ect on detection accuracy, demonstrating

the robustness of the proposed method across di"erent sampling intervals.

Despite these limitations, the method remains a valuable tool for root cause analy-

sis in process industries. Future enhancements should focus on refining sensitivity

to weak disturbances at low noise powers and improving detection accuracy for

slow-varying oscillations.

4.4.1.7 Comparison with Spectral Envelope Method

The generated datasets are also tested using the spectral envelope method [43].

The spectral envelope method is a frequency-domain technique for detecting and

diagnosing plant-wide oscillations. Consider a multivariate time series of standard-

ized process variables, denoted by Z(t). For each frequency f , the corresponding

spectral density matrix is defined as S(f). The spectral envelope is then given by

↽(f) = max eig
(
V ↑1

2S(f)V ↑1

2

)
,

where V is the covariance matrix of the standardized variables. The spectral

envelope curve ↽(f) represents the proportion of signal power concentrated at

frequency f . The dominant oscillatory frequency of the system is identified as

f → = argmax
f

↽(f).

At this dominant frequency, the eigenvector associated with ↽(f →) provides the

relative contribution of each process variable to the oscillation. Variables with

the largest contributions are identified as the most likely sources of the oscillatory

behavior [43].

For comparison, the spectral envelope method [43] performs well for datasets with

sinusoidal disturbances, as it is limited to oscillatory faults. Among the 268 cases
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with sinusoidal faults, the method correctly identifies the root cause in 259 cases for

the smaller example systems and in 13 out of 14 cases for the larger system, yielding

an overall accuracy of 96.45%. Table 4.6 presents the identification accuracy for

the proposed ω -metric and spectral envelope method.

Table 4.6: Comparison of identification accuracy for the proposed ω -metric and
spectral envelope method

System Disturbance Dataset Accuracy (%)
Proposed Method Spectral Envelope Method [43]

Example 1
Example 2 White noise 161 94.41 —
Example 3 Sine wave 282 88.65 96.45

Large System
Overall – 443 90.74 –

4.4.2 Industrial case studies

4.4.2.1 CSTR case study

In Fig. 4.5, a Continuous Stirred Tank Reactor (CSTR) is depicted, involved in an

exothermic reaction A(l) ⇓ B(l) + C(g). The CSTR case study is a well-known

example in diagnostic studies[3, 142, 143] and is used to assess the performance of

the proposed ω -metric. A comprehensive CSTR model description is available in

Vachhani, 2005[3]. Temperature (T ) within the reactor is regulated by adjusting

the flow rate of the coolant (Fc) circulating through the jacket. Modulation of

the reactor’s level (V ) is accomplished by varying the outlet flow rate (F ), while

control over the reactor pressure (P ) entails adjustments to the vent gas flow rate

(Fvg). In addition to these three controlled variables, measurements are taken for

concentrations within the reactor(CA), number of moles(n) in gas phase of reactor

and the temperature at the coolant inlet(Tci) and outlet(Tc).

The CSTR model is simulated using MATLAB Simulink by varying noise power

for non-oscillatory faults and sine wave parameters (amplitude and frequency) for

oscillatory faults. A total of 12 datasets are generated by perturbing di"erent

controlled variables (PV ) with both oscillatory and non-oscillatory faults. Each

dataset has 10 measurements including controlled and manipulated variables. The
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Figure 4.5: CSTR model [3]

outcomes obtained by applying the ω -metric for the CSTR case study are presented

in Table 4.7.
Table 4.7: Results of the proposed ω -method for the CSTR model

Cases Actual root cause Corresponding Top-ranked
(PV variable) OP variable variable identified

White noise (Noise power = 0.5)
V F F
T Fc Fc
P Fvg P

White noise (Noise power = 2)
V F V
T Fc Fc
P Fvg P

Sine Wave(Amplitude = 15, Frequency = 6.28 rad/hr)
V F V
T Fc Fc
P Fvg P

Sine Wave(Amplitude = 25, Frequency = 15.7 rad/hr)
V F V
T Fc P
P Fvg P

The ω -metric has successfully identified the top-ranked variable associated with

fault in 11 out of the 12 datasets created for the CSTR case study. In the case of a

sinusoidal disturbance with parameters amplitude=25 and frequency=15.7 rad/hr,

despite the actual root cause being the reactor temperature (T ), the ω -metric

incorrectly predicted pressure (P ) as the top-ranked variable. It’s noteworthy

that the outlet coolant temperature, Tc, had the second-highest value and is a

plausible alternative highly-ranked variable according to the ω -metric, suggesting

changes in either coolant flow rate (Fc) or inlet coolant temperature (Tci), both of

which are manipulating variables for reactor temperature (T ). Additionally, the

ω -metric identified reactor temperature, T, as the third highest-ranked variable

associated with fault in this scenario.
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4.4.2.2 Tennesssee Eastman Process

To exemplify large-scale process industries, we shift our focus to the extensively

examined Tennessee Eastman benchmark process. This complex operation entails

the synthesis of substances G and H from the initial components A, C, D, and E.

Alongside these six components, there is an inert substance B, and a by-product

F associated with the overall process.

The reactions are as follows:

A(g) + C(g) + D(g) ⇓ G(l) (Product 1)

A(g) + C(g) + E(g) ⇓ H(l) (Product 2)

A(g) + E(g) ⇓ F(l) (Byroduct)

3D(g) ⇓ 2F(l) (Byroduct)

The operation comprises five key components: a reactor, a condenser, a prod-

uct separator, a compressor, and a product stripper. A comprehensive list of 41

measured variables(xmeas) and 12 manipulated variables(xmv), and additional

detailed information about this process is accessible in other references [144–148].

MATLAB codes and Simulink models for simulating this process are accessible at

[149].

Faults are introduced in manipulated variables with di"erent sinusoidal signals

and white noise. Table 4.8 shows the perturbed variable and the corresponding

control loop variables. Since the intent of the algorithm is to localize the fault to

the correct control loop, the e"ectiveness of the algorithm is evaluated based on

whether the ω -metric ranks one of the variables in the faulty control loop as the

top-ranked variable associated with the fault. A total of 40 datasets are gener-

ated each for sinewave and white noise. For generating datasets, the amplitude

and frequency for sinusoidal signals are varied in the range of [5 15] and [5 15],

respectively. For datasets with white noise disturbances, the range of noise power
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Table 4.8: Perturbed variable and the corresponding control loop variables for
the Tennessee Eastman problem. Algorithm prediction is considered correct if it
identifies the root cause as one of the variables in the same control loop, i.e., the
algorithm is judged based on its ability to localize the root cause to the faulty
control loop.

Perturbed
Variable

(Root cause)

Corresponding control loop
variables

xmv1 xmv1, xmeas2
xmv2 xmv2, xmeas3
xmv3 xmv3, xmeas1
xmv4 xmv4, xmeas4
xmv5 xmv5, xmeas5
xmv6 xmv6, xmeas10
xmv7 xmv7, xmeas14
xmv8 xmv8, xmeas17
xmv9 xmv9, xmeas19
xmv10 xmv10, xmeas9
xmv11 xmv11, xmeas11
xmv12 xmv12

Table 4.9: Top-ranked variable identification using ω -metric for Tennessee East-
man problem

Cases Dataset Predicted as First Predicted in First 2 Predicted in First 3 Predicted in First 4
Count % Count % Count % Count %

White Noise 40 32 80 34 85 36 90 38 95
Sine wave 40 23 57.5 28 70 31 77.5 34 85

taken is between [0.5 10]. For each dataset, data from all 53 variables is consid-

ered for analysis. We identify and report the first three and first four top-ranked

variables obtained using the ω -metric for the Tennessee Eastman case study, and

the corresponding percentages of correct predictions are presented in Table 4.9.

From Table 4.9, note that ω -metric gives an accuracy of 90% and 95% in correctly

ranking the faulty variable within the first three and first four positions, respec-

tively, for white noise disturbances. Also, the proposed ω -metric correctly ranks

the faulty variable within the first three and first four positions in 77.5% and 85%

of the sinusoidal disturbances cases, respectively. Additionally, the ω -metric ranks

the faulty variable as the top-ranked variable in 32 out of 40 cases for white noise

faults, translating to an accuracy of 80%. For sinusoidal disturbances, it ranks

the faulty variable first in 23 out of 40 cases, or 57.5%. When considering the first

two ranked variables, the ω -metric places the faulty variable within the top two

positions in 34 out of 40 cases for white noise (85%) and in 28 out of 40 cases for

sinusoidal disturbances (70%).

The spectral envelope method which works only for oscillatory variables when
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tested on white noise faults gives an accuracy of less than 40%, showing a poor

performance as expected. For sinusoidal faults, spectral envelope method correctly

identifies the root cause (predicted in first 4) in 62.5% cases (without standard-

ization) and 80% cases (with standardization). The proposed algorithm performs

better than the Spectral envelope method, even for sinusoidal faults. This shows

that the proposed algorithm has the potential to help operators prioritize the

investigation to a smaller subset of variables; 4 out of 53 variables, giving an

accuracy of 95% for white noise faults and 85% oscillatory faults. The detailed

results for the CSTR and Tennessee Eastman industrial processes are summarized

in Table 4.10.
Table 4.10: Summary of Top-ranked variable Identification Accuracy for Industrial
Case Studies

System Disturbance Dataset Accuracy (%)
Proposed
Method

Spectral Envelope
Method [43]

CSTR White noise 6 100 —
Sine wave 6 83.33 —

Tennessee Eastman White noise 40 95 —
Sine wave 40 85 (predicted in first 4) 80 (predicted in first 4)

4.4.2.3 Multi-Fault Scenario in the Tennessee Eastman Process

In real-world process industries, multiple faults may occur simultaneously, either

due to independent failures or fault propagation across interconnected subsystems.

To evaluate the robustness of the proposed ω -metric under such conditions, we

conducted a controlled multi-fault simulation using the Tennessee Eastman (TE)

Process [145].

Two faults were introduced simultaneously to represent distinct types of anoma-

lies. A sinusoidal disturbance was applied to xmv2 (amplitude = 15, frequency =

20 rad/hr), while white noise was injected into xmv7 (noise power = 0.5). The

simulation was conducted using the MATLAB implementation of the Tennessee

Eastman process, with all 53 variables monitored, including 41 measurement vari-

ables (xmeas) and 12 manipulated variables (xmv). The ω -metric was computed

for each variable to identify fault sources, and Table 4.11 presents the top 5 vari-
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ables ranked by their ω scores.

Table 4.11: Top-ranked variables based on ω -metric in a multi-fault TE process
scenario with perturbations on xmv2 (sine) and xmv7 (white noise).

Perturbed Variables Control Loop Variables Top ω-Ranked Variables with Values

xmv2 (sine)
xmv7 (white noise)

xmv2, xmeas3
xmv7, xmeas14

1. xmeas3: 2.01→ 1015

2. xmv2: 3.44→ 109

3. xmv7: 1.23→ 109

4. xmeas22: 1.09→ 109

5. xmeas14: 1.85→ 108

The directly perturbed manipulated variables, xmv2 and xmv7, are correctly

ranked among the top ω -scoring variables, confirming e"ective fault detection.

Their corresponding measurement variables, xmeas3 and xmeas14, also appear

among the top-ranked variables, demonstrating accurate localization to the rele-

vant control loops. Overall, this case study illustrates the potential of the ω -metric

under multi-fault conditions. The metric successfully identifies both directly af-

fected variables and dependent variables within associated control loops, support-

ing real-time fault localization in industrial settings where multiple anomalies may

occur simultaneously. This evaluation complements the single-fault analyses and

highlights the practical applicability of the proposed approach.

4.5 Computational E!ciency Analysis

To evaluate the computational e!ciency of the proposed method, we compared

its average detection time against the spectral envelope approach [43] across four

di"erent example systems. Average detection time is the mean time required to

analyze a single dataset using a given method. Table 4.12 presents the number

of datasets, dataset dimensions (simulation length → number of variables), and

the corresponding average detection times. The datasets used vary significantly

in dimensions, providing a comprehensive evaluation of the proposed method’s

e!ciency and scalability. All detection time measurements were obtained on a

Dell Precision 3630 Tower (Intel Core i7-8700, 3.31 GHz, 32 GB RAM).

The proposed method consistently demonstrates a significant reduction in average

detection time across all examples. For instance, in Example 1, the proposed
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Table 4.12: Comparison of Average Detection Time Between Spectral Envelope
and Proposed Method
Example System Fault Dataset Dataset Dimensions Average Detection Time (sec)

Spectral Envelope[43] Proposed Method

Example 1 Sine wave 36 5000→8 4.402 0.077
Example 2 Sine wave 72 901→12 0.264 0.061
Example 3 Sine wave 160 901→20 0.326 0.133

Large System Sine wave 14 1000→100 3.066 1.664

method achieves an average detection time of 0.077 seconds, which is substantially

lower than the 4.402 seconds recorded by the Spectral Envelope method. Even

for the large dataset (100 variables), the proposed method achieves a notable

reduction, completing detection in 1.664 seconds compared to the 3.066 seconds

required by the Spectral Envelope method, showcasing its e!ciency in handling

high-dimensional data.

These results demonstrate that the proposed method is computationally e!cient

for the tested datasets and system sizes, indicating its potential suitability for

real-time or near-real-time applications in process monitoring and control. The

reduction in detection time without compromising accuracy highlights the practi-

cal benefits of the method for large-scale industrial applications.

4.6 Comparison with Granger Causality Analysis

In addition to evaluating the computational e!ciency of the proposed method

against the spectral envelope approach, we also consider Granger causality, a

widely used statistical method for causal inference in time-series data. Although

Granger causality was originally developed for applications in economics and

finance, it has also been employed in process systems for root cause analysis

[84, 150]. Our purpose here is not to present it as a direct performance baseline,

but rather to highlight some of the practical challenges that arise when applying

such methods to high-dimensional industrial data.

Granger causality assesses whether the past values of one time series can improve

the prediction of another, thereby identifying potential causal relationships. For

two stationary time series X(t) and Y (t), we can compare two autoregressive
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models. The first model predicts X(t) using only its own past values:

X(t) =
k∑

i=1

aiX(t↓ i) + ⇀X|X , (4.18)

and the second model includes the past values of Y (t):

X(t) =
k∑

i=1

aiX(t↓ i) +
k∑

i=1

biY (t↓ i) + ⇀X|X,Y , (4.19)

where k is the model order, ai and bi are coe!cients, and ⇀X|X and ⇀X|X,Y are the

residuals of the respective models. The Granger causality measure from Y to X

is then defined as

FY↘X = ln
var(⇀X|X)

var(⇀X|X,Y )
(4.20)

A statistically significant reduction in the prediction error variance indicates that

Y (t) Granger-causes X(t). For a detailed description and further theoretical back-

ground, the reader is referred to the work by Yuan and Qin [84].

Fig. 4.6 illustrates the Granger causality network obtained for a large system

with 50 process variables (PV ). Each directed edge in the graph represents a

statistically significant causal influence, determined using a significance level of

ϱ = 0.05. The resulting network exhibits a highly dense and interconnected

structure, making it di!cult to interpret and extract meaningful insights.

Apart from interpretability, Granger causality also su"ers from high computational

complexity. The method requires fitting multiple autoregressive models for each

variable, followed by statistical hypothesis testing. As the number of variables

and lag orders increases, the computational burden grows significantly. To obtain

the causal network, Granger causality required 98.83 seconds. Furthermore, while

Granger causality identifies causal connections, it does not directly pinpoint the

root cause of an anomaly. Additional post-processing is necessary to infer the

most significant contributors, further increasing computational overhead. Other

causality methods such as Transfer Entropy (TE) [85, 86] and Convergent Cross
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Figure 4.6: Graph representation of Granger causality relationships for a 50-
variable system. Each directed edge represents a significant causal influence.

Mapping (CCM) [151] would likely produce similarly dense networks, requiring

extensive tuning and interpretation.

In contrast, the proposed method e!ciently ranks the most prominent root causes,

eliminating the need for manual inference from complex causal graphs, and com-

pletes the same analysis in just 1.65 seconds. The proposed method not only sig-

nificantly reduces computational time but also provides direct and interpretable

results, making it a more practical and scalable solution for root cause analysis.

4.7 Discussion

Among the state-of-the-art techniques for root cause analysis, most techniques

require process data or process information to generate a causal map of the process

and use the causal map to identify the root cause. For example, the adjacency

matrix or any causal map-based method requires a list of faulty variables and

an adjacency matrix/causal map relating to the concerned variables. The root

cause identification based on the adjacency matrix or causal maps is accurate only

when there are no errors in the adjacency matrix and the list of faulty variables.

This adjacency matrix or causal map must be derived from a process model or
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process data. Metrics like Granger causality or Transfer Entropy help identify

causal relations or, in essence, the adjacency matrix from process data. However,

these methods fail to capture accurate connections due to erroneous information

or lack of information about the plant. The causal maps or adjacency matrix

generated could be entirely di"erent for slight variations in data. Further, some

fault detection techniques are used to identify the faulty variables, which may not

correctly identify all the faulty variables. These limitations make it challenging to

use these techniques when there is a large number of variables, which is usually

the case in practical applications.

A few other techniques, like the spectral envelope method, identify root causes

without building a causal map. The spectral envelope method performs well in

the case of datasets with sinusoidal disturbances. For example, among the 268

case studies generated with sinusoidal disturbances for smaller example systems,

the spectral envelope method correctly identified the root cause for 259 cases.

Similarly, for the 14 datasets generated for the larger example system, the correct

root cause was identified for 13 cases. Thus, the overall accuracy of the spectral

envelope method for predicting the root cause in the case of sinusoidal faults is

96.45%. The method provides an accuracy of 72.5% for the Tennessee Eastman

case study with sinusoidal faults. However, this method can only detect root cause

in case of oscillatory faults and cannot be used for non-oscillatory faults. Since

oscillatory and non-oscillatory faults are common in any process plant, a simple

method that can identify the root cause for both types of faults is essential.

As seen from the study, the proposed ω -metric can identify top-ranked variable

associated with the fault with an accuracy of 90.74% (402 cases out of 443) for

synthetic datasets from coupled transfer function models and 91.6% for the CSTR

case study. For the Tennessee Eastman case study, the algorithm shows an overall

accuracy of 83.75% (considering first 3 predictions) and 90% (considering first

4 predictions). Moreover, the metric’s simplicity in computation, relying solely

on variance calculation and cross-correlation, adds to its practical appeal. In
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instances where the proposed approach failed to correctly rank the faulty variable

as the first option (variable with a maximum value of ω), the actual faulty variable

has been ranked as the second or third dominant candidate in most instances.

Hence, to reduce the impact of wrong identifications, we can identify and report the

first three dominant variables based on the value of ω . This approach allows plant

operators to prioritize their focus on the most probable fault sources for further

analysis, thereby aiding in e"ective troubleshooting and decision-making processes.

Although the proposed approach is demonstrated using complete datasets, it is not

limited to post-hoc analysis. In practical settings, the ω -metric can be computed

over a short, recent window of data following fault detection, su!cient to capture

relevant cross-correlation patterns. This enables timely root cause analysis and

supports the method’s applicability in real-time industrial environments. The tool

can assist the operators in making decisions faster since it provides a prioritized

list. As the final decision is still made by the operators, we believe that they will

be able to trust and use the tool, unlike any other fully data-driven algorithms.

While the proposed ω -metric demonstrates strong performance across a variety

of synthetic and industrial case studies, its validity is subject to the modeling

and experimental assumptions stated in Section 4.3.2. In particular, the method

is primarily evaluated under single-fault conditions and locally linear operating

regimes, with one additional multi-fault case study,and its diagnostic ranking per-

formance is not theoretically guaranteed in the presence of multiple concurrent

faults, strong nonlinearities, or severe non-stationary transients. Furthermore, the

ω -metric is designed as a correlation-based diagnostic ranking tool and does not

provide formal causal guarantees. Under these conditions, the method should be

interpreted as prioritizing variables most strongly associated with observed faults

rather than identifying true causal origins. Extending the framework to explic-

itly handle strongly nonlinear dynamics, persistent non-stationarity, and complex

multi-fault scenarios remains an important direction for future work.
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4.8 Summary

The work introduces a robust approach based on cross-correlation weighted lag for

ranking the most likely variables associated with faults in multivariate processes

with interconnected control loops. One of the key advantages of the proposed

ω -metric framework is its computational e!ciency. Unlike methods that rely on

causal graph construction or entropy-based metrics, the proposed approach is

grounded in simple statistical calculations, namely, cross-correlation and variance,

which are computationally inexpensive. Furthermore, these operations can be

performed independently for each pair of variables, allowing for straightforward

parallelization. This makes the method highly scalable and suitable for large-scale

plant-wide applications. The method’s data-driven nature eliminates the need for

prior knowledge or complex modeling, while maintaining robust diagnostic per-

formance. Rigorous testing was conducted using 443 synthetic datasets, including

161 cases of white noise disturbances and 282 cases of sinusoidal disturbances,

generated for various multivariate processes with connected control loops. The

proposed ω -metric accurately ranked the faulty variable as the top-ranked vari-

able associated with the fault in 94.41% of cases with white noise disturbances

and 88.65% of cases with sinusoidal disturbances. Furthermore, when applied to

industrial case studies such as the CSTR and the Tennessee Eastman Process, the

proposed ω -metric exhibited good accuracy. While the present study focused on

fault scenarios generated synthetically, future research directions may involve test-

ing the algorithm under multiple concurrent faults, on larger datasets, and across

di"erent industrial plants to further assess robustness and practical applicability.
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Chapter 5

Conclusions & Suggestions for

Future Work Direction

5.1 Conclusions

From the present work on fault diagnosis in control loops, the following conclusions

are drawn.

1. The neural network-driven algorithms for accurate oscillation detection in

process datasets e"ectively integrate advanced feature engineering techniques

grounded in domain expertise. Notably, features from the FFT and the

FFT-ACF were utilized, with dominant peaks identified using a cycle count

threshold. Methodologies for estimating the period of oscillation and ampli-

tudes also performed well for both synthetic and industrial datasets.

2. For the synthetic dataset, a cycle count threshold of 2 to 3 gave the highest

accuracy of 96% when using a feature set of 802 features derived from both

FFT and FFT-ACF spectra. On a benchmark industrial dataset, the method

achieved an accuracy of 86.02%, demonstrating its ability to detect and

classify oscillations in complex industrial datasets. Additionally, the trained

neural network model performed the complete analysis in just a few seconds,

making the method highly e!cient for industrial applications.
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3. For estimating the period of oscillation, the method achieved a prediction

accuracy of 99.3% for regular oscillations within a ±5% tolerance for the

synthetic dataset and achieved 86.9% accuracy within a ±15% tolerance

for irregular oscillations. The amplitude estimation results showed that the

method consistently predicted amplitudes close to the actual values. Pe-

riod of oscillation and amplitude estimations for the industrial dataset also

showed accurate results.

4. A simple data-driven and computationally e!cient method for detecting

stiction in industrial control loops was presented. The proposed approach

generates heatmaps from multiple time-shifted versions of the normalized

time series signal. These generated heatmaps are used to highlight the slow-

varying regions, and then cycle-wise PV/OP heat ratios are computed. The

average of these heat ratios is then used as a feature for threshold-based

classification. The optimal threshold was obtained using ROC analysis, and

the proposed method was tested a set of 20 industrial loops. For optimal

heatmap parameters of ns = 10 and ϱshift = 2, the method correctly classified

19 out of 20 test loops, achieving a high accuracy of 95%.

5. Sensitivity analysis showed that moderate numbers of shifts are su!cient

to reveal the slow dynamics and are computationally e!cient. Overall, the

proposed method generalizes well across a wide range of industrial loops

and o"ers a good balance between accuracy, simplicity, and computational

e!ciency, making it suitable for near real-time monitoring and diagnosis of

control loop stiction in industrial settings.

6. Chapter 4 introduces a robust approach based on cross-correlation weighted

lag for root cause identification in multivariate processes with interconnected

control loops. One of the key advantages of the proposed ω -metric framework

is its computational e!ciency. Unlike methods that rely on causal graph con-

struction or entropy-based metrics, the proposed approach is grounded in
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simple statistical calculations, namely, cross-correlation and variance, which

are computationally inexpensive. Furthermore, these operations can be per-

formed independently for each pair of variables, allowing for straightforward

parallelization. This makes the method highly scalable and suitable for large-

scale plant-wide applications. The method’s data-driven nature eliminates

the need for prior knowledge or complex modeling, while maintaining robust

diagnostic performance.

7. Rigorous testing was conducted using 443 synthetic datasets, including 161

cases of white noise disturbances and 282 cases of sinusoidal disturbances,

generated for various multivariate processes with connected control loops.

The proposed ω -metric accurately identified the root cause in 94.41% of

cases with white noise disturbances and 88.65% of cases with sinusoidal

disturbances. Furthermore, when applied to industrial case studies such

as the CSTR and the Tennessee Eastman Process, the proposed ω -metric

exhibited good accuracy.

8. Overall, the studies presented in this thesis demonstrate the potential of sim-

ple, data-driven, and computationally e!cient methods for improving fault

diagnosis and control loop performance in industrial processes. Together,

they form a cohesive framework for oscillation detection, stiction diagnosis,

and root cause analysis that can support intelligent performance monitoring

in modern process industries.

5.2 Future Scope

There are still some unsolved issues in connection with the content of this thesis,

which are briefly described below.

1. Oscillation Detection: Future work could aim on improving the technique

for irregular oscillations and exploring its scalability and adaptability to

various industrial processes.

TH-4014_196107101



5.2 Future Scope 142

2. Oscillation Detection: The current approach uses a fixed cycle count

threshold εc, but future e"orts could explore adaptive threshold selection

based on signal characteristics, such as spectral content, noise level, loop

type, and available prior knowledge.

3. Oscillation Detection: Integrating the proposed method with plant-wide

oscillation diagnosis frameworks would enhance its practical deployment in

industrial settings, enabling large-scale and automated monitoring of control

loop performance.

4. Stiction Detection: Practitioners could apply denoising or signal prepro-

cessing techniques in case of loops with high noise levels.

5. Stiction Detection: The heatmaps themselves could be used for advanced

analytics, such as image-based or deep learning approaches, enabling real-

time, continuous monitoring in evolving industrial environments, and en-

hancing their applicability in large-scale process control systems.

6. Root Cause Analysis: Future research directions may involve testing the

algorithm under multiple concurrent faults, on larger datasets, and across

di"erent industrial plants to further assess robustness and practical applica-

bility.

7. Integrated Framework: Integrating all the proposed method for oscil-

lation detection, stiction diagnosis, and root cause analysis into a single,

plant-wide intelligent fault diagnosis framework would strengthen their in-

dustrial utility and pave the way for fully automated process monitoring and

diagnosis.

8. Web-Based Tool Development: As part of the future work, a web-based

tool is being developed to enable users to upload process data and perform

individual analyses such as oscillation detection, stiction diagnosis, and root

cause analysis, or execute a combined, all-in-one diagnostic analysis. Once

TH-4014_196107101



5.2 Future Scope 143

completed, this tool can be deployed online as an interactive platform to

demonstrate the practical applicability of the proposed methodologies and

facilitate their use by industrial practitioners.
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Appendix A

Confusion Matrix and Evaluation

Metric Computation

This appendix provides a brief explanation of the confusion matrix and how key

evaluation metrics accuracy, precision, and recall are computed for the classifica-

tion model.

A.1 Confusion Matrix

The confusion matrix is a summary of prediction results on a classification task.

For a multi-class classification with three classes (Class 0, Class 1, and Class 2),

it is structured as follows:

• Rows represent the actual (true) class labels.

• Columns represent the predicted class labels.

• Each cell [i, j] indicates the number of samples from actual class i predicted

as class j.

For example, the confusion matrix:
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



3928 13 44

100 2848 79

147 43 2798





indicates that 3928 instances of Class 0 were correctly classified as Class 0, while 13

and 44 instances of Class 0 were misclassified as Class 1 and Class 2, respectively

and so on.

A.2 Evaluation Metrics

From the confusion matrix, the following metrics are computed for each class

k ↘ {0, 1, 2}, where k represents the class label:

• True Positives (TP): Correct predictions for the class (diagonal entry).

• False Positives (FP): Instances from other classes incorrectly predicted as

this class.

• False Negatives (FN): Instances of this class incorrectly predicted as an-

other class.

Using these values, the evaluation metrics are computed as:

• Accuracy

Accuracy =
Total correct predictions
Total number of instances

• Precision (per class)

Precisionk =
TPk

TPk + FPk

• Recall (per class)

Recallk =
TPk

TPk + FNk
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Appendix B

Preliminary Results for the

Synthetic Dataset

B.1 Using only the FFT of the time-series data

This section presents the results for the test dataset using features derived solely

from the FFT of the time series data. A subset of 2m + 1 features, including

the maximum FFT value, was selected, and a neural network model with the

same structure was developed for each value of m. A sensitivity analysis was

conducted, and the results for precision, recall, and accuracy for di"erent feature

configurations are summarized in Table B.1.

The accuracy progressively increases from 62.47% to 96.1% on the test set as the

number of features expands from 11 (m = 5) to 4097 (full data). The use of 4097

features aligns with the work of Dambros et al. (2019c) [97], who achieved an

accuracy of 97% in their study. Employing all 4097 features results in the highest

precision for both class 0 and class 1, as well as the highest recall for class 0 and

class 2. However, this approach leads to a reduction in precision for class 2 and

a decrease in recall for class 1. The configuration using 401 features achieved an

accuracy of 95.48%, results indicate that reducing the number of features(from

4097 to 401) still maintains a high level of accuracy while significantly reducing
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Table B.1: Results of Oscillation Detection and Sensitivity Analysis Using only
FFT Features from Data for εc = 0.

No. of
Fea-
tures
(2m+
1)

Confusion
Matrix Accuracy

Precision Recall Computational
timeClass 0 Class 1 Class 2 Class 0 Class 1 Class 2

11
(m =
5)




2992 434 559
698 2145 184
1577 301 1110



 62.47% 0.568 0.745 0.599 0.751 0.709 0.371 28.5s

21 (m =
10)




3587 100 298
833 2082 112
1762 71 1155



 68.24% 0.580 0.924 0.738 0.900 0.688 0.387 33.6s

31 (m =
15)




3645 66 274
823 2110 94
1708 51 1229



 69.84% 0.590 0.947 0.770 0.915 0.697 0.411 42.3s

101
(m =
50)




3725 15 245
578 2344 105
1051 52 1885



 79.54% 0.696 0.972 0.843 0.935 0.774 0.631 49.5s

201
(m =
100)




3791 43 151
281 2685 61
489 99 2400



 88.76% 0.831 0.950 0.919 0.951 0.887 0.803 54.6s

401
(m =
200)




3914 16 55
100 2861 66
171 44 2773



 95.48% 0.935 0.979 0.958 0.982 0.945 0.928 67.1s

4097




3946 5 34
80 2850 97
123 51 2814



 96.10% 0.951 0.981 0.956 0.990 0.942 0.942 195.2s

computational complexity. Additionally, the model training time for 401 features

was approximately 67.1 seconds, whereas training the model with 4097 features

took over three minutes, specifically around 195.2 seconds, for the training set.

Figure B.1 shows the variation of precision and recall for all classes using subset

of features from only FFT spectra of the time series data and incorporating the

threshold εc. Addition of εc improves precision and recall across all classes partic-

ularly with higher εc values. Accuracy obtained for di"erent εc value is presented

in Table B.2. Accuracy of more than 80% was achieved with just 11 features for

Table B.2: Accuracy Results for Subsets of FFT Data using di"erent εc values

No. of Features (2m+ 1)
Accuracy (%)

εc = 0 εc = 1 εc = 2 εc = 2.5 εc = 3 εc = 4 εc = 5

11 (m = 5) 62.47 67.83 77.52 80.74 80.89 82.71 84.37
21 (m = 10) 68.24 70.60 82.07 85.17 86.29 87.96 89.57
31 (m = 15) 69.84 72.52 82.48 86.22 87.48 90.00 90.53
101 (m = 50) 79.54 79.76 86.36 88.78 89.57 91.63 91.32
201 (m = 100) 88.76 89.00 90.82 92.27 92.10 93.42 93.44
401 (m = 200) 95.48 94.91 95.31 95.55 95.60 95.43 94.25

4097 96.10 95.20 95.57 96.10 94.50 94.78 94.73
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(a) Class 0 Precision (b) Class 1 Precision (c) Class 2 Precision

(d) Class 0 Recall (e) Class 1 Recall (f) Class 2 Recall

Figure B.1: Variation in the performance metrics (precision and recall) of the
neural network classifier using only FFT features across di"erent classes with εc.
Subfigures (a), (b), and (c) represent precision for Classes 0, 1, and 2 respectively,
while subfigures (d), (e), and (f) represent recall for Classes 0, 1, and 2.

εc = 2.5 compared to 62.67% εc = 0. For εc values beyond 4, the increase in

accuracy is marginal, and in some cases, it even decreases (e.g., for 401 features,

the accuracy of 95.43% with εc = 4 and 94.25% with εc = 5).

B.2 Using features from the FFT of ACF

The process for selecting a subset of features from the FFT-ACF spectra follows

a similar approach. First, the maxima of the FFT-ACF spectra are identified

for each variable, and then 2m + 1 amplitude values around these maxima are

considered as features. For each value of m, the neural network architecture

described in Section 3.1 is applied. The resulting performance, presented in Table

B.3, varies depending on the chosen value of m. While an accuracy greater than

90% is achieved with 401 features, this performance is slightly lower than the case

where only a subset of features from the FFT of the data was used. Nevertheless,

the predictions indicate that the model successfully predicted the class in some

instances where the FFT-only feature set failed.
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Table B.3: Results of Oscillation Detection and Sensitivity Analysis Using only
FFT of ACF Features from Data for εc = 0.

No. of
Fea-
tures
(2m+
1)

Confusion
Matrix Accuracy

Precision Recall Computational
timeClass 0 Class 1 Class 2 Class 0 Class 1 Class 2

11
(m =
5)




3163 328 494
760 2124 143
1501 196 1291



 65.78% 0.583 0.802 0.670 0.794 0.702 0.432 35.8s

21 (m =
10)




3631 144 210
814 2151 62
1710 107 1171



 69.53% 0.590 0.896 0.812 0.911 0.711 0.392 44.4s

31 (m =
15)




3786 71 128
823 2146 58
1726 79 1183



 71.15% 0.598 0.935 0.864 0.950 0.709 0.396 50.5s

101
(m = 50)




3851 11 123
358 2299 370
617 74 2297



 84.47% 0.798 0.964 0.823 0.966 0.759 0.769 53.2s

201
(m =
100)




3891 9 85
174 2563 290
391 108 2489



 89.43% 0.873 0.956 0.869 0.976 0.847 0.833 56.4s

401
(m =
200)




3912 11 62
142 2830 155
421 89 2478



 91.20% 0.874 0.965 0.919 0.982 0.902 0.829 65.3s

4097




3918 8 59
75 2822 130
212 177 2599



 93.39% 0.932 0.938 0.932 0.983 0.932 0.870 195s

The approach with the FFT of ACF shows a consistent increase in accuracy with

the number of features. Accuracy ranges from 65.78% with 11 features to 93.39%

with 4097 features. This upward trend indicates that including more features

leads to better model performance, suggesting that the model benefits from a

richer feature set provided by the FFT of ACF. Precision values for Class 0, Class

1, and Class 2 improve as the number of features increases. For instance, with

11 features, precision values are 0.583 for Class 0, 0.802 for Class 1, and 0.670

for Class 2. With 4097 features, precision increases to 0.932 for Class 0, 0.938

for Class 1, and 0.932 for Class 2. This improvement demonstrates that having

more features allows the model to better distinguish between classes. Recall also

improves with the number of features. For example, with 11 features, recall values

are 0.794 for Class 0, 0.702 for Class 1, and 0.432 for Class 2. With 4097 features,

recall improves to 0.973 for Class 0, 0.793 for Class 1, and 0.489 for Class 2. This

indicates that more features help the model to capture more true positives.
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(a) Class 0 Precision (b) Class 1 Precision (c) Class 2 Precision

(d) Class 0 Recall (e) Class 1 Recall (f) Class 2 Recall

Figure B.2: Variation in the performance metrics (precision and recall) of the
neural network classifier using FFT of ACF features across di"erent classes with εc.
Subfigures (a), (b), and (c) represent precision for Classes 0, 1, and 2 respectively,
while subfigures (d), (e), and (f) represent recall for Classes 0, 1, and 2.

Table B.4: Accuracy Results for Subsets of FFT of ACF Data using di"erent εc
values

No. of Features (2m+ 1)
Accuracy (%)

εc = 0 εc = 1 εc = 2 εc = 2.5 εc = 3 εc = 4 εc = 5

11 (m = 5) 65.78 67.19 72.93 76.38 76.73 78.87 80.27
21 (m = 10) 69.53 70.68 76.41 78.43 80.02 82.06 83.13
31 (m = 15) 71.15 71.72 77.51 79.78 80.72 83.05 84.60
101 (m = 50) 84.47 83.68 86.35 87.01 87.77 88.45 88.89
201 (m = 100) 89.43 87.27 90.32 91.00 91.04 91.96 91.49
401 (m = 200) 91.20 92.41 93.42 92.60 91.83 92.64 92.06

4097 93.39 93.49 93.02 91.83 91.11 94.06 93.53

The FFT of ACF was combined with εc thresholds and sensitivity analysis was

performed. As shown in Figure B.2, the precision and recall values for all classes

are presented when a subset of FFT of ACF features is used, along with εc thresh-

olding. Both precision and recall improve as the εc threshold is increased.

Table B.4 presents the accuracy achieved when a subset of the FFT of ACF fea-

tures is used with cycle count threshold. For εc = 4, the accuracy ranges from

78.87% to 94.06%. While the FFT of ACF results in higher accuracy for fewer

features, the overall performance is still lower compared to the case where the

FFT of the data is used as input features.
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Appendix C

Detailed Results for the Industrial

Dataset

The complete results for oscillation detection and parameter estimation obtained

by applying the proposed technique to the dataset provided by Jelali and Huang[120]

are summarized in the table below. The actual class of each data entry is deter-

mined based on the available comments and visual inspection of the data.
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Table C.1: Detailed Results for the Industrial Dataset
PV Time Series Oscillation Detection Quantification

True Class Predicted Class Time Period Amplitude
BAS01 0 0 – –
BAS02 0 0 – –
BAS03 2 0 – –
BAS04 2 2 [304.88, 714.29, 331.13, 247.52] [0.038, 0.050, 0.039, 0.035]
BAS05 1 0 – –
BAS06 2 2 [12.66, 11.91, 13.52, 10.44] [0.579 0.564 0.583 0.554]
BAS07 2 2 [62.07, 52.85, 44.29, 75.13] [0.952, 0.906, 0.854, 1.010]
BAS08 2 0 – –

CHEM01 2 2 [160.51, 128.04, 146.20, 186.22] [0.792, 0.733, 0.770, 0.787]
CHEM02 2 2 [215.52, 46.55, 32.38, 28.34] [6.222, 2.487, 1.714, 1.522]
CHEM03 2 2 [884.96, 840.34, 1315.79, 980.39] [0.075, 0.075, 0.085, 0.079]
CHEM04 1 1 [16.75, 14.89, 19.32, 12.15] [7.685, 7.210, 7.648, 7.059]
CHEM05 2 2 [11.11, 10.04, 9.34, 8.84] [18.342, 18.0899, 17.245 16.083]
CHEM06 2 2 [55.34, 60.24, 47.35, 44.52] [28.861, 29.059, 26.500, 25.227]
CHEM07 0 0 – –
CHEM08 2 2 [10000.00, 4166.67, 3125.00, 1639.34] [2.378, 2.117, 1.448, 0.866]
CHEM09 0 0 – –
CHEM10 1 1 [4166.67, 3125.00, 1388.89, 2777.78] [1.584, 1.557, 0.973, 1.530]
CHEM11 1 1 [3703.70, 2857.14, 2564.10, 2380.95] [2.587, 2.405, 2.334, 2.329]
CHEM12 2 2 [14285.71, 6666.67, 9090.91, 5263.16] [4.266, 2.807, 3.666, 2.681]
CHEM13 2 2 [480.77, 454.55, 392.16, 416.67] [1.338, 1.327, 1.297, 1.321]
CHEM14 2 2 [469.48, 395.26, 418.41, 353.36] [1.115, 1.101, 1.103, 1.056]
CHEM15 2 0 – –
CHEM16 2 2 [378.79, 272.48, 350.88, 318.47] [1.098, 0.960, 1.086, 1.036]
CHEM17 2 2 [469.48, 416.67, 392.16, 500.00] [0.744, 0.738, 0.721, 0.749]
CHEM18 2 2 [342.47, 288.18, 2272.73, 406.50] [1.916, 1.667, 4.161, 2.066]
CHEM19 1 1 [1587.30, 1234.57, 757.58, 934.58] [3.938, 3.807, 3.471, 3.576]
CHEM20 2 2 [2380.95, 1162.79, 88.73, 1538.46] [1.471, 1.058, 0.293, 1.396]
CHEM21 2 2 [104.38, 99.01, 110.99, 2325.58] [0.286, 0.271, 0.286, 0.833]
CHEM22 2 2 [1612.90, 1098.90, 555.56, 740.74] [0.172, 0.148, 0.092, 0.111]
CHEM23 1 1 [1282.05, 1123.60, 1041.67, 408.16] [0.387, 0.384, 0.383, 0.249]
CHEM24 2 2 [543.48, 135.87, 438.60, 363.64] [48.632, 22.150, 47.631, 44.172]
CHEM25 2 2 [188.68, 172.71, 207.90, 221.24] [0.086, 0.085, 0.087, 0.088]
CHEM26 1 1 [1492.54, 1282.05, 1136.36, 735.29] [2.841, 2.776, 2.618, 1.851]
CHEM27 2 2 [1666.67, 1428.57, 1098.90, 2000.00] [2.269, 2.262, 2.003, 2.302]
CHEM28 1 1 [1515.15, 1176.47, 1010.10, 892.86] [1.817, 1.712, 1.655, 1.583]
CHEM29 2 2 [1190.48, 1298.70, 1020.41, 1408.45] [71.39, 72.9, 68.2, 75.08]
CHEM30 2 2 [724.64, 100000.00, 20000.00, 1851.85] [159.9, 475.2, 324.8, 185.5]
CHEM31 2 2 [109.53, 102.67, 115.47, 97.28] [653.04, 626.57, 651.91, 626.86]
CHEM32 1 1 [900.90, 847.46, 1020.41, 751.88] [10.127, 10.214, 10.110, 9.892]
CHEM33 2 2 [109.17, 262.47, 2857.14, 116.96] [0.261, 0.368, 0.752,0.273]
CHEM34 2 2 [62.19, 75.70, 71.12, 100.30] [4.799, 5.144, 5.390, 5.643]
CHEM35 2 2 [165.56, 184.84, 198.02, 173.91] [5.563, 5.751, 5.774, 5.581]
CHEM36 2 2 [1639.34, 1282.05, 980.39, 1136.36] [1.668, 1.749, 1.575, 1.641]
CHEM37 2 2 [2941.18, 1754.39, 1351.35, 1470.59] [3.350, 2.690, 2.477, 2.643]
CHEM38 2 2 [1851.85, 1388.89, 2702.70, 826.45] [0.067, 0.065, 0.072, 0.042]
CHEM39 2 2 [304.88, 518.13, 392.16, 266.67] [0.009, 0.012, 0.011, 0.010]
CHEM40 0 0 – –
CHEM41 1 1 [1000.00, 1063.83, 943.40, 1123.60] [1.287, 1.306, 1.279, 1.317]
CHEM42 1 1 [1000.00, 1052.63, 943.40, 1123.60] [1.320, 1.333, 1.293, 1.350]
CHEM43 2 2 [1000.00, 1052.63, 943.40, 892.86] [0.936, 0.973, 0.923, 0.892]
CHEM44 1 1 [20000.00, 14285.71, 10000.00, 9090.91] [1.503, 1.277, 1.054, 1.030]
CHEM45 0 0 – –
CHEM46 0 0 – –
CHEM47 0 2 [990.10, 1052.63, 934.58, 396.83] [0.512, 0.517, 0.513, 0.301]
CHEM48 0 2 [25000.00, 990.10, 2040.82, 50000.00] [0.979, 0.185, 0.233, 1.357]
CHEM49 1 1 [1000.00, 1063.83, 925.93, 877.19] [1.331, 1.336, 1.312, 1.290]
CHEM50 1 1 [1000.00, 1052.63, 497.51, 934.58] [1.697, 1.703, 1.224, 1.651]
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Table C.2: Detailed Results for the Industrial Dataset (Continued)
PV Time Series Oscillation Detection Quantification

True Class Predicted Class Time Period Amplitude
CHEM51 2 2 [3030.30, 2702.70, 3225.81, 2857.14] [1.572, 1.483, 1.582, 1.497]
CHEM52 2 2 [990.10, 2380.95, 2222.22, 5000.00] [1.281, 1.790, 1.781, 2.149]
CHEM53 0 0 – –
CHEM54 0 0 – –
CHEM55 2 2 2272.73, 1538.46, 990.10, 1219.51] [1.590, 1.269, 0.967, 1.141]
CHEM56 0 2 [5000.00, 1000.00, 709.22, 653.59] [1.154, 0.646, 0.555, 0.512]
CHEM57 2 2 [1000.00, 1052.63, 460.83, 537.63] [1.608, 1.644, 1.043, 1.157]
CHEM58 0 0 – –
CHEM59 0 2 [5000.00, 4545.45, 709.22, 990.10] [0.846, 0.871, 0.410, 0.476]
CHEM60 2 0 – –
CHEM61 0 0 – –
CHEM62 0 2 [1000.00, 1052.63, 943.40, 520.83] [0.544, 0.543, 0.527, 0.366]
CHEM63 2 2 [1000.00, 578.03, 520.83, 666.67] [1.561, 1.411, 1.359, 1.472]
MET01 1 1 [5.06, 0.33, 0.89, 0.39] [0.020, 0.005, 0.009, 0.006]
MET02 2 1 [1.34, 0.67, 0.55, 0.37] [0.005, 0.004, 0.003, 0.002]
MET03 2 1 [0.66, 0.41, 1.74, 1.04] [0.003, 0.003, 0.005, 0.004]
MIN01 2 2 [6666.67, 3333.33, 4000.00, 7692.31] [10.339, 7.121, 7.984, 10.945]
PAP01 2 2 [327.87, 194.93, 115.34, 101.11] [1.758, 1.648, 1.340, 1.090]
PAP02 1 1 [42.23, 44.52, 13.79, 35.16] [2.330, 2.327, 1.187, 2.196]
PAP03 2 2 [64.52, 73.80, 87.18, 78.74] [2.674, 2.783, 2.924, 2.837]
PAP04 1 1 [42.23, 44.52, 37.58, 35.16] [17.908, 18.028, 17.87, 17.652]
PAP05 2 2 [154.56, 143.68, 134.23, 182.15] [0.086, 0.084, 0.084, 0.089]
PAP06 1 2 [303.03, 0.00, 0.00, 0.00] [2.698, 0.000, 0.000, 0.000]
PAP07 2 2 [45.33, 210.97, 77.88, 54.73] [0.043, 0.076, 0.055, 0.047]
PAP08 2 2 [17.47, 18.37, 16.52, 15.28] [1.528, 1.568, 1.518, 1.489]
PAP09 1 1 [134.23, 120.48, 112.23, 81.10] [18.386, 18.042, 17.860, 16.450]
PAP10 1 1 [33.85, 31.03, 35.61, 29.46] [0.685, 0.701, 0.691, 0.681]
PAP11 0 0 – –
PAP12 2 2 [854.70, 689.66, 775.19, 641.03] [5.732, 5.452, 5.481, 5.075]
PAP13 1 1 [854.70, 909.09, 746.27, 980.39] [0.957, 0.959, 0.942, 0.964]
POW01 2 2 [89.61, 111.36, 98.23, 119.05] [0.337, 0.348, 0.344, 0.351]
POW02 1 1 [292.40, 221.24, 146.20, 207.04] [0.805, 0.762, 0.627, 0.746]
POW03 2 2 [526.32, 602.41, 671.14, 561.80] [0.279, 0.285, 0.291, 0.282]
POW04 1 1 [242.13, 255.75, 217.86, 273.22] [0.503, 0.506, 0.497, 0.510]
POW05 2 2 [242.13, 255.75, 229.89, 121.21] [0.776, 0.782, 0.764, 0.549]
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Appendix D

Detailed Results for Sensitivity

Analysis of Hyperparameters

D.1 Ranking Methodology and Performance Eval-

uation

A comprehensive sensitivity analysis was conducted to assess the impact of key

hyperparameters on the neural network’s performance in oscillation detection. The

hyperparameters analyzed include the optimizer, activation function, batch size,

number of epochs, and neuron configuration. The evaluation was based on two

key metrics:

• Accuracy (%): A higher value indicates better performance in classification.

• Training Time (sec): A lower value is preferred to ensure computational

e!ciency.

For each hyperparameter, models were trained with di"erent settings, and the

results were ranked. The ranking prioritizes higher accuracy while considering

training time e!ciency. Rankings were determined based on the median values

obtained from multiple runs to ensure robustness against outliers.

159TH-4014_196107101



D.1 Ranking Methodology and Performance Evaluation 160

Boxplots were used to visualize the impact of hyperparameter variations. A box-

plot is a statistical tool that provides a summary of data distribution, highlighting

the following elements:

• Median (central line in the box): Represents the middle value of the dataset.

• Interquartile Range (IQR, the box): Shows the spread of the middle 50% of

the data.

• Whiskers: Indicate the range of data within 1.5 times the IQR from the

quartiles.

• Outliers (points beyond whiskers): Represent values significantly di"erent

from the rest of the dataset.

Figure D.1 illustrates the boxplot representation of the data distribution, clearly

showing the median, interquartile range (IQR), whiskers, and outliers. This visu-

alization aids in understanding the variability and distribution characteristics of

the hyperparameter e"ects.

Figure D.1: Boxplot representation of data distribution, illustrating the median,
interquartile range (IQR), whiskers, and outliers.

By examining the boxplots, one can observe how di"erent hyperparameter choices

impact accuracy and training time. A narrower interquartile range with a high
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(a) E!ect of Optimizer on Accuracy (b) E!ect of Optimizer on Training Time

Figure D.2: Impact of Optimizer on Model Performance

median indicates stable and high performance, whereas wider boxes or the presence

of extreme outliers suggest variability in performance.

D.2 Impact of Hyperparameters

The results for each hyperparameter are presented in Figure D.2 through Fig-

ure D.6. Each figure consists of two subplots: one for accuracy and the other

for training time. The evaluation was based on two performance metrics: accu-

racy (%) and training time (sec). Ranked results for each hyperparameter were

obtained, prioritizing higher accuracy and lower training time.

(a) E!ect of Activation Function on Accu-
racy

(b) E!ect of Activation Function on Train-
ing Time

Figure D.3: Impact of Activation Function on Model Performance
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D.2.1 Optimizer Impact

The choice of optimizer significantly a"ected both accuracy and training time.

The Adamax and Adam optimizers achieved the highest median accuracy (96%),

while SGD had the lowest accuracy (82%). However, in terms of computational

e!ciency, Adam resulted in the lowest training time (154.14 sec), closely followed

by SGD (160.50 sec). In contrast, RMSprop had the highest training time (178.98

sec). The results indicate that while Adamax and Adam both provide optimal

accuracy, Adam o"ers the best balance between accuracy and computational cost.

D.2.2 Activation Function Impact

The analysis of activation functions showed that Tanh provided the highest ac-

curacy (96%), followed by Hard Sigmoid and Sigmoid (94%). ReLU had slightly

lower accuracy (93%). Regarding training time, Sigmoid was the fastest (136.43

sec), whereas Hard Sigmoid was the slowest (265.61 sec). Given its high accuracy

and reasonable training time (141.97 sec), Tanh emerges as the best activation

function for this model.

D.2.3 Batch Size Impact

Batch size influences both model convergence and computational e!ciency. The

highest accuracy (96%) was obtained with batch size 1000, while larger batch sizes

(5000 and 10000) resulted in slightly lower accuracy (95% and 94%, respectively).

The largest batch size (20000) had the lowest accuracy (89%). However, training

time was inversely proportional to batch size, with batch size 10000 providing the

fastest training time (130.11 sec). Although batch size 1000 achieved the highest

accuracy, its training time was significantly longer (293.72 sec). A batch size of

5000 o"ers a reasonable trade-o" between accuracy (95%) and training e!ciency

(165.62 sec).
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(a) E!ect of Batch Size on Accuracy (b) E!ect of Batch Size on Training Time

Figure D.4: Impact of Batch Size on Model Performance

(a) E!ect of Epochs on Accuracy (b) E!ect of Epochs on Training Time

Figure D.5: Impact of Epochs on Model Performance
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D.2.4 Epochs Impact

A higher number of epochs generally improved accuracy but increased training

time. The best accuracy (96%) was observed at 50 epochs, followed by 30 epochs

(95%). Reducing the epochs to 10 resulted in a lower accuracy (91%) but sig-

nificantly reduced training time (79.26 sec). While 50 epochs yielded the best

accuracy, 30 epochs appears to be the optimal choice, balancing accuracy and

computational e!ciency (170.44 sec training time).

D.2.5 Neuron Configuration Impact

The complexity of the neural network was analyzed by varying the number of

neurons in the hidden layers. The configuration [600, 200, 50] achieved the highest

accuracy (96%), but required the longest training time (255.51 sec). The smallest

configuration, [200, 50, 10], had the lowest accuracy (93%) but trained significantly

faster (107.87 sec). The [400, 100, 20] configuration provided a balance with 95%

accuracy and a reasonable training time of 206.25 sec, making it a practical choice.

(a) E!ect of Neurons on Accuracy (b) E!ect of Neurons on Training Time

Figure D.6: Impact of Neurons on Model Performance

D.2.6 Summary of Optimal Hyperparameter Selection

Based on the sensitivity analysis, the following hyperparameter combination is

recommended for achieving an optimal balance between accuracy and training
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e!ciency:

• Optimizer: Adam (96% accuracy, 154.14 sec training time)

• Activation Function: Tanh (96% accuracy, 141.97 sec training time)

• Batch Size: 5000 (95% accuracy, 165.62 sec training time)

• Epochs: 30 (95% accuracy, 170.44 sec training time)

• Neuron Configuration: [400, 100, 20] (95% accuracy, 206.25 sec training

time)

This configuration provides high accuracy while maintaining a reasonable com-

putational cost, ensuring the model is both e"ective and e!cient for oscillation

detection.
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Appendix E

Detailed Structure of Transfer

Functions for Example: 4 (50 → 50)

System

A large multivariable connected control loop system with 50 PV and 50 OP vari-

ables is considered.

E.1 Process Transfer Function (GP)

The process transfer function GP is represented by the following matrix:

GP =





G1,1 G1,2 · · · G1,50

G2,1 G2,2 · · · G2,50

...
... . . . ...

G50,1 G50,2 · · · G50,50





All diagonal elements are equal to 1. Except the transfer functions given below,

all other transfer functions are kept as 0.
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G2,15 =
→0.24359s + 0.081198

s2 + 1.3333s + 0.33333

G2,23 =
→0.85439s + 0.24411

3s2 + 1.8571s + 0.28571

G2,27 =
→0.73793s + 0.16398

3s2 + 1.6667s + 0.22222

G3,40 =
→0.86666s + 0.24762

3s2 + 1.8571s + 0.28571

G5,19 =
→0.26584s + 0.53169

3s2 + 7s + 2

G5,34 =
→0.5653s + 0.11306

5s2 + 2s + 0.2

G5,35 =
→0.17807s + 0.050876

2s2 + 1.5714s + 0.28571

G7,6 =
→0.31245s + 0.62489

3s2 + 7s + 2

G7,24 =
→0.78767s + 1.5753

2s2 + 5s + 2

G7,39 =
→0.40908s + 0.40908

4s2 + 5s + 1

G8,48 =
→0.10002s + 0.20004

3s2 + 7s + 2

G9,3 =
→0.80809s + 0.26936

4s2 + 2.3333s + 0.33333

G9,16 =
→0.43851s + 0.10963

5s2 + 2.25s + 0.25

G9,30 =
→0.5206s + 0.20824

2s2 + 1.8s + 0.4

G9,36 =
→0.7953s + 0.17673

3s2 + 1.6667s + 0.22222

G9,38 =
→0.50678s + 1.0136

s2 + 3s + 2

G9,45 =
→0.52478s + 0.13119

5s2 + 2.25s + 0.25

G11,10 =
→0.10354s + 0.025885

2s2 + 1.5s + 0.25

G11,30 =
→0.35953s + 0.071906

3s2 + 1.6s + 0.2

G12,9 =
→0.32812s + 0.10937

s2 + 1.3333s + 0.33333

G12,18 =
→0.41423s + 0.092051

4s2 + 1.8889s + 0.22222

G12,45 =
→0.72535s + 0.16119

2s2 + 1.4444s + 0.22222

G13,11 =
→0.42982s + 0.095515

5s2 + 2.1111s + 0.22222

G13,39 =
→0.56608s + 0.16174

5s2 + 2.4286s + 0.28571

G13,42 =
→0.7729s + 1.5458

3s2 + 7s + 2

G14,35 =
→0.44976s + 0.099947

3s2 + 1.6667s + 0.22222

G15,7 =
→0.45705s + 0.13059

2s2 + 1.5714s + 0.28571

G15,18 =
→0.13843s + 0.034608

2s2 + 1.5s + 0.25

G15,42 =
→0.89913s + 0.22478

3s2 + 1.75s + 0.25

G15,46 =
→0.62305s + 1.2461

3s2 + 7s + 2

G17,16 =
→0.53338s + 0.35559

4s2 + 3.6667s + 0.66667

G17,23 =
→0.65402s + 1.308

4s2 + 9s + 2

G17,32 =
→0.87952s + 0.21988

4s2 + 2s + 0.25

G18,34 =
→0.58302s + 0.12956

4s2 + 1.8889s + 0.22222

G19,4 =
→0.16819s + 0.056064

2s2 + 1.6667s + 0.33333

G19,17 =
→0.82654s + 0.33062

3s2 + 2.2s + 0.4

G19,28 =
→0.20508s + 0.058596

5s2 + 2.4286s + 0.28571

G20,46 =
→0.48599s + 0.108

4s2 + 1.8889s + 0.22222

G21,2 =
→0.1441s + 0.032022

5s2 + 2.1111s + 0.22222

G21,28 =
→0.62228s + 0.13828

2s2 + 1.4444s + 0.22222

G22,17 =
→0.60531s + 0.60531

5s2 + 6s + 1

G22,38 =
→0.35042s + 0.35042

2s2 + 3s + 1

G24,26 =
→0.11623s + 0.023247

s2 + 1.2s + 0.2

G24,45 =
→0.21776s + 0.043552

2s2 + 1.4s + 0.2

G25,11 =
→0.35929s + 0.11976

5s2 + 2.6667s + 0.33333

G25,31 =
→0.12612s + 0.036035

s2 + 1.2857s + 0.28571

G25,42 =
→0.47304s + 0.23652

5s2 + 3.5s + 0.5

G26,14 =
→0.21043s + 0.042086

2s2 + 1.4s + 0.2
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G26,42 =
→0.63012s + 0.42008

3s2 + 3s + 0.66667

G27,1 =
→0.86661s + 0.19258

3s2 + 1.6667s + 0.22222

G29,34 =
→0.3107s + 0.062141

4s2 + 1.8s + 0.2

G29,41 =
→0.27954s + 0.069884

2s2 + 1.5s + 0.25

G30,1 =
→0.40516s + 0.81031

3s2 + 7s + 2

G30,9 =
→0.11031s + 0.031518

4s2 + 2.1429s + 0.28571

G31,5 =
→0.6605s + 0.33025

4s2 + 3s + 0.5

G31,23 =
→0.34389s + 0.22926

s2 + 1.6667s + 0.66667

G33,4 =
→0.16256s + 0.046447

2s2 + 1.5714s + 0.28571

G34,5 =
→0.7519s + 0.30076

s2 + 1.4s + 0.4

G34,8 =
→0.2101s + 0.070032

2s2 + 1.6667s + 0.33333

G34,38 =
→0.55678s + 0.37119

2s2 + 2.3333s + 0.66667

G35,6 =
→0.18017s + 0.12011

2s2 + 2.3333s + 0.66667

G35,26 =
→0.18628s + 0.04657

2s2 + 1.5s + 0.25

G35,40 =
→0.13429s + 0.067143

3s2 + 2.5s + 0.5

G36,12 =
→0.35537s + 0.14215

5s2 + 3s + 0.4

G36,13 =
→0.76895s + 0.2197

4s2 + 2.1429s + 0.28571

G36,32 =
→0.12713s + 0.05085

4s2 + 2.6s + 0.4

G36,43 =
→0.27648s + 0.06912

s2 + 1.25s + 0.25

G37,19 =
→0.53306s + 0.10661

5s2 + 2s + 0.2

G37,21 =
→0.2542s + 0.2542

5s2 + 6s + 1

G37,29 =
→0.56951s + 0.12656

5s2 + 2.1111s + 0.22222

G37,44 =
→0.59908s + 0.17117

3s2 + 1.8571s + 0.28571

G37,50 =
→0.33058s + 0.094452

3s2 + 1.8571s + 0.28571

G38,25 =
→0.61839s + 0.12368

s2 + 1.2s + 0.2

G38,42 =
→0.87879s + 0.2197

4s2 + 2s + 0.25

G39,34 =
→0.89244s + 0.59496

3s2 + 3s + 0.66667

G40,7 =
→0.60234s + 0.12047

4s2 + 1.8s + 0.2

G40,12 =
→0.50687s + 0.33791

2s2 + 2.3333s + 0.66667

G40,24 =
→0.41054s + 0.082107

4s2 + 1.8s + 0.2

G40,30 =
→0.20998s + 0.083992

s2 + 1.4s + 0.4

G40,49 =
→0.10913s + 0.072752

4s2 + 3.6667s + 0.66667

G41,5 =
→0.54307s + 0.36205

3s2 + 3s + 0.66667

G41,28 =
→0.66977s + 0.33489

3s2 + 2.5s + 0.5

G43,9 =
→0.12381s + 0.027513

2s2 + 1.4444s + 0.22222

G43,19 =
→0.69516s + 0.17379

s2 + 1.25s + 0.25

G43,42 =
→0.80427s + 0.20107

s2 + 1.25s + 0.25

G44,42 =
→0.82848s + 0.33139

4s2 + 2.6s + 0.4

G45,15 =
→0.6745s + 0.22483

3s2 + 2s + 0.33333

G46,11 =
→0.34257s + 0.11419

2s2 + 1.6667s + 0.33333

G46,12 =
→0.29935s + 0.29935

4s2 + 5s + 1

G46,33 =
→0.73455s + 0.14691

4s2 + 1.8s + 0.2

G46,44 =
→0.73146s + 0.36573

3s2 + 2.5s + 0.5

G47,18 =
→0.11772s + 0.026159

3s2 + 1.6667s + 0.22222

G47,38 =
→0.77705s + 0.38853

5s2 + 3.5s + 0.5

G49,24 =
→0.42699s + 0.2135

s2 + 1.5s + 0.5

G49,26 =
→0.40604s + 0.40604

4s2 + 5s + 1

G49,29 =
→0.68261s + 0.22754

3s2 + 2s + 0.33333

G49,33 =
→0.87596s + 0.25028

4s2 + 2.1429s + 0.28571

G49,39 =
→0.35116s + 0.14046

5s2 + 3s + 0.4

G50,14 =
→0.63786s + 0.63786

4s2 + 5s + 1
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E.2 Controller Transfer Function (GC)

GC = I (50 × 50 identity matrix), i.e., all elements except diagonal are kept as 0.

G1,1 = 5.101s+0.3026
s

G2,2 = 0.094s+0.1881
s

G3,3 = 1.894s+0.5249
s

G4,4 = 0.6904s+0.134
s

G5,5 = 1.263s+0.6763
s

G6,6 = 15.74s+3.531
s

G7,7 = 264.4s+29.29
s

G8,8 = 1.504s+0.2324
s

G9,9 = 0.8204s+0.6138
s

G10,10 = 0.8667s+0.1344
s

G11,11 = 5.101s+0.8026
s

G12,12 = 0.094s+0.1881
s

G13,13 = 1.894s+0.5249
s

G14,14 = 0.6904s+0.134
s

G15,15 = 1.263s+0.6763
s

G16,16 = 15.74s+3.531
s

G17,17 = 26.4s+51.29
s

G18,18 = 1.504s+0.2324
s

G19,19 = 0.8204s+0.6138
s

G20,20 = 0.8667s+0.1344
s

G21,21 = 5.101s+0.8026
s

G22,22 = 0.094s+0.1881
s

G23,23 = 1.894s+0.5249
s

G24,24 = 0.6904s+0.134
s

G25,25 = 1.263s+0.6763
s

G26,26 = 15.74s+3.531
s

G27,27 = 14.4s+33.29
s

G28,28 = 1.504s+0.2324
s

G29,29 = 0.8204s+0.6138
s

G30,30 = 0.8667s+0.1344
s

G31,31 = 5.101s+0.8026
s

G32,32 = 0.094s+0.1881
s

G33,33 = 1.894s+0.5249
s

G34,34 = 0.6904s+0.134
s

G35,35 = 1.263s+0.6763
s

G36,36 = 15.74s+3.531
s

G37,37 = 22.4s+41.29
s

G38,38 = 1.504s+0.2324
s

G39,39 = 0.8204s+0.6138
s

G40,40 = 0.8667s+0.1344
s

G41,41 = 5.101s+0.8026
s

G42,42 = 0.094s+0.1881
s

G43,43 = 1.894s+0.5249
s

G44,44 = 0.6904s+0.134
s

G45,45 = 1.263s+0.6763
s

G46,46 = 15.74s+3.531
s

G47,47 = 18.94s+31.29
s

G48,48 = 1.504s+0.2324
s

G49,49 = 0.8204s+0.6138
s

G50,50 = 0.8667s+0.1344
s
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E.3 Sensor Noise (Gm) and Noise Power Values (ϑ)

Measurement noise H(s) is introduced using zero-mean Gaussian white noise N(s)

with noise power values ϑ, with each noise signal generated using a di"erent seed.

H(s) = N(s) is obtained by setting Gm to be a 50→ 50 identity matrix.

The noise power values ϑ and corresponding seeds are given below:

Variable ϑ Seed

1 0.019 23342

2 0.011 23343

3 0.015 23341

4 0.023 23443

5 0.018 23442

6 0.013 23441

7 0.02 23344

8 0.014 23343

9 0.016 23442

10 0.01 23441

11 0.019 23442

12 0.011 23443

13 0.015 23441

14 0.023 23443

15 0.018 23442

16 0.013 23441

17 0.02 23344

18 0.014 23343

19 0.016 23342

20 0.01 23341

21 0.019 23342

22 0.011 23343

23 0.015 23341

24 0.023 23443

25 0.018 23442

Variable ϑ Seed

26 0.013 23441

27 0.013 23441

28 0.02 23444

29 0.014 23343

30 0.016 23342

31 0.01 23341

32 0.019 23342

33 0.011 23343

34 0.023 23443

35 0.018 23442

36 0.013 23441

37 0.02 23344

38 0.014 23343

39 0.016 23342

40 0.01 23341

41 0.019 23342

42 0.011 23343

43 0.015 23341

44 0.023 23443

45 0.018 23442

46 0.013 23441

47 0.02 23344

48 0.014 23343

49 0.016 23342

50 0.01 23341
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