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ABSTRACT 

 

Fault detection and isolation techniques are important aspects in the chemical 

industry to ensure safe and proper operation. Some industrial processes are complex, and 

it is difficult to have an accurate mathematical model describing these processes. In such 

cases, data-based methods are useful tools for fault detection and diagnosis. Process data 

in chemical processes are usually contaminated with noise and are highly nonlinear in 

nature with complex correlated variables. The objective of this work is to develop methods 

and algorithms for early and accurate detection and isolation of faults within a process, 

allowing corrective actions to be taken quickly. 

First, a novel optimized diagnostic method for the detection of an abnormal event 

is developed by combining nonlinear fault detection methods with a composite hypothesis 

statistical test to accurately and reliably detect faults in the system. The multiscale kernel 

partial least square (MSKPLS)- based generalized likelihood ratio test (GLRT) algorithm 

has been developed to handle process noise and correlated data sets to increase reliability 

when determining faults within a chemical system. Once the fault has been detected in the 

process data, it is important to isolate and identify the faulty equipment. A fault isolation 

and identification approach is developed by combining the GLRT-based contribution plot 

to isolate the faulty variable in the process data, and the principle component analysis 

(PCA)-based Euclidian distance classifier to accurately identify faults. 

A novel hybrid observer and fault detection model is also developed for a batch 

bioreactor system to monitor and estimate the states of the bioreactor. The hybrid observer 
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model was developed by a combination of the neural network partial least square 

(NNPLS) regression (to estimate a subset of process states) and an unknown input 

nonlinear observer or state-estimation technique to accurately determine a complete set of 

state estimates. In addition, a standalone software incorporating all the developed fault 

detection, diagnosis and prediction algorithms has been developed. The standalone 

software is designed with GUI (graphical user interface) capable of being applied both in 

an online and offline mode. The developed GUI software will aid in the implementation 

of the data-based algorithms to industrial processes. 
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1. INTRODUCTION AND LITERATURE REVIEW 

 

1.1. Motivation 

Process monitoring is an important aspect of the chemical industry to ensure safety 

and to maintain product quality. The most important facets of the process monitoring are 

fault detection and fault diagnosis. These involve early detection of process drifts, 

abnormality, identifying the faulty equipment or origins and then taking corrective action 

by the human operator. Due to the broad scope of detection activity caused by several 

malfunctions such as equipment failure, process drifts, process degradation, etc., and due 

to the complexity and size of the industrial operations, it is difficult to completely rely on 

human operators to cope with process monitoring issues [1]. 

Industrial statistics has shown that minor accidents caused by a poor abnormal 

event management (AEM) are very common in chemical plants and have resulted in 

occupational injuries, illnesses, and monetary losses [1], [2]. It has been reported that poor 

AEM has caused the petroleum industry in US approximately 20 billion dollars in annual 

losses. Likewise, in 2000, the British economy suffered up to 27 billion dollars annual 

losses due to poor AEM in petrochemical, pharmaceutical, specialty chemicals, and power 

etc. [3], [4]. Hence, there is a need to develop models and algorithms to detect and 

diagnose abnormalities in plants so that a safe and efficient operation can be ensured. 

The industrial process data are nonlinear, noisy, and are correlated, it has been seen 

that these factors negatively affects the fault detection performance of the developed data-

based models in the literature. In this dissertation, the above research gap has been tackled 
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with development of a novel optimized data-based algorithm, which can be efficiently 

applied to industrial processes. In the developed algorithm, a multiscale representation of 

the data is combined with a nonlinear data-based model, and a composite hypothesis test 

to develop an effective technique. Also, a stochastic optimization technique is utilized to 

optimize the data-based model and to improve the overall fault detection and diagnosis 

performance. 

Estimation of states of a bioreactor system is important for the application of 

process control, optimization and to increase the productivity. A measurement of a specific 

state is required for the system to be observable, and then a nonlinear observer model can 

be developed to estimate all the states of the system. But in certain cases a hardware-based 

sensor required to measure the specific state is not available or is expensive, for these 

cases we have developed a soft sensor based on nonlinear data-based regression to predict 

the unmeasured state. The hybrid model will combine the data-based model to predict the 

subset of states, and a nonlinear unknown input observer will estimate a complete set of 

process states. 

While it is important to develop novel algorithms and models to detect and 

diagnose the fault, equal emphasize needs to be given on the application of the developed 

algorithm to actual industrial processes. Hence, in this dissertation, a novel graphical user 

interface (GUI)-based standalone software is developed that will aid in the application of 

all the established algorithm to a wide range of industrial process data. The design of the 

GUI software was motivated from established process control applications currently used 

in an industry. 
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1.2. Literature Review 

Many methods are widely discussed in the literature for fault detection, and they 

can be subdivided into quantitative model-based methods, qualitative model-based 

methods, and data-based methods [1], [5]–[9]. 

1.2.1. Model-based Method for Fault Detection 

Model-based fault detection and diagnosis methods use a mathematical model of 

the supervised system. Model-based methods require two steps; in the first step, a residual 

is generated by comparing an actual and expected data. In the second step, diagnosis is 

performed by using a decision rule. A residual can be generated by using a hardware 

redundancy or analytical redundancy. The main disadvantage with a hardware redundancy 

is the extra cost and space for all the hardware sensors. To generate a residual, derived 

first principle based models or black box models derived empirically can be used. In the 

literature, various models and observers are discussed to compute a residual specifically 

designed for a linearized system model, dynamic models, disturbance decoupling, 

diagnostic observers etc. [10]–[14]. Figure 1.1 shows the overview of the model-based 

fault detection methods. Model-based methods are used to estimate the states of the 

process, and then a residual is computed by comparing the estimates with the output 

measurement. 
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Figure 1.1 Model-based fault detection residual generation 

 

State estimation techniques can be broadly classified into an observer-based and 

filter-based stochastic methods. In this two categories, the Luenberger observer and the 

Kalman filter are widely used state estimation techniques [15]–[18]. Consider a linear time 

invariant continuous system in the Equations (1.1) and (1.2). 

 �̇�(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) (1.1) 

 𝑦(𝑡) = 𝐶𝑥(𝑡), (1.2) 

where 𝑥, 𝑦 and 𝑢 are the states, outputs and inputs of the system. 𝐴, 𝐵, and 𝐶 are the 

coefficient matrix. The feed-back observer for the above system is shown in Equation (1.3) 

and (1.4), where 𝐾 is the observer parameter. 

 �̇̂�(𝑡) = (𝐴 − 𝐾𝐶)�̂�(𝑡) + 𝐵𝑢(𝑡) + 𝐾𝑦(𝑡) (1.3) 

 �̂�(𝑡) = 𝐶�̂�(𝑡). (1.4) 

Alternatively, a nonlinear model-based observer has also been developed in the 

literature [19]–[25]. Residual generated by a state estimation technique are designed to be 
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fault sensitive and fault selective to facilitate in the isolation. A structural residual and a 

directional residual approach have been developed in the literature, structural residual 

respond to a subset of the fault selectively and have a binary fault signature for the 

isolation of the fault. Directional residual are confined to a fault specific direction and the 

fault is isolated by determining the predefined direction of the residual [1], [26]–[28]. 

In the second step, residuals are evaluated to have a fault detection and diagnosis 

decision. In the residual generation, there is tradeoff between fast and reliable detection. 

The residual evaluation can be done by using a simple threshold functions, statistical 

classifier, neural network approach, parity relations, Kalman filters etc. [10], [11], [29]–

[33]. Industrial processes are very complex in nature, adding increased difficulty when 

developing accurate mathematical models describing the processes. Thus, some of the 

model-based approaches are limited to linear and some specific nonlinear system models. 

General nonlinear models that use a linear approximation might reduce the fault detection 

performance depending on the efficiency of the linearization. Another disadvantages of 

these methods are for detection of the faults that are not specifically modelled beforehand 

and can result in a unreliable residual detection [1], [13], [34]. 

Qualitative model-based fault detection and diagnosis methods are usually 

developed with some fundamental understanding of the system. Unlike quantitative 

model-based methods where the models are expressed in terms of a mathematical 

relationship between inputs and outputs of the system, qualitative model-based methods 

are expressed in terms of qualitative functions in relationship with different units of the 
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process. Thus, to a certain degree, a qualitative model can deal with the cases where 

accurate mathematical models are not available. 

In qualitative model-based methods, the fault diagnostic strategy has two 

components: prior qualitative knowledge and search strategy of fault diagnosis [6]. Also, 

the qualitative knowledge models are broadly classified into two categories: causal models 

and abstract hierarchy models. In the diagraphs-based causal model, the cause-effect 

relations are represented in the form of signed diagraphs (SDG), where the causal 

relationship between nodes is presented with the signed arcs [35], [36]. Some other causal 

models include fault tree and qualitative physics. Also, the search strategy of fault 

diagnosis can be classified into two approaches: topographic search and symptomatic 

search. In the topographic approach, search for fault location is directed by using a 

template of normal operation, and the fault and its location is detected by identifying the 

mismatch with the normal template. While in the symptomatic search approach, fault 

diagnosis is carried out by observing the fault symptoms and comparing it to the library 

of the known symptoms of fault conditions [6]. 

Some of the qualitative model-based methods used for fault detection are digraphs 

causal models, fault trees, structural and functional abstraction hierarchy models [6], [37]–

[40]. One of the major disadvantages of the qualitative model-based methods is the 

generation of large spurious solutions, and considerable amount of work has to be done to 

reduce these spurious solutions [6], [37], [38]. 
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1.2.2. Data-based Methods for Fault Detection 

Data-based methods do not require knowledge of the fundamental mathematical 

model of the process, instead these methods depend on large amounts of the historical 

process data to extract important features of a process operation. These methods are very 

useful for fault detection and diagnosis and have been applied to various chemical 

engineering applications including distillation columns, reactors, valves, and sensors, 

among others [5], [41]–[67]. Data-based methods can be further subdivided into various 

archetypes, such as rule based expert systems [68]–[70], hierarchical classification [71], 

[72], qualitative trend analysis [73]–[77], statistical Bayes classifiers [78], [79], 

multivariate statistical analysis [44], [45], [47], [80]–[83], Shewhart charts [84]–[86], and 

neural network classifiers [87]–[92]. 

Data-based methods are classified based on an approach to feature extraction: 

qualitative feature extraction methods include expert system and qualitative trend analysis; 

and quantitative feature extraction methods include multivariate statistical techniques and 

neural networks [5]. The first approach in the qualitative trend analysis is the expert 

systems, which involves utilizing rule based extraction and classifies the fault as an 

operator fault, equipment failure or system disturbance. The expert system along with 

diagnosis also offer remedies based on the expert knowledge [93]–[95]. The second 

approach in qualitative feature extraction is qualitative trend analysis (QTA), where trend 

modelling and prediction is utilized to monitor the process. In the QTA, auto-regressive 

filter has been utilized to make the trend model less prone to the process noise. A fault is 
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detected by the QTA by analyzing the distinct trend in the process variable caused by the 

fault [96]–[98]. 

In the literature, the neural network model has been utilized for fault detection in 

a process data. Fault diagnosis is carried out by comparing two sets of features extracted 

from a normal signal and faulty signal. First, features are extracted from the original 

signal; time derivative and integrals have been used as a low pass filter and high pass filter 

to extract the features. Extracted features are given as an input to the neural network 

model. In the literature, a feed forward neural network with input layer, hidden layer, and 

output layer are widely used. The input nodes will represent the extracted features, and 

there are two output nodes with binary decision of fault or no fault [99]. Considerable 

work has been done on algorithms for selection of nodes in hidden layers, the architecture 

of the network and learning strategy [5], [100]–[102]. Another fault diagnosis method 

discussed in the literature is based on statistical pattern recognition, Bayes classifiers. 

Fault diagnosis is solved as a classification problem, and Bayes classifier is used to 

determine if the test dataset belongs to normal class or faulty class of data [103], [104]. 

Equation (1.5) and (1.6) shows the two class problem of the Bayes classifier, where 𝑑1 

and 𝑑2 are the two Gaussian distributed classes, Σi is the covariance matrix, 𝑚1 and 𝑚2 

are the expected values of two classes [5], [105]. 

 d1 = (𝑦 − 𝑚1)Σ1
−1 (𝑦 − 𝑚1) (1.5) 

 d2 = (𝑦 − 𝑚2)Σ2
−1(𝑦 − 𝑚2). (1.6) 

A classification decision is shown in the Equation (1.7) and (1.8), where 𝛿 is the 

classifier threshold as shown in Equation (1.9) [5], [105]. 
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 h = d1 − 𝑑2 (1.7) 

 h < δ, data belongs to class I 

ℎ > 𝛿, data belongs to class II 

(1.8) 

 
𝛿 = log (

|Σ2|

|Σ1|
) . 

(1.9) 

When used specifically for fault detection, a data-based method should be able to 

handle large amounts of complex industrial process data, a limiting factor for a large 

number of the qualitative trend based methods, trend classifiers, and Bayes classifiers 

previously listed [5]. Additionally, data-based methods based on artificial neural networks 

are subject to overfitting which negatively affects its performance. Alternatively, 

multivariate statistical techniques are powerful, dimensionality-reducing tools capable of 

efficiently compressing large datasets effectively without loss of key data features and 

information [5], [41], [80], [106]–[108]. 

 

 

Figure 1.2 Overview of multivariate statistical analysis 
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Figure 1.2 shows an overview of the multivariate statistical technique, a historical 

process data is used to train the dimensionality reduction model, and then the trained 

model is compared with the test dataset to compute a model residual. The residual is 

analyzed by the statistical test and by applying control limits, fault detection chart is 

created. A fault is declared by a model if the statistical value exceeds the threshold limit 

otherwise there is no fault in the system. One commonly used multivariate statistical 

method is the partial least square (PLS) method. PLS is an input-output model that 

compares real-time process data with a model trained by a set of fault-free training data to 

compute a model error. It declares a fault in the system if these error values are larger than 

a calculated threshold value. Though PLS is inherently a linear input-output model, 

various extensions of PLS modeling have been discussed to account for nonlinearities, 

including quadratic and polynomial PLS [109], block-wise PLS [110], and neural network 

based PLS [111], [112]. 

 

 

Figure 1.3 Nonlinear mapping of the nonlinear data to high dimensional feature 

space 
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Another well-known adaptation of PLS for nonlinearity is Kernel-based PLS 

(KPLS), which has shown better performance for nonlinear feature extraction and is 

generalized to be easily adapted to handle data for any industrial process [113]–[115]. 

KPLS employs a nonlinear, orthogonal kernel function to extract the important nonlinear 

features by projecting the data to an alternate dimensional space in which the data is 

linearly represented. A linear PLS algorithm is then applied to the resulting modified 

dataset. It is important to select a kernel function that best extracts the features of the given 

process dataset to improve the efficiency of the KPLS algorithm. Figure 1.3 shows the 

nonlinear mapping function Φ used to map the data to the feature space, and the nonlinear 

data can be linearly classified in the feature space. In literature, some work has been done 

for kernel switching and kernel selection; however, the main focus of these studies was to 

determine the best regression fit for the kernel function instead of focusing on the fault 

detection ability of the KPLS model [116], [117]. To improve the performance of the 

KPLS model, we have utilized a novel optimized KPLS framework, where multi-objective 

genetic algorithm-based Pareto optimality will be used to select the kernel function by 

minimizing the missed detection rate, false alarm rate and average run length (for early 

detection). 

In addition to nonlinearity, fault detection algorithms need to handle process data 

subject to high levels of noise and correlation between variables, both of which negatively 

impact fault detection accuracy. Other forms of data-based models, such as principal 

component analysis (PCA), account for these challenges by implementing a multiscale 

decomposition of the data using wavelet functions [118]. However, the resulting 
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multiscale principle component analysis (MS-PCA) is a linear framework and utilizes 

conventional statistical tests that leave it susceptible to process nonlinearity as well as high 

false alarm and missed detection rates. In literature, conventional statistical charts such as 

Hotelling 𝑇2 and 𝑄2 statistic have been widely discussed, but it has been shown that a 

composite hypothesis such as the generalized likelihood ratio test (GLRT) show superior 

detection performance compared to conventional charts [106], [115]. 

For the linear model, we have extended the work of Bakshi et. al. [118] by 

developing an input-output fault detection model that combines PLS with the generalized 

likelihood ratio composite hypothesis test (GLRT) method to improve performance [119]. 

However, the use of the linear PLS method often leads to inadequate fault detection 

performance for nonlinear processes; thus, novel methods that employ improved data-

based modeling techniques that can maximize the reliability of fault detection are needed. 

In this dissertation, we have also developed an optimized fault detection algorithm capable 

of handling nonlinear, correlated, non-Gaussian data sets that often accompany process 

data. To do so, we have incorporated a multiscale data representation with an optimized 

kernel partial least square (MS-KPLS)-based generalized likelihood ratio test (GLRT) to 

detect faults within the critical loops of a process by minimizing the false alarm, missed 

detection rates and out-of-control average run length (early detection). 
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1.2.3. Fault Isolation and Identification 

 

 

Figure 1.4 Overview of fault detection and diagnosis flow diagram 

 

After a fault has been detected it is important to isolate and identify the fault to aid 

in corrective action. Figure 1.4 shows the flow chart of the fault detection and diagnosis 

algorithm. The input data and the online process data is collected and analyzed by the 

trained MSKPLS-based GLRT model to detect a fault, and once the fault is detected a 

fault isolation and identification algorithm needs to be developed to remedy the faulty 

process. 

Model-based methods have been developed to isolate multiple defects in the 

chemical industrial processes such as polyethylene reactors [120], [121], non-isothermal 

continuous stirred tank reactors [122]–[124], and a system of multiple hydraulic tanks 
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[125], [126]. Observer-based fault isolation and identification methods are also developed 

for a nonlinear system using two-step process: nonlinear observer to generate a model 

residual and analysis of that residual for fault isolation and identification [127]. One 

example of this is an unknown input observer developed for fault detection and isolation, 

where the state estimation error is decoupled from the unknown disturbance to detect the 

sensor and actuator fault [128]. Various fault detection and isolation approach based on 

the model-based methods and knowledge-based methods have been developed in 

literature: directional residual approach [129], parity state approach [130], [131], Kalman 

filter [132], [133], and fuzzy logic-based sensor fault identification [134]. One major 

drawback of these model-based approach for fault diagnosis is obtaining an accurate 

mathematical model of the complex industrial processes. Also, these methods have been 

applied directly to a predetermined critical loop of a process to monitor specific variables, 

but process faults might not lie in specific or known critical loops. In addition, 

incorporating process models for an entire process into an observer framework is 

computationally ineffective. Alternatively, data-based approach provides an effective 

technique for dealing with these issues. 

The data-based approach for fault diagnosis requires historical process data, no 

knowledge of the process model is required. One of the most commonly used data-based 

fault detection technique are multivariate statistical models, and are capable of handling 

large industrial dataset. In the literature, some of the developed data-based technique are 

partial least square (PLS) [115], [135], [136], principle component analysis (PCA) [106], 

[137], kernel-based methods [41], [115], [138], neural network PLS [139], [140], 
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statistical Bayesian classifier [78], [79], and Shewhart charts [84]–[86]. In Chapter 4, we 

have developed an optimized multiscale- kernel partial least square (MSKPLS)-based 

generalized likelihood ratio test (GLRT) method for fault detection of nonlinear industrial 

processes, and it has shown superior performance compared to conventional fault 

detection technique. In the developed method, a wavelet-based multiscale representation 

of the original data is used to de-noise, de-correlate and normalize the dataset, and the 

optimized KPLS model is applied on the filtered data to efficiently extract the nonlinear 

features of the data. The fault detection decision is carried out by the generalized 

likelihood ratio test. Now, the MSKPLS-based GLRT model is extended to isolate and 

identify a fault after it has been detected. 

Contribution plots have been explored in the literature as a method for data-based 

isolation that disseminate the attributes of process faults to individual process variables 

[141]–[146]. However, contribution plots are usually employed with simple hypothesis 

tests that have shown inadequate performance in the case of multiple faults occurring 

simultaneously or in series in nonlinear processes [41], [147]. Alternatively, a composite 

hypothesis test, the generalized likelihood ratio test (GLRT) can be used with the 

contribution plot framework to more efficiently and accurately detect the faulty process 

variables. The GLRT method is a composite hypothesis testing method that has 

consistently showed improved performance for detecting faults compared to conventional 

simple hypothesis testing methods, such as Hotelling 𝑇2 and 𝑄2 test [41], [106], [115]. 

While this composite test can determine the specific variables that contribute to a typical 

operation, it is inadequate when trying to determine the specific faults within a unit 
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operation responsible for the abnormal values of variables. Hence, we have developed a 

novel data-based fault isolation and identification framework by using a targeted approach 

where the GLRT contribution plot is used isolate the process variable and then identify 

the specific cause using the principle component analysis (PCA)-based Euclidean 

distance. 

PCA is a linear input state based multivariate statistical technique, and has been 

utilized in the literature as an effective dimensionality reduction technique in the field of 

process monitoring, face recognition, and pattern recognition [106], [148]–[152]. PCA 

projects the historical fault data (or simulated faulty data) and the test data into the Eigen 

space or principle component space, and then the Euclidean distance is computed. The 

Euclidean distance is used to measure the similarity between the projected test and 

historical faulty data (or simulated faulty data), the fault is identified when the Euclidean 

distance is minimum for that fault case. The Euclidean distance has been widely used as a 

distance classifier in the face recognition and pattern recognition area [152]–[155]. The 

developed data-based fault isolation and identification algorithm requires the historical 

process data to train the KPLS model, and additionally to identify the fault, either the 

historical faulty data with past occurrence of fault is required or the simulated faulty data 

is required. Faulty data can be simulated with the mathematical model for the critical loop 

of the plant. 

1.2.4. Fault Detection and State Estimation of Batch Processes 

Batch processes have been utilized in the production of high-value-added products 

such as pharmaceuticals, specialty chemicals, and bio-technological products. Process 
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abnormalities need to be detected in a batch process to ensure safety, productivity and 

desired quality of the products is maintained. Data-based fault detection techniques have 

been used in the literature for monitoring chemical and bio-chemical processes. One of 

the important data-based method are multivariate statistical method: principle component 

analysis (PCA), and partial least squares (PLS). The PLS model has been successfully 

applied to the systems where online and offline measurements are available. However PLS 

is a linear model and has shown poor fault detection performance while applying to the 

nonlinear batch processes [115]. Thus we have utilized a nonlinear PLS-based generalized 

likelihood ratio test to accurately detect the fault or abnormality present in the bioreactor 

processes. 

Batches, variables, and time are the three dimensions of a batch process data. To 

better handle the batch dataset, a multiway representation of the model will be used, where 

three dimensional dataset is unfolded into two dimensional form [108], [156], [157]. 

Consider a batch run has 𝐽 variables (𝑗 =  1, 2, … , 𝐽) measured at each of 𝐾 time intervals 

(𝑘 =  1, 2, … , 𝐾) throughout the 𝐼 batches (𝑖 =  1,2, … , 𝐼), as shown in Figure 1.5. First 

unfolding (𝐼 × 𝐽𝐾) (see Figure 1.5a) is along the time, this allows for the comparison of 

the batches about the mean trajectory and therefore it is important for detecting the faulty 

batches among the historical dataset. Second unfolding (𝐼𝐾 × 𝐽) (see Figure 1.5b) is along 

the batches, which allows for the comparison between the process variables, and therefore 

it is necessary for the fault detection of the single batch and prediction of the variables. 
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Figure 1.5 Multiway representation of the data with (I×JK), and (IK×J) unfolding 

 

It is important to estimate the states of the process for real-time optimization and 

process control applications. Data-based partial least square (PLS) can be used as a 

regression technique to predict the states of the bioreactor using the online sensor reading. 

However, unknown disturbances and noise in the dataset can have a negative impact on 

the prediction efficiency of the model [1], [5], [6]. Alternatively, a model-based nonlinear 

observer have shown improved performance while dealing with noise and unknown 

disturbances [19]–[25], [93], [158], [159]. In the literature, a nonlinear Kalman filter based 

observer, such as the extended Kalman filter (EKF) and the unscented Kalman filter 

(UKF) has been applied to estimate the states of the system [15], [160]–[162]. In our 

previous work, we have developed a nonlinear unknown input observer that has been 

successfully applied to observable dynamic bioreactor system experimentally [17], [163]. 

Thus, we have extended the observer design for the bioreactor system where 

measurements required for the system to be observable are not available. The Neural 
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network PLS model is a nonlinear extension of the PLS model, and it can be used as a soft 

sensor technique to effectively predict the offline variables. 

We have developed a hybrid approach by combining the data-based regression 

with nonlinear observer to estimate the states of the bioreactor. While a hardware sensors 

for the online state measurements based on analytical techniques are available, such as 

online spectroscopy and chromatography, these methods can be cost-prohibitive in 

application and are often accompanied with lag-time in the measurement availability for 

control and fault detection purposes [164]. For the process where an essential online sensor 

is not available, nonlinear PLS regression will be used as a soft sensor to predict these 

essential states. Then nonlinear observer can be applied on the resulting predicted state to 

have an accurate estimation of the states of the bioreactor. Thus with a knowledge of the 

process models and access to online measurements, a novel hybrid method for the 

simultaneous state estimation and process monitoring is developed.  

1.3. Scope and Objectives of the Dissertation 

In this Ph.D. work, novel methods are developed to aid in fault detection, fault 

isolation and hybrid state estimation. The primary objectives of this work are: 

I. Design a novel data-based method to detect abnormalities in the industrial process 

data. 

a. Implement a multiscale representation of available data to de-noise, de-

correlate, and normalize the dataset. 

b. Employ an optimized kernel extension of the partial least squares (PLS) 

algorithm to efficiently capture the nonlinear features of the dataset. 
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c. Utilize GLRT, a composite hypothesis test for fault detection and isolation 

of specific process variables. 

d. Combine the multiscale representation with the optimized KPLS algorithm 

and the GLRT composite hypothesis testing technique into a novel fault 

detection algorithm. 

II. Develop a data-based algorithm for online isolation and identification of process 

faults across multiple critical loops. 

a. Utilize the GLRT-based contribution plot to isolate the faulty variable. 

b. Employ the PCA-based Euclidean distance classification model to identify 

the fault. 

c. Develop a novel algorithm by combining the MSKPLS-based GLRT to 

detect a fault, the GLRT-based contribution plot to isolate the faulty 

variable, and the PCA- based Euclidean distance classifier to accurately 

identify fault. 

III. Application of the developed methodology for fault detection of the batch bioreactor 

process and develop an hybrid observer design by combining a data-based prediction 

with a nonlinear model-based observer to estimate states of the bioreactor. 

a. Demonstrate the effectiveness of the developed nonlinear fault detection 

model to detect the contamination fault in the batch bioreactor data of 

𝛽 −carotene production with glucose as a substrate. 

b. Utilize the neural network PLS (NNPLS)-based regression to predict the 

biomass concentration from online variables. 
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c. Develop a novel hybrid observer model by combining the NNPLS-based 

regression with the nonlinear unknown input observer to accurately 

estimate states of the bioreactor. 

IV. Incorporate the fault detection and isolation algorithms into a software platform 

a. Develop a novel software package incorporating the optimized MS-KPLS 

based GLRT, fault diagnosis, and the prediction algorithm with a GUI 

(graphical user interface). 

b. Application of the developed software for online or offline modes of 

operation. 

The optimized MSKPLS algorithm compares the new data set with the training 

dataset to compute a model residual or error; the fault detection decision is obtained by 

performing a statistical hypothesis test on the model residual. Three performance criteria 

including the missed detection rate (MDR), false alarm rate (FAR), and out-of-control 

average run length (ARL1) are used to demonstrate the fault detection performance of the 

developed optimized MSKPLS-based GLRT. Two continuous chemical engineering 

applications are used to demonstrate the improved efficiency of the developed algorithm 

over conventional methods: a simulated continuously stirred tank reactor (CSTR) data and 

the Tennessee Eastman Process (TEP) problem. The effectiveness of the developed 

methodology is demonstrated by applying to the batch production of beta-carotene, where 

glucose is a substrate, byproducts acetic acid and ethanol are produced and consumed 

during fermentation. To test the developed fault detection model, contamination was 

introduced in the bioreactor. 
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1.4. Contribution of this Dissertation 

The novelty of this work is the reliable and accurate detection and isolation of 

faults in batch and continuous processes, such as the Tennessee Eastman process (TEP), 

bioreactors etc. This is done through an optimized fault detection algorithm capable of 

handling nonlinear, noisy and correlated datasets that often accompany industrial process 

datasets. To do so, a multiscale data representation is combined with an optimized kernel 

partial least square (MSKPLS)-based generalized likelihood ratio test (GLRT) to detect 

the fault. The developed framework is unique compared to the fault detection methods 

presented in the literature. The novelty of the developed framework is twofold: (I) Novel 

optimization framework is utilized to optimize the KPLS model by performing the multi-

objective genetic algorithm by minimizing the false alarm, missed detection rates and 

average run length. (II) The combination of (i) wavelet functions to de-noise, de-correlate, 

and normalize the dataset, (ii) the optimized KPLS model to efficiently extract nonlinear 

features from the filtered dataset, and (iii) a composite hypothesis GLRT method to 

improve detection accuracy provides a unique and accurate fault detection and isolation 

framework. 

Once detected, the location of process faults will be ascertained using a novel, 

accurate, and computationally efficient identification framework based on a combination 

of data-based methods to detect fault, statistical-based isolation, and data-based fault 

classification into a single data-based framework. In this framework, once the fault has 

been detected a data-based composite hypothesis testing method will be used to 

specifically target faulty critical loops, reducing the known affected regions to specific 
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areas of the process. A second step will further identify the faulty equipment within these 

critical loops using a residual analysis via a PCA-based Euclidean distance classifier. 

Estimation of the states of the bioreactor is important for the optimization and 

process control applications. For the cases where the necessary online sensors are not 

available, we have developed a novel hybrid observer that combines the prediction from 

a nonlinear PLS with the unknown input nonlinear observer to estimate the states of the 

bioreactor. The development and availability of a novel software package will allow plant 

operators to operate the plants safely by quickly and efficiently detecting and isolating 

process faults, thereby reducing the negative impact on the process. In addition, the 

developed framework is generalized to apply to variety of process types and available 

data, allowing it to be easily adopted throughout various types of industries. 

1.5. Organization of this Dissertation 

This Ph.D. dissertation is organized as follows. Chapter 2 of this dissertation 

discusses the developed nonlinear fault detection model. A nonlinear extension of partial 

least square (PLS) model, the Kernel PLS is introduced in this chapter, the KPLS model 

is designed to be applied to a nonlinear process data. This chapter also introduces a 

composite hypothesis statistical test, generalized likelihood ratio test (GLRT). The 

developed KPLS-based GLRT is applied to the nonlinear continuous stirred tank reactor 

(CSTR) problem and the fault detection performance is compared to the linear PLS model. 

Chapter 3 introduces a multiscale representation of the industrial process data, 

orthogonal wavelet function is used to de-noise, de-correlate and normalize the dataset. 

The fault detection algorithm of multiscale PLS-based GLRT is compared to the 
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conventional statistical test 𝑇2 and  𝑄2 with application to the CSTR process and the 

nonlinear Tennessee Eastman Process (TEP) problem. 

In Chapter 4, a novel algorithm to optimize the KPLS model is discussed. Multi-

objective genetic optimization is used to minimize missed detection rate, false alarm rate, 

and average run length. The new algorithm is discussed by combining multiscale 

representation of the data with an optimized KPLS model and a composite hypothesis test 

GLRT. The fault detection performance is illustrated through CSTR and TEP problems. 

Chapter 5 discusses the new fault isolation and identification algorithm. Once the 

MSKPLS-based GLRT detects the fault and the GLRT-based contribution plot is utilized 

to isolate the process variables. This chapter also discusses the residual generation of the 

isolated variable and the PCA-based Euclidean distance classifier to identify the fault. 

Finally, the fault isolation and identification result are illustrated through nine fault case 

studies in TEP problem. 

Chapter 6 discusses the bioreactor system case study, the experimental data was 

obtained for the bioreactor system where glucose was used as a substrate, by-product 

ethanol and acetic acid were produced and consumed, and product 𝛽 − carotene is 

produced. The fault detection performance is studied with a contamination fault in the 

bioreactor. In addition a novel hybrid observer model is discussed, by combining a 

nonlinear PLS-based regression and the unknown input nonlinear observer to estimate 

states of the bioreactor. 

In Chapter 7, a graphical user interface (GUI) -based software is developed. The 

design template and the key features of the developed GUI software is discussed in this 
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chapter. The standalone software will aid in the application of the developed methodology 

to the industrial processes. 

Chapter 8 summarizes the results of the developed algorithms in this dissertation. 

The overall conclusion of the dissertation and the future research directions are also 

discussed in this chapter. 

 



_____________________ 
*Reprinted with permission from “Kernel PLS-based GLRT method for fault detection of 

chemical processes” by C. Botre, M. Mansouri, M. Nounou, H. Nounou, and M. N. Karim, 

2016. J. Loss Prev. Process Ind., 43, 212-224, Copyright 2016 by Elsevier. 
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2. LINEAR AND KERNEL PLS-BASED GLRT FOR FAULT DETECTION OF 

CHEMICAL PROCESSES* 

 

2.1. Introduction 

Fault detection is essential for the proper and safe operation of various chemical 

processes, and it has recently become even more important than ever before. Most 

chemical processes or many of them, such as distillation columns, are usually described 

by input-output models. Kernel partial least squares (KPLS) can be used to extract 

nonlinear relationships between two sets of variables, inputs and outputs. 

In the current work, a nonlinear statistical fault detection using KPLS-based GLRT 

is developed. In fact, input-output KPLS models have been shown to be suitable to obtain 

accurate principal components of a set of data and to deal with nonlinearity in variables. 

In addition, the GLRT is a composite hypothesis testing method and known to have better 

fault detection performance compared to conventional KPLS-based 𝑇2 and 𝑄 statistics. 

The fault detection problem is addressed so that the data are first modeled using the KPLS 

algorithm and then the faults are detected using GLRT. The detection stage is related to 

the evaluation of detection indices, which are signals that reveal the presence of faults. 

These indices are obtained from the analysis of the difference between the process 

measurements and its estimation using the KPLS technique. The fault detection 

performance of the KPLS-based GLRT is illustrated through a simulated continuously 

stirred tank reactor (CSTR) data. The results demonstrate the effectiveness of the KPLS-
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based GLRT method over the linear PLS-based GLRT method and both of them provide 

a good performance compared with the conventional PLS and KPLS methods for detection 

of single as well as multiple sensor faults. 

Monitoring of the chemical processes is important for the safety of the plant and 

to ensure product quality is maintained. Process monitoring steps consists of detecting the 

fault in the system and taking corrective action against it [1], [6]–[8], [165], [166]. 

Multivariate statistic methods are very effective for fault detection and diagnosis in 

chemical industry [165], [166]. The partial least square (PLS) and principle component 

analysis (PCA) are two basic types of multivariate methods. PCA is among the most 

popular statistical methods used for modeling and faults detection problems however, it 

provides a linear combinations of variables that demonstrate major trends in data set 

[167]–[170]. In our previous work [41], we have successfully applied kernel PCA (KPCA) 

based generalized likelihood ratio test (GLRT) for nonlinear fault detection of chemical 

system. However, KPCA is an input-space model and cannot take outcome measures into 

account and most chemical processes or many of them, such as distillation columns, are 

usually described by input-output models. PLS is an input output model and could be used 

to detect fault in both process and variables. It can also be used as a linear regression tool 

to predict the output variables form process variables. Hoteling 𝑇2 and 𝑄 statistics are 

common statistical fault detection (FD) charts that are applied with PLS for process 

monitoring. However, the use of the conventional PLS [171] through its two charts 

hoteling 𝑇2 and 𝑄 could lead to missed detection and high false alarm rate. 
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However, chemical and refinery processes are complex and most of the variables 

are non-linear in nature and the fault detection of this processes by linear PLS would lead 

to many missed diagnosis and non-reliable results. In literature, several nonlinear version 

of PLS are developed, a nonlinear iterative partial least square (NIPALS) algorithm is 

used to model PLS [172]. The authors in Wold et. al. [173] have presented a complicated 

artificial neural network to model nonlinear PLS. Thus, in this paper, we propose to use 

the kernel partial least square (KPLS) as a modeling framework. The KPLS is among the 

most well-known nonlinear statistical method [138], it is the method for performing a 

nonlinear form of PLS. It is an input output model, which reduces the dimensionality of 

process variable and variables to extract scores and principle components and could be 

used to detect fault in both process and variables. The KPLS gives good general properties 

of nonlinear PLS by selecting appropriate kernel function [138], radial basis function, 

polynomial function and sigmoid function are three common kernel function used. KPLS 

can also be used as a regression tool to predict the product variables from nonlinear process 

variables. KPLS approach works similar to PLS, it reduces the dimensionality of nonlinear 

process variables and variables by projecting into space with less dimensionality. 

Hence, the objective of this paper, is to address the problem of nonlinear fault 

detection so that the data are first modeled using the KPLS algorithm and then the faults 

are detected using generalized likelihood ratio test (GLRT). The KPLS is used to create 

the model and find nonlinear combinations of parameters which describe the major trends 

in a data set and GLRT is used to detect the faults and both are utilized to improve faults 

detection process. An alternative approach for fault detection is to use hypothesis testing 
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based techniques, such the GLRT. The GLRT has been shown to provide good detection 

abilities for specified false alarm rates [174]–[176]. 

The fault detection performances of the KPLS-based GLRT is illustrated through 

a simulated continuously stirred tank reactor (CSTR) data. The results demonstrate the 

effectiveness of the KPLS-based GLRT method over the linear PLS-based GLRT and 

conventional KPLS methods for detection of single as well as multiple sensor faults and 

assessed using the false alarms and missed detection rates. 

The rest of the chapter is organized as the following. In Section 2.2., an 

introduction to PLS and KPLS methods is given, followed by descriptions of the two main 

detection indices, 𝑇2 and 𝑄, which are generally used with KPLS for fault detection. Then, 

the GLRT which is utilized in composite hypothesis testing is discussed in Section 2.3. 

After that, the KPLS-based GLRT method used for fault detection which integrates KPLS 

modeling and GLR statistical testing, is presented in Section 2.4. Next, in Section 2.5, the 

KPLS-based GLRT performance is studied through a simulated continuously stirred tank 

reactor data. At the end, the conclusions and contributions of this chapter are presented in 

Section 2.6. 

2.2. Partial Least Square and Kernel Partial Least Square Methods Description 

First, in Section 2.2.1., we present the linear partial least square modeling method. 

2.2.1. Partial Least Square (PLS) Method 

Let 𝑋 ∈ ℝ𝑁×𝑀 denotes an input data matrix having 𝑁 observations and 𝑀 

variables, and 𝑌 ∈ ℝ𝑁×𝐿 an output data matrix consists of 𝐿 response variables. PLS is an 

input output model and can decompose both 𝑋 and 𝑌 matrices and detect the fault in both 
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𝑋 and 𝑌 variables, it is formally determined by two sets of linear equations: the inner 

model (the relations between the latent variables) and the outer model (the relations 

linking the latent variables and their associated observed variables) [177]. The 𝑋 and 𝑌 

matrices are linked by score vectors (𝑇 and 𝑈) and principle components (𝑃 and 𝑈). The 

PLS model is shown in Equation (2.1) [107], 

 

𝑋 = 𝑇𝑃𝑇 + 𝐸 = ∑𝑡𝑖

𝐼

𝑖=1

𝑝𝑖
𝑡 + 𝐸 = �̂� + 𝐸

𝑋 = 𝑈𝑄𝑇 + 𝐹 = ∑𝑢𝑗

𝐼

𝑗=1

𝑞𝑗
𝑡 + 𝐹 = �̂� + 𝐹,

 

(2.1) 

where �̂� and �̂� represent modeling matrices of 𝑋 and 𝑌 successively, 𝐸 ∈ ℝ𝑁×𝑀 and 𝐹 ∈

ℝ𝑁×𝐿 are the residuals of 𝑋 and 𝑌 respectively, 𝑇 = [𝑡1, 𝑡2 ⋯𝑡𝐼] ∈ ℝ𝑀×𝐼 is the resulting 

input score matrix, 𝑈 = [𝑢1, 𝑢2 ⋯𝑢𝐽] ∈ ℝ𝑁×𝐽 is the output score matrix, 𝑃 =

[𝑝1
𝑡 , 𝑝2

𝑡 ⋯𝑝𝐼
𝑡] ∈ ℝ𝑀×𝐼 and 𝑄 = [𝑞1

𝑡 , 𝑞2
𝑡 ⋯𝑞𝐽

𝑡] ∈ ℝ𝐿×𝐽 represent the loading matrices, 

successively. The two matrices 𝑋 and 𝑌 are generally pre-treated by centering and scaling 

to have mean zero and variance unity prior to PLS modeling. 

The scores and the principle components are calculated from the NIPALS 

algorithm. Each iteration calculates a column matrix of 𝑡, 𝑢, 𝑝, 𝑞 and the residuals obtained 

from previous iteration is used as input to the next iteration, which makes sure that all 

scores and principle components are extracted from 𝑋 and 𝑌 matrices. The NIPALS 

algorithm is presented in Algorithm 2.1. 
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Algorithm 2.1. Modified NIPALS algorithm 

1. Initialized output score is shown in Equation (2.2). 

   𝑢 = 𝑦𝑖 (2.2) 

2. Weights regressed on X is shown in Equation (2.3). 

 
𝑤 =

𝑢𝑇𝑋

𝑢𝑇𝑢
 

(2.3) 

3. Normalizing weight is shown in Equation (2.4). 

 𝑤 = 𝑤/‖𝑤‖ (2.4) 

4. Weight calculation is shown in Equation (2.5). 

 𝑟1 = 𝑤1 

∏(𝐼𝑚×𝑚 − 𝑤𝑗𝑝𝑗
𝑇)𝑤𝑗      𝑗 > 1,

𝑁

𝑛

 

(2.5) 

5. Input Score vector is shown in Equation (2.6). 

 𝑡 = 𝑋 × 𝑤 (2.6) 

6. Input loading vector is shown in Equation (2.7). 

 
𝑝 =

𝑋𝑡𝑇

𝑡𝑇𝑡
 

(2.7) 

7. Output loading vector is shown in Equation (2.8). 

 
𝑞 =

𝑋𝑌

𝑡𝑇𝑡
 

(2.8) 

8. Normalizing weights, loading vectors and scores is shown in Equation (2.9). 

 𝑝 =
𝑝

‖𝑝‖
, 𝑡 = 𝑡 × ‖𝑝‖, 𝑤 = 𝑤 × ‖𝑝‖ 

(2.9) 

9. Output score vector is shown in Equation (2.10). 
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 𝑢 = 𝑁𝑒𝑢𝑟𝑎𝑙𝑛𝑒𝑡𝑤𝑜𝑟𝑘(𝑡) (2.10) 

10. Input and output matrices are deflated is shown in Equation (2.11). 

 𝑋 = 𝑋 − 𝑡𝑇𝑝 

𝑌 = 𝑌 − 𝑡𝑇𝑞 

(2.11) 

11. Store latent score vectors in T and U, loading vectors in P and Q 

12. Repeat steps 2 to 11 until M latent variables are computed  

The variability of data is extracted from 𝑋 and 𝑌 matrices to get score and loading 

vectors and then 𝑋 and 𝑌 are deflated, this residual matrix is given as input into next 

iteration [177]. The PLS regression is a very useful tool for linear systems to predict the 

variable 𝑌 from the online measurement 𝑋. The regression coefficient of the 𝑌 matrix is 

shown in Equation (2.12). 

 𝑌 = 𝐵𝑋 + 𝐹, (2.12) 

where 𝐵 is a regression matrix and 𝐹 is the residual matrix. The regression matrix is given 

by Equation (2.13). 

 𝐵 = 𝑊(𝑃𝑇𝑊)−1𝐶𝑇 , (2.13) 

where 𝑊 is the weight, 𝑃 is the loading vector regressed on 𝑋 and 𝐶 is loading vector 

regressed on 𝑌. 𝑊,𝑃, and 𝐶 computation is shown in Equation (2.14)-(2.16). 

 𝑊 = 𝑋𝑇𝑈, (2.14) 

 𝑃 = 𝑋𝑇𝑇(𝑇𝑇𝑇)−1 (2.15) 

 𝐶 = 𝑌𝑇𝑇(𝑇𝑇𝑇)−1. (2.16) 

Thus, the regression coefficient 𝐵 is given by Equation (2.17). 
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 𝐵 = 𝑋𝑇𝑈(𝑇𝑇𝑋𝑋𝑇𝑈)−1𝑇𝑇𝑌. (2.17) 

In NIPALS algorithm, the score matrix 𝑇 and 𝑈 are related by a linear relationship 

(Equation (2.18)). 

 𝑢 = 𝑏𝑡 + 𝑐, (2.18) 

where 𝑢 is output score vector, 𝑡 is input score vector, 𝑏 is constant and 𝑐 is fit residual. 

One disadvantage is that the PLS is not suitable in nonlinear cases and assumes 

that the relationships between variables are linear and hence may not always be the most 

appropriate method of analysis. In addition, PLS applied to nonlinear process will lead to 

non-reliable fault detection process, this is one of the major limitations of linear PLS. 

Several solutions have been proposed [172] to deal with a nonlinear extensions of PLS 

and provide a good performance over the linear versions. The kernel PLS is among the 

most popular nonlinear input-output statistical methods [139], it is the method for 

performing a nonlinear form of component analysis and can efficiently compute principal 

components in high-dimensional feature spaces related to input-output by some nonlinear 

map. Next, in Section 2.2.2., we present the kernel partial least square method. 

2.2.2. Kernel Partial Least Square (KPLS) Method 

The basic idea behind KPLS is to first map the input data into a feature space via 

a nonlinear mapping and then perform a linear PLS. The KPLS maps the input data into 

feature space F by using nonlinear mapping function, so that the input nonlinear data 

would be more linear in the feature space and then linear PLS is applied in the feature 

space. 𝑇 and 𝑈 scores and residuals are extracted from input matrix 𝑋 and output matrix 

𝑌 and feature space F by Equation (2.19). 
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CF =
1

𝑁
∑Φ(𝑋𝑗)Φ(𝑋𝑗)

𝑇
,

𝑁

𝑗=1

 

(2.19) 

where ∑ 𝛷𝑁
𝑘=1 (𝑋𝑘) = 0 and 𝛷(. ) is a nonlinear mapping function that projects the input 

vectors from the input space to the feature space F. To diagonalize the covariance matrix, 

the eigenvalue problem in the feature space F is solved as shown in Equation (2.20). 

 𝜆𝑣 = 𝐶𝐹𝑣, (2.20) 

where eigenvalues 𝜆 ≥ 0 and 𝑣 ∈ 𝐹/{0}. The eigenvector 𝑣 which has the largest 𝜆 

obtained from Equation (2.20) is the first selected principal component (PC) in the feature 

space F, and the eigenvector 𝑣 which has the smallest 𝜆 becomes the last principal 

component in the feature space F. To map the data into feature space we don’t need to 

know the explicit mapping function, instead, we can use gram kernel matrix as shown in 

Equation (2.21). 

 K = ΦΦT, (2.21) 

where 𝛷(. ) is the image of 𝑋 matrix into high dimensional feature space. All the data from 

the 𝑋 matrix is projected into the feature space by nonlinear mapping. The kernel function 

is given by dot product between the input points in feature space {𝛷(𝑥𝑖)}𝑖=1
𝑁  and replaces 

the use of explicit nonlinear mapping. 𝐤(𝑥𝑖, 𝑥𝑗) are kernel functions which are given by 

Equation (2.22). 

 k(xi, xj) = Φ(xi)Φ(xj). (2.22) 

The kernel function k(𝑥𝑖, 𝑥𝑗) should be positive semi definite orthogonal functions, 

which satisfy Mercer’s theorem [138], [171], [172], [178]. Three commonly used kernel 

functions are shown in Equation (2.23)-(2.25). 
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Polynomial Kernel: k(𝑥𝑖, 𝑥𝑗) = 𝛷(𝑥𝑖)𝛷(𝑥𝑗). (2.23) 

Sigmoid Kernel: K(𝑋, 𝑌) = 𝑡𝑎𝑛ℎ(𝛽0⟨𝑋, 𝑌⟩ + 𝛽1). (2.24) 

Radial basis Kernel: 
K(𝑋, 𝑌) = exp(−

‖𝑋 − 𝑌‖2

2 × ℎ2
). 

(2.25) 

A specific selection of kernel function implicitly determines the mapping 𝛷 and 

the feature space F. Before applying KPLS, mean centering in high-dimensional space 

must be performed. This can be done by substituting the kernel matrix K. (see Equation 

(2.26). 

 K̃ = K − 1𝑁K − K1𝑁 + 1𝑁K1𝑁 , (2.26) 

where, 1𝑁 is an matrix of size 𝑁 × 𝑁 divided by 𝑁. We combine Equation (2.6) and (2.8), 

we get Equation (2.27). 

 𝑡 = 𝑋𝑋𝑇𝑢. (2.27) 

As 𝛷 is the image of 𝑋 in feature space, then, we get Equation (2.28). 

 𝑡 = 𝛷𝛷𝑇𝑢. (2.28) 

The score matrix is reformulated by substituting the kernel gram function, K =

𝛷𝛷𝑇 as shown in Equation (2.29). 

 𝑡 = K𝑢,
𝑢 = 𝑌𝑡.

 (2.29) 

After extracting input and output score vectors in first iteration, kernel (K) and 

output matrix (𝑌) are deflated. The 𝛷𝛷𝑇 dot product is replaced by kernel gram function 

K (see Equation (2.30)-(2.31)), 

 𝛷𝛷𝑇 = (𝛷 − 𝑡𝑡𝑇𝛷)(𝛷 − 𝑡𝑡𝑇𝛷)𝑇 (2.30) 
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 𝐾 = K − 𝑡𝑡𝑇K − K𝑡𝑡𝑇 + 𝑡𝑡𝑇K𝑡𝑡𝑇 (2.31) 

 𝑌 = 𝑌 − 𝑡𝑡𝑇𝑌. (2.32) 

The KPLS regression algorithm is similar to linear PLS regression but applied in 

feature space 𝐹. Suppose {𝑥𝑖}𝑖=1
𝑛  is the training data and {𝑥𝑗}𝑗=1

𝑛  is the testing data, 𝛷(𝑥𝑖) 

is the mapped training data and 𝛷(𝑥𝑗) is the mapped testing data. The kernel function for 

the testing data is given by Equation (2.33), 

 

K(𝑥, 𝑦) = ∑ =

𝑀

𝑖=1

(𝛷(𝑥). 𝛷(𝑥)) = 𝛷(𝑥)𝑇𝛷(𝑥). 
(2.33) 

The KPLS algorithm is presented in Algorithm 2.2. 

Algorithm 2.2. Kernel partial least square (KPLS) algorithm 

1. Calculate Kernel matrix 𝐾, using Equation (2.22). 

2. Mean centering, using Equation (2.23). 

3. Initialized score matrix 𝑢, using Equation (2.2). 

4. Calculate scores 𝑡 and 𝑢, using Equation (2.29). 

5. Deflate 𝐾  and 𝑌, using Equation (2.30) and (2.32). 

6. Repeat Step 1 to 5 to extract more latent variables. 

7. Obtain the cumulative matrices 𝑇 and 𝑈. 

2.3. Fault Detection Indices 

The model is used for fault detection through one of the detection indices (the 

Hotelling’s 𝑇2 and 𝑄 statistics), which are presented next. 
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2.3.1. Hotelling’s T2 Statistic 

The Hotelling’s T2 statistic is a way of measuring the variation captured in the 

principal components at various time samples, and it is expressed as Equation (2.34) [179]. 

 𝑇2 = 𝑋𝑇 �̂� �̂�
−1

�̂�
𝑇
𝑋, (2.34) 

where �̂� = 𝑑𝑖𝑎𝑔(𝜆1, 𝜆2, … , 𝜆𝑙), is a diagonal matrix containing the eigenvalues related to 

the 𝑙 retained PCs. For new real-time data, when the value of 𝑇2 statistic exceeds the 

threshold, 𝑇𝑙
2 calculated as in [179], [180], a fault is detected. The threshold number used 

for the 𝑇2 statistic is computed as shown in Equation (2.35) [179]. 

 
𝑇𝛼

2 =
𝑙(𝑁 − 1)

𝑁 − 𝑙
𝐹𝑙,𝑁−𝑙,𝛼, 

(2.35) 

where 𝛼 is the level of significance (𝛼 usually between 1% and 5%), 𝑁 is the number of 

samples in data set, 𝑙 is the number of retained PCs, and 𝐹𝑙,𝑁−𝑙 is the Fisher 𝐹 distribution 

with 𝑙 and 𝑁 − 𝑙 degrees of freedom. These thresholds are computed using faultless data. 

When the number of observations, 𝑁, is high, the 𝑇2 statistic threshold is approximated 

with a 𝜒2 distribution with 𝑙 degrees of freedom. 

2.3.2. Q Statistic or Squared Prediction Error (SPE) 

It is possible to detect new events by computing the squared prediction error 𝑆𝑃𝐸 

or 𝑄 statistic of the residuals for a new observation. 𝑄 statistic [181], is computed as the 

sum of squares of the residuals. Also, the 𝑄 statistic is a measure of the amount of variation 

not captured by the KPLS model, it is defined as shown in Equation (2.36) [137]. 
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 𝑄 =∥ �̃� ∥2=∥ (𝐼 − �̂� �̂�
𝑇
)𝑋 ∥2 

�̃� = 𝑋 − �̂� = (𝐼 − �̂� �̂�
𝑇
)𝑋. 

(2.36) 

The monitored system, meanwhile, is accepted to be in normal operation if 

Equation (2.37) is satisfied 

 𝑄 ≤ 𝑄𝛼. (2.37) 

The threshold 𝑄𝛼 used for the 𝑄 statistic can be computed as shown in Equation 

(2.38) [182]. 

 
𝑄𝛼 = 𝜑1 [

ℎ0𝑐𝛼√2𝜑2

𝜑1
+ 1 +

𝜑2ℎ0(ℎ0 − 1)

𝜑1
2 ] 

(2.38) 

 
𝜑𝑖{𝑖=1,2,3}

= ∑ 𝜆𝑗
𝑖

𝑚

𝑗=𝑙+1

 
(2.39) 

 
ℎ0 = 1 −

2𝜑1𝜑3

3𝜑2
2 , 

(2.40) 

where 𝜑𝑖, and ℎ0 is computed by Equation (2.28) and (2.29), 𝛼 is level of confidence and 

𝑐𝛼 is the value of the normal distribution. At the instant of an unusual event, when there 

is a change in the covariance structure of the model, this change is going to be detected by 

a high value of 𝑄. For new data, the 𝑄 statistic is computed and compared to the threshold 

𝑄𝛼 [182]. This means a fault is detected when the confidence limit is violated. The 

threshold value is computed on the assumption that the measurements are independent of 

time and they are multivariate normally distributed. The 𝑄 fault detection index is highly 

sensitive to errors in modeling and the performance of it is dependent on the number of 

retained PCs, 𝑙 [183]. 
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2.3.3. Generalized Likelihood Ratio Test (GLRT) 

The faults detection step is done using the residuals evaluated from the KPLS 

model. Using the information about the noise distribution of the residuals, a GLRT statistic 

is computed. To make the decision if a fault is present or not, the test statistic is compared 

to a threshold from the chi-square distribution. 

Zhou et al. compared various statistical process control (SPC) alternatives such as 

cumulative sum (CUSUM) charts, extended window moving average (EWMA) methods, 

and GLRT methods [184]. Their results show GLRT methods perform similarly to or are 

superior to the CUSUM chart for linear drifts of small and large magnitudes in the process 

mean. Additionally, the GLRT method greatly outperformed the EWMA method for large 

drifts. GLRT is basically a hypothesis testing technique which has been utilized 

successfully in model-based faults detection [174]–[176]. Focusing on the fault detection 

problem, 𝑌 ∈ ℝ𝑁 is an observation vector formed by one of the two Gaussian 

distributions: 𝑁(0, 𝜎2𝐼𝑁) or 𝑁(𝜃 ≠ 0, 𝜎2𝐼𝑁), where 𝜃 is the mean vector (which is the 

value of the fault) and 𝜎2 > 0 is the variance (assumed to be known in this problem). The 

hypothesis test can be expressed as shown in Equation (2.41). 

 

{
𝐻0: 𝑌 ~ ℕ(0, 𝜎2𝐼𝑁)              (𝑛𝑢𝑙𝑙 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠),

 
      𝐻1: 𝑌 ~ ℕ(𝜃, 𝜎2𝐼𝑁)    (𝑎𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠).

 

(2.41) 

Here, the GLRT method replaces the unknown parameter, 𝜃, by its maximum 

likelihood estimate. This estimate is computed by maximizing the GLRT as shown in 

Equation (2.42). 
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𝑇(𝑌) = 2 log

sup
𝜃∈𝑅𝑁

𝑓𝜃(𝑦)

𝑓𝜃=0(𝐸𝑦)
 

                                               = 2 log {
sup

𝜃
exp{−

1

2
‖𝑦−𝜃‖2

2}

exp{−‖𝑦‖2
2} 

} 

                                               =
1

𝜎2 {min
𝜃

‖𝑦 − 𝜃‖2
2 + ‖𝐸‖2

2} 

                                               =
1

𝜎2
{min

𝜃
‖𝑦 − 𝜃‖2

2 + ‖𝑦‖2
2} 

                                              =
1

𝜎2 {‖𝑦 − 𝜃‖
2

2
+ ‖𝑦‖2

2} 

                                              =
1

𝜎2
{‖𝑦‖2

2}, 

(2.42) 

where 𝜃 is the maximum likelihood estimate of 𝜃 (see Equation (2.43)), the probability 

density function of 𝑌 is shown in Equation (2.44), and ∥. ∥2 represents the Euclidean norm. 

Because the GLRT utilized the ratio of distributions of the faulty and faultless data; for 

the case of non-Gaussian variables, non-Gaussian distributions are required to be utilized. 

It must be noted that, in the derivation mentioned above, maximizing the likelihood 

function is equivalent to maximizing its natural logarithm since the logarithmic function 

is a monotonic function. At this stage, the GLRT then decides between the hypotheses 𝐻0 

and 𝐻1 as shown in Equation (2.45). 

 �̂� = argmin
𝜃

∥ 𝑌 − 𝜃 ∥2
2= 𝑌 (2.43) 

 
𝑓𝜃(𝑌) =

1

(2𝜋)
𝑁
2𝜎𝑁

exp {−
1

2𝜎2
∥ 𝑌 − 𝜃 ∥2

2} 
(2.44) 

 

𝛿(𝑌) = {
𝐻0 𝑖𝑓 𝑇(𝑌) < 𝑡𝛼,    

 
      𝐻1 𝑒𝑙𝑠𝑒.        

 

(2.45) 
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Since distribution of the decision function 𝕋(𝑌) under 𝐻0 allows to design a 

statistical test with a desired false alarm rate, 𝛼, where the threshold 𝑡𝛼 is chosen to satisfy 

the following false alarm probability (see Equation (2.46)). 

 𝑃0(𝛬(𝑌) ≥ 𝑡𝛼) = 𝛼, (2.46) 

where 𝑃0(𝐴) represent the probability of an event 𝐴 when 𝑌 is distributed according to the 

null hypothesis 𝐻0 and 𝛼 is the desired probability of the false alarm. Since 𝑌 is normally 

distributed (Equation (2.41)) the statistics T is distributed according to the 𝜒2 law with 

(𝑚 − 𝑙) degrees of freedom. 

2.3.3.1. GLRT Statistical Threshold 

To select an appropriate thresholds for the test statistics shown above, it is crucial 

to find their distributions. For that purpose, with the Gaussian noise within, the test 

statistics will be chi-square distributed variables [185]. The normalized residual 𝑌 ∈ ℝ𝑁 

is distributed as shown in Equation (2.47). 

 Y~𝑁(𝜃, 𝜎2𝐼𝑁), (2.47) 

where 𝜃 = 0 under the null hypothesis. Then, the scaled test statistic is distributed as the 

non-central chi-square distribution as shown in Equation (2.48). 

 
T =

1

σ2
{‖𝑌‖2

2} ~𝜒1
2, 

(2.48) 

and the test statistic is distributed through the central chi-square distribution 𝜒1
2 with 

degree of freedom 1. The threshold value is now chosen from the chi-square distribution 

with 𝛼 confidence limit. 
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Next, in Section 2.4., the KPLS-based GLRT algorithm performance will be 

assessed and compared to that of the linear PLS-based GLRT and the conventional PLS 

and KPLS through a CSTR model data. 

2.4. Fault Detection using KPLS-based GLRT Method 

In this section, the KPLS-based GLRT technique to detect faults is derived, and its 

explicit asymptotic statistic computed from the KPLS model. The objective of the KPLS-

based GLRT fault detection technique is to detect the additive fault, 𝜃, with the maximum 

detection probability for a given false alarm. Here, the fault detection task can be 

considered as a hypothesis testing problem with consideration of two possible hypotheses: 

null hypothesis 𝐻0, where measurements vector 𝑋, is fault-free, and the alternative 

hypothesis 𝐻1, where 𝑋 contains a fault, and thus 𝑋 is no longer categorized by the fault-

free KPLS model. For new data, the method needs to pick between 𝐻0 and 𝐻1 for the most 

efficient detection performance. 

Let the matrices 𝑋 , �̂� and 𝑅, be defined as follows: 𝑋 = [𝑋1  𝑋2   …  𝑋𝑚], �̂� =

[�̂�1   �̂�2   …  �̂�𝑚], and 𝑅 = [𝑅1  𝑅2   …  𝑅𝑚], and let 𝑋𝑗, �̂�𝑗, and 𝑅𝑗 be the 𝑗-th columns 

of the matrices, 𝑋 , �̂�, and 𝑅, respectively. In the absence of a fault, the residual can be 

calculated as shown in Equation (2.49). 

 𝑅 = 𝑋 − �̂�. (2.49) 

While in the presence of an additive fault vector, 𝜃, the residual is computed as 

shown in Equation (2.50). 

 𝑅 = 𝑋 − �̂�  [+𝜃]. (2.50) 
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It is assumed that the residual expressed in Equation (2.49) is Gaussian. Hence, the 

fault detection problem consists of detecting the presence of an additive bias vector, 𝜃, in 

the residual vector, 𝑅. The residual vector can be considered as a hypothesis testing 

problem by focusing on two hypotheses: the null hypothesis 𝐻0 where 𝑅 is fault-free and 

the alternate hypothesis 𝐻1, where 𝑅 contains a fault. The formulation of the hypothesis 

testing problem can be written as shown in Equation (2.51). 

 

   {
𝐻0: 𝑅 ~ ℕ(0, 𝜎2𝐼𝑁)              (𝑛𝑢𝑙𝑙 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠),

 
         𝐻1: 𝑅 ~ ℕ(𝜃, 𝜎2𝐼𝑁)       (𝑎𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠).

 

(2.51) 

The algorithm which studies the developed KPLS-based GLRT fault detection 

technique is presented in Algorithm 2.3. 

Algorithm 2.3: KPLS-based GLRT fault detection algorithm 

1. Data preprocessing step 

a) Compute 𝑋 and 𝑌 matrix mean and standard deviation, and standardize it. 

2. KPLS training step 

a) Compute the input score matrix, using Equation (2.2). 

b) Compute the output score matrix, using Equation (2.29). 

c) Deflate 𝐾 and 𝑌, using Equation (2.30) and (2.32). 

d) Repeat steps 1 to 3 to calculate next score. 

e) Compute the residual vectors, 𝐸 and 𝐹, using Equation (2.1). 

f) Compute the GLRT statistic using Equation (2.42). 

3. KPLS testing step: 

a) Standardized the new data 
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b) Compute the residual vectors, 𝐸 and 𝐹, using Equation (2.1). 

c) Compute the GLRT statistic 𝑇 using Equation (2.42) for the new data 

d) Compute the GLRT statistic threshold 𝑡𝛼  using Equation (2.48):if 𝑇 ≥ 𝑡𝛼, 

then declare a fault. 

Next, in Section 2.5., the developed KPLS-based GLRT algorithm presented is 

illustrated through its application on a controlled continuous stirred tank reactor (CSTR) 

in which a non-isothermal, irreversible first order reaction 𝐴 → 𝐵 takes place. 

2.5. KPLS-based GLRT and Application to Fault Detection in CSTR Process 

Next, the CSTR model that is used for fault detection is described. 

2.5.1. CSTR Process Description 

The dynamic model for the non-isothermal CSTR can be given by Equation (2.52) 

[186], [187]. 

 𝜕𝐶𝐴

𝜕𝑡
=

𝐹

𝑉
(𝐶𝐴0 − 𝐶𝐴) − 𝑘0 𝑒𝑥𝑝 (−

𝐸

𝑅𝑇
)𝐶𝐴,                        

𝜕𝑇

𝜕𝑡
=

𝐹

𝑉
(𝑇0 − 𝑇) −

(−𝛥𝐻)𝑘0

𝜌𝐶𝑝
𝑒𝑥𝑝 (−

𝐸

𝑅𝑇
)𝐶𝐴 −

𝑞

𝑉𝜌𝐶𝑝
,

𝑞 =
𝑎𝐹𝑐

𝑏+1

𝐹𝑐 + (
𝑎𝐹𝑐

𝑏

2𝜌𝑐𝐶𝑝𝑐
)

(𝑇 − 𝑇𝑖𝑛),                                            

 

(2.52) 

where 𝑘𝑜 is the reaction rate constant, 𝐸 is the activation energy, 𝐶𝐴 is the concentration 

of 𝐴 in the inlet stream, 𝐶𝐵 is the concentration of 𝐵  in the exit stream, 𝑇 is the temperature 

of the inlet stream, 𝐹 is the flow rate in and out of the reactor, 𝑉 is the reactor volume, 𝑇𝑖 

is the temperature of exit stream, 𝑇𝑗 is the temperature of the cooling fluid in the jacket, 

𝛥𝐻 is the heat of reaction, 𝑈 is the overall heat transfer coefficient, 𝐴 is the area through 
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which heat transfers from the reactor to the cooling jacket, and 𝜌 and 𝑐𝑝 are the density 

and heat capacity of the reactor contents and of all streams. Assuming a stoichiometric 

proportion of compounds 𝐴 and 𝐵 in the feed, one can assume that 𝐶𝐵(𝑡) = 2𝐶𝐴(𝑡). The 

outlet temperature (𝑇) and the concentration (𝐶𝐴) are controlled using proportional integral 

(PI) controllers by manipulating the inlet coolant flow rate (𝐹𝐶) and the feed flow rate (𝐹), 

respectively. The parameters of the PI controllers are as follows: 𝐾𝐶1 = −0.8 and 𝜏1 =

0.1 for the temperature controller, and 𝐾𝐶2 = 2 and 𝜏1 = 0.1 for the concentration 

controller. 

2.5.1.1. Generation of Dynamic Data 

In a practical setting, the data would be collected by changing the feed flow rate 

(which is chosen in this example to be the model input, i.e., 𝐹), and then measuring the 

state variables, i.e., the concentration and temperature as functions of time. Thus, the data 

are generated given some pre-defined model parameters. The CSTR model parameters as 

well as other physical properties are shown in Table 2.1. 
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Table 2.1 CSTR model parameters and physical properties. Reprinted with 

permission from [115]. 

Parameter Value Parameter Value 

𝐸(𝐽/𝑚𝑜𝑙) 76534 𝑉(𝑙) 100 

−𝛥𝐻(𝐽/𝑚𝑜𝑙) 596619 𝜌(𝑔/𝑙) 1000 

𝑘0 (l/min.mol) 4.11 × 1013 𝑐𝑝 (J/g.K) 4.2 

𝐶𝐴𝑖(𝑚𝑜𝑙/𝑙) 1 𝑇𝑗(𝐾) 250 

𝑇𝑖 (K) 350 𝑈𝐴 (W.K) 5 × 104 

𝑅 (J/mol.K) 8.31451   

The simulated CSTR (Equation (2.52)) is used to generate training and testing data 

sets by changing the set points of the concentration and temperature controllers in step-

wise fashions. To better represent practical process measurements, the two output 

variables (concentration and temperature) which are assumed to be noise-free are then 

contaminated with zero-mean Gaussian noise having standard deviations of 𝜎𝑐 = 0.005 

and 𝜎𝑇 = 0.02, respectively. 

The process data used in training includes four variables, the coolant flow rate 

(𝐹𝐶), the feed flow rate (𝐹), the outlet concentration 𝐶𝐴, and the reactor outlet temperature 

𝑇. Thus, the data matrix, which has 1000 rows and 4 columns, is used to construct the 

KPLS model after scaling the variables. 

The responses of the 4 state variables using the simulated CSTR (Equation (2.52)), 

are shown in Figure 2.1. 
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Figure 2.1 The time evolution of the generated data (X). Reprinted with permission 

from [115]. 

 

The PLS model is trained using the fault free data (see Figure 2.2). The training 

data is used to compute the PLS and KPLS-based 𝑇2, 𝑄 and GLRT statistics which are 

used later to detect fault in the testing data set. 
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Figure 2.2 The time evolution of the training fault-free data (Xtr). Reprinted with 

permission from [115]. 

 

Figure 2.3 shows the results using the PLS and KPLS-based 𝑇2, 𝑄 and GLRT 

techniques for detection of fault free data set (training data). If the statistic value is higher 

than threshold statistic value then there are faults in the system. The confidence interval is 

fixed to 5% . We can show that there is no fault in the system as expected when using the 

PLS and KPLS-based 𝑇2 and GLRT techniques, however, the PLS and KPLS-based 𝑄 

statistic give false alarm, this might be due to the noise that is introduced in the system.  
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Figure 2.3 The time evolution of the Q, T2 and GLRT statistics on a semi-

logarithmic scale for the fault-free data. Reprinted with permission from [115]. 

 

Next, the performance of the developed KPLS-based GLRT fault detection method 

is illustrated and compared to KPLS through its two charts 𝑄, 𝑇2. The comparison is 

assessed through three different cases studies representing three different types of faults. 

In the first case study, the sensor measuring the concentration of 𝐴 (𝐶𝐴) is assumed to be 
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faulty with single as well as multiple faults. In the second case study, a similar faults 

(single and multiple) are introduced in the temperature of the reactor (𝑇). In third case 

study, multiple faults are assumed to occur simultaneously in the concentration and 

temperature inside the reactor. The magnitude of this additive fault is equal to five times 

the standard deviation of the corresponding variable. 

2.5.1.2. Case 1: Faults in the Concentration CA 

The non-isothermal CSTR model (Equation (2.52)) is used to generate the training 

data. The training data has 500 samples and 4 variables. Single additive fault is introduced 

in samples [400 to 450]. Figure 2.4 shows the FD results of PLS and KPLS-based 𝑄, 𝑇2 

and GLRT techniques. We can show that the PLS and KPLS-based GLRT techniques 

provide a good FD results compared with PLS and KPLS-based 𝑄, 𝑇2 techniques. The 

PLS and KPLS-based 𝑇2 techniques show very poor fault detection (see Figure 2.4(c) and 

Figure 2.4(d)), while the PLS and KPLS-based 𝑄 techniques could detect the fault in 

sample [400 to 450] but with significant false alarm rates (see Figure 2.4(a) and Figure 

2.4(b)). However, the PLS and KPLS-based GLRT techniques showed better FD results 

compared to the conventional PLS and KPLS techniques through their two charts 𝑄 and 

𝑇2. 
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Figure 2.4 The time evolution of the Q, T2 and GLRT statistics on a semi-

logarithmic scale in the presence of a single fault in CA. Reprinted with permission 

from [115]. 

 

Multiple faults were introduced in concentration 𝐶𝐴 in samples [100 to 150], [250 

to 350] and [400 to 450], respectively. Figure 2.5 shows the FD results of the PLS and 

KPLS-based 𝑄, 𝑇2 and GLRT techniques. We can show that the PLS and KPLS-based 𝑄 

technique a have high false alarm rates (see Figure 2.5(a) and Figure 2.5(b)), where, the 
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PLS and KPLS-based 𝑇2 techniques missed most of the fault in the concentration. 

However, the PLS and KPLS-based GLRT techniques can detect effectively the faults. 

 

 

Figure 2.5 The time evolution of the Q, T2 and GLRT statistics on a semi-

logarithmic scale in the presence of a multiple faults in CA. Reprinted with 

permission from [115]. 
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2.5.1.3. Case 2: Faults in the Temperature T 

In this section, we have introduced additive single fault in temperature in sample 

interval of [400 to 450]. Figure 2.6 shows the fault detection results of the PLS and KPLS-

based 𝑄, 𝑇2 and GLRT techniques. We can show from Figure 2.6(a) and Figure 2.6(b), 

that PLS and KPLS -based 𝑄 techniques could detect the fault in the temperature with 

high false alarm rates. While, Figure 2.6(c) and Figure 2.6(d) show the FD results using 

the PLS and KPLS-based 𝑇2 techniques, where, very poor fault detections are observed. 

The FD results show also that, the KPLS-based GLRT technique shows a good detection 

rate for single fault in temperature with no false alarms (see Figure 2.6(e) and Figure 

2.6(f)), while the linear PLS-based GLRT technique could detect the fault with high 

missed detection rates. It shows clear improvement over linear PLS-based GLRT 

technique that had high missed detection rates. The limitation of linear PLS is that it is not 

suitable in nonlinear cases and assumes that the relationships between variables are linear 

and hence may not always be the most appropriate method of analysis. In addition, the 

advantages of the developed PLS and KPLS-based GLRT fault detection algorithms over 

the conventional PLS and KPLS-based 𝑄, 𝑇2 techniques are due to their abilities to 

provide optimal properties by maximizing the fault detection probability for a particular 

false alarm rate when using the GLRT statistic. 

An additive multiple faults are introduced in temperature at sample interval of [100 

to 150], [250 to 350] and [400 to 450] respectively. Fault detection results of the PLS and 

KPLS-based 𝑄, 𝑇2 and GLRT techniques are shown in Figure 2.7. Figure 2.7(a) and 

Figure 2.7(b) show that the PLS and KPLS-based 𝑄 techniques can detect the faults with 



 

54 

 

some false alarms, while the PLS and KPLS-based 𝑇2 techniques are not able to detect 

these faults (as shown in Figure 2.7(c) and Figure 2.7(d)). We can show also, that the 

linear PLS-based GLRT techniques can detect the fault but with high missed detections 

(see Figure 2.7(e)). The FD results illustrated in Figure 2.7(e) and Figure 2.7(f), show that 

the KPLS-based GLRT technique shows an improvement FD performance over the linear 

PLS-based GLRT technique for multiple faults in temperature. The advantage of KPLS-

based GLRT is that it is uses a more suitable model to obtain an accurate principal 

components of a set of data and deal with the nonlinearity in variables and can take 

outcome measures into account, and uses a GLRT which also has shown good fault 

detection abilities. 
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Figure 2.6 The time evolution of the Q, T2 and GLRT statistics on a semi-

logarithmic scale in the presence of a single fault in T. Reprinted with permission 

from [115]. 
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Figure 2.7 The time evolution of the Q, T2 and GLRT statistics on a semi-

logarithmic scale in the presence of a multiple faults in T. Reprinted with 

permission from [115]. 

 

2.5.1.4. Case 3: Faults in the Concentration CA and Temperature T 

In the final case study, we have introduced simultaneous faults in concentration 

and temperature, additive fault is introduced at sample interval of [250 to 350] and [400 

to 450] respectively. Figure 2.8 shows process monitoring results using the PLS and 

KPLS-based 𝑇2, 𝑄 and GLRT techniques. We can show from Figure 2.8(a), Figure 2.8(b), 
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Figure 2.8(c) and Figure 2.8(d), that the PLS and KPLS-based 𝑇2, 𝑄 techniques cannot 

detect the multiple faults effectively, while both PLS and KPLS-based GLRT techniques 

show a good fault detection abilities (see Figure 2.8(e) and Figure 2.8(f)), with some 

missed detections when using the linear PLS-based GLRT (see Figure 2.8(e)). 

 

 

Figure 2.8 The time evolution of the Q, T2 and GLRT statistics on a semi-

logarithmic scale in the presence of simultaneous faults in CA and T. Reprinted with 

permission from [115]. 
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2.6. Conclusion and Contribution of the Chapter 

In this paper, kernel principal component analysis (KPLS)-based generalized 

likelihood ratio test (GLRT) is used for nonlinear fault detection. The fault detection 

problem was addressed so that the data are first modeled using the KPLS method and then 

the faults are detected using GLRT. The KPLS approach works similar to PLS, it reduces 

the dimensionality of nonlinear process variables and variables by projecting into space 

with less dimensionality. The contribution of this chapter is to improve the performance 

of KPLS model by introducing the composite hypothesis test GLRT. The KPLS method 

has been developed to deal with a nonlinear extensions of PLS and provide a good 

performance over the linear versions. The KPLS method is investigated here as modeling 

algorithm in the task of fault detection and then the faults are detected using GLRT. The 

KPLS-based GLRT fault detection performance is assessed and compared to that of the 

conventional KPLS through a simulated continuously stirred tank reactor (CSTR) data. 

The results demonstrate the effectiveness of the KPLS-based GLRT method over the 

linear PLS-based GLRT method and both of them provide a good performance compared 

with the conventional PLS and KPLS methods for detection of single as well as multiple 

sensor fault.



_____________________ 
*Reprinted with permission from “Multiscale PLS-based GLRT for fault detection of 

chemical processes” by C. Botre, M. Mansouri, M. N. Karim, M. Nounou, and H. Nounou, 

2017. J. Loss Prev. Process Ind., 46, 143-153, Copyright 2017 by Elsevier. 
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3. MULTISCALE PLS-BASED GLRT FOR FAULT DETECTION OF CHEMICAL 

PROCESSES* 

 

3.1. Introduction 

Fault detection is necessary to assure safe operations of plant and productivity at 

desired level. Most of the industrial process data are highly correlated, which causes an 

issue with analyzing huge process data. To address this issue, the Partial least squares 

(PLS) method has been used successfully in process monitoring. However, measured 

process data are usually contaminated with errors that mask the important features in the 

data and reduce the effectiveness of any fault detection method in which these data are 

used. Unfortunately chemical process data (as in the case of most practical data) usually 

possess multiscale characteristics, meaning that they contain features and noise that occur 

at varying contributions over time and frequency. Wavelet-based multiscale 

representation of data has been shown to be a powerful data analysis, modeling, and 

feature extraction tool due to its ability to provide efficient separation of deterministic and 

stochastic features. Hence, the objective of this paper is to extend our previous work (Botre 

et. al. (2016)) to deal with correlated and noise in the dataset with multiscale representation 

and present a new fault detection method of chemical processes using Multiscale Partial 

Least Square (MSPLS)-based generalized likelihood ratio test (GLRT) technique. The 

efficiency and robustness of the developed method are demonstrated through two 

illustrative examples, one using simulated continuous stirred tank reactor (CSTR) and the 
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other using Tennessee Eastman process problem (TEP) data. The results demonstrate the 

effectiveness of developed MSPLS-based GLRT over the conventional PLS-based 

techniques for fault detection in CSTR and TEP processes.  

The demand for fault detection (FD) of chemical processes is significantly growing 

to ensure safety and to maintain product quality at desired level [188]–[190]. Fault 

detection is necessary to monitor the continuity of operating the system under normal 

conditions to ensure safety [191], [192]. The detection of faults in the process will help to 

limit the process disturbances and keep it safe and reliable [193]. A fault can be defined 

as a non-permitted or incorrect step, processing or data from an acceptable behavior which 

leads to the system’s failure and the inability to address the intended objectives [194], 

[195]. In order to keep a safe and reliable process, a detection system is needed. 

 Several works on fault detection in chemical process have been presented in the 

literature, they can be broadly divided into main classes, quantitate model based methods 

[12], [13] and process history data-based methods [1], [5], [6], [196]. Some of the 

industrial processes are very complex and it is difficult to have an accurate mathematical 

model describing the process and in those cases, data-based methods are very useful for 

fault detection and diagnosis. Most practical processes, however, are multivariate, i.e., 

involve many variables that need to be monitored at the same time. Two commonly used 

multivariate statistical methods are Principle Component Analysis (PCA) [137], which is 

an input model and Partial Least Square (PLS), which is an input output model [115], 

[197]. However, process residuals used for the input model-based fault detection 

techniques may often contain high levels of noise, be highly correlated and non-Gaussian, 
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and these may affect the fault detection performance. Multiscale representation of data is 

able to address these issues, and multiscale principle component analysis (MSPCA) was 

developed for this purpose [118]. However, MSPCA does not provide the best fault 

detection performance. Most of the chemical processes such as distillation columns, are 

usually described using input-output models. For input-output models, on the other hand, 

Multiscale Partial Least Square (MSPLS) has been widely used to extract relationship 

between two sets of variables, inputs and outputs [198]. 

In the previous works [41], [115], the authors have developed a linear and 

nonlinear PCA and PLS-based generalized likelihood ratio test (GLRT) fault detection 

methods that showed improved detection of anomalies in chemical reactors over 

conventional methods. The developed linear and nonlinear PCA and PLS -based GLRT 

fault detection algorithms provide optimal properties by maximizing the fault detection 

probability for a particular false alarm rate. Also, since process measurements are usually 

contaminated with errors, the objective of this paper is to extend the developed fault 

detection methods to deal with correlated and noise in the dataset. To do that, a wavelet-

based multiscale representation of data will be utilized. Multiscale representation is a 

powerful data analysis and feature extraction tool, which has been shown to improve the 

fault detection ability of input and input-output models [118]. These advantages will be 

exploited in this paper to enhance the fault detection abilities and take outcome measures 

into account and widen its applicability in practice using an input-output models by 

developing hypothesis testing fault detection techniques that are based on these latent 

variable-modeling methods. In the developed approach, PLS model will be constructed 
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using the wavelet coefficients at different scales, and then GLRT is applied for fault 

detection. 

The fault detection performances of the developed MSPLS-based GLRT technique 

are illustrated through a simulated continuously stirred tank reactor (CSTR) data and 

Tennessee Eastman Process (TEP) in terms of missed detection rate, false alarm rate, and 

ARL1 values. CSTR and TEP provide a realistic continuous process plant problem to 

validate the process monitoring and fault detection performances. The fault detection 

results demonstrate the effectiveness of the MSPLS-based GLRT method over the PLS-

based GLRT technique and both of them outperform the conventional PLS and MSPLS 

techniques. 

This chapter is organized as following. In Section 3.2, methodology has been 

described, with introduction to PLS, the two detection charts, Q and GLRT are presented 

and MSPLS algorithm is presented. The developed MSPLS-based GLRT method for fault 

detection, which integrates MSPLS modeling and GLRT statistical testing, is presented in 

Section 3.3. Next, in Section 3.4, the MSPLS-based GLRT performance is studied through 

two applications, one using a simulated continuously stirred tank reactor (CSTR) data and 

the other using a Tennessee Eastman process (TEP) data. At the end, the conclusions and 

contributions of this chapter are presented in Section 3.5. 
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3.2. Methodology 

3.2.1. Multiscale Partial Least Square (MSPLS) Method 

3.2.1.1. Multiscale Wavelet-based Data Representation 

Wavelet transformation is used to decompose original signal into its multiscale 

components characterized by time and frequency. Main advantage of using wavelet 

transformation over the single scale method is that it enables to separate deterministic and 

stochastic features from original signal. Discrete wavelet transform (DWT) projects 

original signal onto orthogonal signal to obtain coarse approximate scale, the discrete 

wavelet function for coarse approximate scale is shown in Equation (3.1) [199]. 

 𝜙𝑗,𝑘(𝑡) = √2−𝑗𝜙(2−𝑗𝑡 − 𝑘), (3.1) 

where k and j are discretized translation and dilation parameters, respectively. Detail signal 

is given by the difference between original signal and course approximate signal. The 

discrete wavelet function for detail scale is shown in Equation (3.2) [199]. 

 𝜙𝑗,𝑘(𝑡) = √2−𝑗𝜙(2−𝑗𝑡 − 𝑘). (3.2) 

The authors in Mallat[200] have proposed a fast algorithm to compute discrete 

wavelet, where the coarse approximate signal and detail signal coefficients are computed 

using the low pass filter (𝐻) and high pass filter (𝐺) respectively (see Equation (3.3)). 

 𝑎𝑠 = 𝐻𝑎𝑠−1 , 𝑑𝑠 = 𝐺, (3.3) 

where 𝑎𝑠 is the approximate scale coefficient and 𝑑𝑠 is the detailed scale coefficient at 𝑆 

scale level. Thus the original signal can be decomposed by DWT into multiscale 

components with one approximate coefficient vector at the coarsest level 𝑆 and 𝑆 detail 
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coefficient vector. The original signal can be reconstructed by computing the sum of the 

last scaled and all the detail signals as shown in Equation (3.4). 

 

𝑥(𝑡) = ∑ 𝑎𝐽𝑘Φ𝐽𝑘(𝑡)

𝑛2𝐽

𝑘=1

+ ∑ ∑ 𝑏𝑗𝑘Ψ𝑗𝑘(𝑡),

𝑛2𝐽

𝑘=1

𝐽

𝑗=1

 

(3.4) 

where 𝑛 and 𝐽 are the length of the signal and maximum decomposition length. 

3.2.2. Multiscale PLS Method Description 

Teppola and Minkkinen [198] were first to implement multiscale PLS, by 

combining multiscale representation with PLS model, they used this approach basically to 

remove the long-term drift in the data set. They proposed to extend the work of Bakshi 

[118], which addressed the multiscale PCA, to deal with input output models (such PLS). 

For input-output models, on the other hand, PLS has been widely used to extract 

relationships between two sets of variables, inputs and outputs. PLS is usually used to 

predict the dependency of certain key variables that are challenging or expensive to 

measure (called outputs) from other process variables that are easier to measure (called 

inputs). Process residuals used for the input model-based fault detection techniques may 

often contain high levels of noise, be highly correlated and non-Gaussian, and these may 

affect the techniques. Thus, the wavelet-based multiscale representation of data to further 

enhance the effectiveness of the PLS. In this work we have developed modified multiscale 

PLS algorithm, which works similar to MSPCA, proposed by Bakshi [118], but for PLS 

algorithm. Where the training data, both online and quality variables are decomposed by 

DWT and PLS model with statistical threshold is applied at each individual scale and only 

important scale coefficients are selected to reconstruct the data. For fault detection 
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decision PLS model is applied on global scale. The statistical thresholding at individual 

scale acts like a data filtering stage and increases the efficiency of PLS technique. These 

steps are summarized in Algorithm 3.1. 

Algorithm 3.1. MSPLS algorithm 

1. Decompose X and Y into coarse approximate scale and detail scales; 

2. Modified PLS algorithm is applied at each scale to compute loading vectors and 

score vector of X and Y matrices; 

3. At each scale for X and Y, coefficients that are not significant (lower than 

threshold values) are neglected;  

4. Modified PLS algorithm is carried out on reconstructed X and Y (after 

threshold). 

At individual scale and at global scale modified PLS algorithm is applied and it is 

be given by Equation (3.5) [201]. 

 

𝑋 = 𝑇𝑃𝑇 + 𝐸 = ∑𝑡𝑖

𝐼

𝑖=1

𝑝𝑖
𝑡 + 𝐸 = �̂� + 𝐸,

𝑋 = 𝑈𝑄𝑇 + 𝐹 = ∑𝑢𝑗

𝐼

𝑗=1

𝑞𝑗
𝑡 + 𝐹 = �̂� + 𝐹,

 (3.5) 

where �̂� and �̂� represent modeling matrices of 𝑋 and 𝑌 successively, 𝐸 ∈ ℝ𝑁×𝑀 and 𝐹 ∈

ℝ𝑁×𝐿 are the residuals of 𝑋 and 𝑌 respectively, 𝑇 = [𝑡1, 𝑡2 ⋯𝑡𝐼] ∈ ℝ𝑀×𝐼 is the resulting 

input score matrix, 𝑈 = [𝑢1, 𝑢2 ⋯𝑢𝐽] ∈ ℝ𝑁×𝐽 is the output score matrix, 𝑃 =

[𝑝1
𝑡 , 𝑝2

𝑡 ⋯𝑝𝐼
𝑡] ∈ ℝ𝑀×𝐼 and 𝑄 = [𝑞1

𝑡 , 𝑞2
𝑡 ⋯𝑞𝐽

𝑡] ∈ ℝ𝐿×𝐽 represent the loading matrices, 
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successively. The modified NIPALS algorithm is used to compute score matrices and 

loading vectors of X and Y respectively, which is described in Chapter 2 [110]. 

3.2.3. Fault Detection Charts  

𝑇2 and 𝑄 charts are commonly used as fault detection statistics. In literature it has 

been seen that 𝑇2 test is less effective fault detection technique compared to 𝑄 statistic, 

this is because 𝑇2 test can only represent variation of the data in the principle component 

and not in residue of the model [137], [202]. 

3.2.3.1. Q-Statistic or Squared Prediction Error (SPE) 

𝑄 statistic is given as sum of square of errors of the residue obtained from PLS 

algorithm that is shown in Equation (3.6) [137]. 

 𝑄 = ‖𝐸‖2 = ‖𝑋 − �̂�‖
2
. (3.6) 

The threshold value for 𝑄 statistic under significance level of 𝛼  is shown in 

Equation (3.7) [203]. 

 𝑄𝛼 = 𝑔𝜒𝛼
2(ℎ), 

𝑔 =
𝑣𝑎𝑟(𝑄2)

2 × 𝑚𝑒𝑎𝑛(𝑄2)
;        ℎ = 2 ×

(𝑚𝑒𝑎𝑛(𝑄2))
2

𝑣𝑎𝑟(𝑄2)
. 

(3.7) 

For new data, the 𝑄 statistic value is calculated and compared with the threshold 

value (𝑄𝛼), if 𝑄 statistic value is higher than the threshold value then fault is declared in 

the system. 

3.2.3.2.  Generalized Likelihood Ratio Test (GLRT) 

Statistical hypothesis test is carried out on the residue obtained from the MSPLS 

model. Hypothesis testing methods determine whether fault is present in the system by 
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computing statistical values and comparing to the threshold value. The GLRT is basically 

a hypothesis testing technique, which has been utilized successfully in model-based faults 

detection [174]–[176]. Let, 𝑦 ∈ ℝ𝑁 be an observation vector formed by one of the two 

normal distributions: 𝑁(0, 𝜎2𝐼𝑁) or 𝑁(𝜃 ≠ 0, 𝜎2𝐼𝑁), where 𝜃 is the mean vector (which 

is the value of the fault) and 𝜎2 is the variance that is assumed to be known in this problem 

(see Equation (3.8)). 

 

{
𝐻0: 𝑌 ~ ℕ(0, 𝜎2𝐼𝑁),

 
 𝐻1: 𝑌 ~ ℕ(𝜃, 𝜎2𝐼𝑁).

 (3.8) 

GLRT method replaces the unknown parameter, 𝜃 by its maximum likelihood 

estimate. Maximum likelihood estimate 𝑇(𝑦) is computed using Equation (3.9). 

 

𝑇(𝑌) = 2 log

sup
𝜃∈𝑅𝑁

𝑓𝜃(𝑦)

𝑓𝜃=0(𝐸𝑦)
 

                                                 = 2 log {
sup

𝜃
exp{−

1

2
‖𝑦−𝜃‖2

2}

exp{−‖𝑦‖2
2} 

} 

                                                 =
1

𝜎2 {min
𝜃

‖𝑦 − 𝜃‖2
2 + ‖𝐸‖2

2} 

                                                 =
1

𝜎2
{min

𝜃
‖𝑦 − 𝜃‖2

2 + ‖𝑦‖2
2} 

                                                =
1

𝜎2 {‖𝑦 − 𝜃‖
2

2
+ ‖𝑦‖2

2} 

                                      𝐺(𝐸) =
1

𝜎2
{‖𝑦‖2

2}, 

(3.9) 

where 𝜃 is the maximum likelihood estimate of 𝜃 (see Equation (3.10)), the probability 

density function of 𝑌 is shown in Equation (3.11), and ‖. ‖2 represents the Euclidean norm. 
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 𝜃 = argmin‖𝑦 − 𝜃‖2
2 (3.10) 

 
𝑦 =

1

(2𝜋)𝑛/2𝜎𝑛
exp(−

‖𝑌 − 𝜃‖2
2

2𝜎2
). 

(3.11) 

As the GLRT utilized the ratio of distributions of the faulty and faultless data, for 

the case of non-Gaussian variables, non-Gaussian distributions are required to be utilized. 

It must be noted that, in the derivation mentioned above, maximizing the likelihood 

function is equivalent to maximizing its natural logarithm since the logarithmic function 

is a monotonic function. The GLRT statistic computed with one online measurement 

follows chi-square distribution with one degree of freedom as shown in Equation (3.13) 

[41]. 

 𝑡𝛼 = χ1
2. (3.12) 

If the GLRT statistic value is less than the threshold value under null hypothesis, 

there is no fault and if GLRT statistic is higher than threshold value, alternative hypothesis 

is correct and fault is declared in the process. 

Next, in Section 3.3, the developed MSPLS-based GLRT fault detection technique 

is presented. 

3.3. MSPLS-based GLRT Fault Detection Algorithm  

In the developed approach, PLS model will be constructed using the wavelet 

coefficients at different scales, and then GLRT will be applied using this model to improve 

the fault detection abilities of the PLS-based GLRT fault detection method. The multiscale 

PLS-based GLRT fault detection technique aims to detect the additive fault, with the 
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maximum detection probability for a given false alarm. The algorithm which studies the 

developed MSPLS-based GLRT fault detection technique is presented in Algorithm 3.2. 

 

 

Figure 3.1 Representation of the multiscale partial least square (MSPLS)-based 

generalized likelihood ratio test (GLRT) algorithm. Reprinted with permission 

from [119]. 

 

Algorithm 3.2: MSPLS- based GLRT fault detection algorithm  

1. Training Data 

a. Standardized X and Y matrix with zero mean and unit variance. 

b. Select best decomposition length and is same for both X and Y matrix. 



 

70 

 

c. X and Y are decomposed and coarse approximate coefficients and detail 

coefficients are stored. 

d. Modified PLS algorithm is carried out at each scale. 

e. Insignificant approximate and detailed coefficients are removed from 

coefficient matrix; Q- statistic is used to calculate threshold value. 

f. Data matrix X and Y are reconstructed based on retained coefficients. 

g. Compute the GLRT statistic threshold (𝑡𝛼). 

2. Testing Data 

a. Standardized new X and Y data matrix with the use of mean and standard 

deviation form training data set from step 1. 

b. X and Y data matrices are decomposed using best decomposition level. 

c. Modified PLS algorithm is carried out at each scale. 

d. Q-statistic is used with PLS at each scale and compared with threshold value 

𝑄𝛼. 

e. Test data matrices are reconstructed with retained coefficients. 

f. Modified PLS algorithm is applied on new reconstructed data sets and 

model residue is computed. 

g. Compute GLRT statistic (𝑇(𝑌)) from the residue obtained from PLS. 

h. If 𝑇(𝑌) ≤ 𝑡𝛼, the process is operating under normal operating conditions. 

Else, a fault is declared. 

Next, in Section 3.4, the application of the developed MSPLS-based GLRT 

technique for fault detection of chemical processes is presented. 
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3.4. MSPLS based GLRT Fault Detection And Applications 

In this section fault detection performance of MSPLS-based GLRT is evaluated in 

terms of three detection indicators: 

1. Missed Detection Rate (%): percentage of faulty observations undetected. 

2. False Alarm Rate (%): percentage of wrong fault declared in fault free region. 

3. Average Run Length (ARL1): number of observation’s taken to detect the fault 

after the fault is introduced. 

In order to demonstrate the advantages of the developed technique, the 

performance of the developed technique is assessed and compared to conventional fault 

detection techniques using two applications, one using the simulated continuous stirred 

tank reactor (CSTR) data and the other using the Tennessee Eastman process (TEP) data. 

3.4.1. Fault Detection in Simulated CSTR Data 

The dynamic model for the non-isothermal CSTR is shown by Equation (3.13) 

[187] and the detailed description of the model is given in the Section 2.5. 

 𝜕𝐶𝐴

𝜕𝑡
=

𝐹

𝑉
(𝐶𝐴0 − 𝐶𝐴) − 𝑘0 𝑒𝑥𝑝 (−

𝐸

𝑅𝑇
)𝐶𝐴,                        

𝜕𝑇

𝜕𝑡
=

𝐹

𝑉
(𝑇0 − 𝑇) −

(−𝛥𝐻)𝑘0

𝜌𝐶𝑝
𝑒𝑥𝑝 (−

𝐸

𝑅𝑇
)𝐶𝐴 −

𝑞

𝑉𝜌𝐶𝑝
,

𝑞 =
𝑎𝐹𝑐

𝑏+1

𝐹𝑐 + (
𝑎𝐹𝑐

𝑏

2𝜌𝑐𝐶𝑝𝑐
)

(𝑇 − 𝑇𝑖𝑛).                                            

 

(3.13) 

3.4.1.1. Training of PLS Model 

The input matrix X consists of cooling water flow rate, reactant flow rate, 

temperature and concentration at the exit of CSTR, 𝑋 = [𝐹𝐶  𝐹 𝐶𝐴 𝑇]. The training data 

(𝑋𝑡𝑟𝑎𝑖𝑛) and testing data (𝑋𝑡𝑒𝑠𝑡) are computed by introducing step-wise changes in 
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concentration and temperature controller. Figure 3.2 shows response of the 4 states 

variables of the simulated CSTR model (Equation (3.13)). PLS model is trained using fault 

free data shown in Figure 3.2. Zero mean Gaussian noise having standard deviation 0.005 

and 0.002 were introduced, 𝑁(0, 0.0052) and 𝑁(0, 0.022) is introduced in concentration 

and temperature of outlet stream to represent practical process measurements. MSPLS is 

modeled based on the fault free training data set of non-isothermal CSTR model (equation 

26). 𝑋𝑡𝑟𝑎𝑖𝑛 is input training matrix with total 500 observations and 4 process variables (see 

Figure 3.2). 

Next, the performance of the developed MSPLS-based GLRT fault detection 

method is illustrated and compared to the conventional PLS-based GLRT, PLS and 

MSPLS methods. The comparison is evaluated through three different case studies. In the 

first case study, multiple additive faults are introduced in temperature of the reactor (T) 

and. In the second case study, similar faults (multiple) are introduced in the concentration 

of A. In third case study, multiple faults are assumed to occur simultaneously in the 

concentration and temperature inside the reactor. The magnitude of this additive fault is 

equal to three times the standard deviation of the corresponding variable. 
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Figure 3.2 The time evolution of fault free data (Training data). Reprinted with 

permission from [119]. 

 

3.4.1.2. Case 1: Faults in Temperature T 

In this case multiple additive faults are introduced in the temperature variable at 

[100 to 150], [250 to 350] and [400 to 450] respectively. Figure 3.3(a) and Figure 3.3(b) 

show the FD comparison between PLS-based Q statistic and MSPLS-based Q statistic. 

MSPLS-based Q statistic shows improvement FD results over PLS-based Q statistic with 

lower missed detection rate of 11%. Detailed results are shown in Table 3.1. PLS-based 

GLRT (Figure 3.3(c)) and MSPLS based-GLRT (Figure 3.3(d)) show improved fault 

detection performance compared to PLS and MSPLS-based Q statistics, while MSPLS-

based GLRT shows a good fault detection performance with 4% missed detection rate. 
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Figure 3.3 Monitoring multiple faults in temperature using PLS and MSPLS-based 

Q chart, and GLRT chart. Reprinted with permission from [119]. 

 

3.4.1.3. Case 2: Faults in Concentration CA 

In this case multiple additive fault is introduced in concentration CA at [100 to 

150], [250 to 350] and [400 to 450] sample times. The fault detection results are shown in 

Table 3.1. MSPLS-based Q statistic (Figure 3.4(b)) shows slight improvement with lower 

false alarm rate of 24% compared to PLS-based Q statistic. Figure 3.4(c) and Figure 3.4(d) 

show the fault detection results of PLS and MSPLS-based GLRT. Table 3.1 shows that 

the developed MSPLS-based GLRT provides better results compared to the PLS-based 

GLRT and both of them outperform the conventional PLS and MSPLS-based Q statistics. 
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Figure 3.4 Monitoring multiple faults in concentration using PLS and MSPLS-

based Q chart, and GLRT chart. Reprinted with permission from [119]. 

 

3.4.1.4. Case 3: Faults in the Concentration CA and Temperature T 

In this case study multiple additive faults are introduced in concentration and 

temperature at [250 to 350] and [400 to 450] sample time. Figure 3.5 show the FD results 

using PLS-based Q, MSPLS-based Q, PLS-based GLRT and MSPLS-based GLRT 

techniques. Figure 3.5 and Table 3.2 show that the MSPLS-based Q statistic shows lower 

missed detection rate of 5.66% compared to PLS-based Q statistic (missed detection rate 

of 24.67%). While, MSPLS based GLRT provides a good FD results compared to the 

conventional PLS-based GLRT (missed detection rate of 0.11%) (Figure 3.5(d)), and both 

of them outperform the conventional PLS and MSPLS-based Q techniques. 
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Figure 3.5 Monitoring multiple faults in concentration and temperature using PLS 

and MSPLS-based GLRT charts. Reprinted with permission from [119]. 
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Table 3.1 Summary of Missed Detection (%), false alarm (%) and ARL1 for cases 1 

and 2. Reprinted with permission from [119]. 

Models 

Faults in Temperature Faults in Concentration 

Missed 

Detection 

(%) 

False 

Alarm 

(%) 

ARL1 

Missed 

Detection 

(%) 

False 

Alarm 

(%) 

ARL1 

PLS-based Q 

statistic 

16.5 0 1 28.0 0 1 

PLS-based 

GLRT 

10.0 3.45 1 8.0 6.14 1 

MSPLS-based 

Q statistic 

11.0 0.0 1 24.0 0 1 

MSPLS-based 

GLRT 

4.0 4.0 1 2.0 0 1 
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Table 3.2 Summary of Missed Detection (%), false alarm (%) and ARL1 for case 3. 

Reprinted with permission from [119]. 

Models 

Multiple Faults in concentration and temperature 

Missed Detection (%) False Alarm (%) ARL1 

PLS-based Q statistic 24.67 0 1 

PLS-based GLRT 0.11 1.86 1 

MSPLS-based Q 

statistic 

5.33 0.0 1 

MSPLS-based GLRT 0.0 0.0 1 

Next, in Section 3.4.2., the developed MSPLS-based GLRT algorithm presented 

is illustrated through its application on a Tennessee Eastman Process.  

3.4.2. Fault Detection in TE Process (TEP) 

Tennessee Eastman Process provides a realistic continuous process plant problem 

to compare and validate the developed MSPLS based GLRT technique. This process is 

suitable to evaluate process monitoring performance. In this section, an industrial 

benchmark of TE process is presented. TE process is well developed and widely accepted 

as a benchmark for fault detection studies [45], [48], [204]–[207]. The reaction scheme is 

shown in Equation (3.14), Figure 3.6 shows TE process flow diagram [45], [48]. 

  𝐴(𝑔) + 𝐶(𝑔) + 𝐷(𝑔) → 𝐺(𝑙𝑖𝑞), 

 𝐴(𝑔) + 𝐶(𝑔) + 𝐸(𝑔) → 𝐻(𝑙𝑖𝑞), 

                                              𝐴(𝑔) + 𝐸(𝑔) → 𝐹(𝑙𝑖𝑞), 

                                                         3𝐷(𝑔) → 2𝐸(𝑙𝑖𝑞). 

(3.14) 



 

79 

 

TE process data for training of the model is obtained from Chiang et. al. [208], 

Table 3.3 shows 21 type of faults that can be introduced in the TEP. Data obtained has 52 

measured variables, 41 of that are process variables and 11 are the manipulated variables. 

Out of the 41 process variables, 22 variables are continuous process measurement, which 

will be in 𝑋𝑡𝑟𝑎𝑖𝑛 matrix and 19 are composition measurements, which will be in quality 

matrix 𝑌𝑡𝑟𝑎𝑖𝑛. For the testing data set, fault is introduced at 224 observations. 

 

 

Figure 3.6 Process flow diagram of Tennessee Eastman Process (TEP). Reprinted 

with permission from [119]. 
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Table 3.3 Summary of process faults in Tennessee Eastman Process. Reprinted with 

permission from [119]. 

Fault Number Process Variable Type 

IDV(1) A/C feed ratio, B composition constant Step 

IDV(2) B composition, A/C ratio constant Step 

IDV(3) D feed temperature Step 

IDV(4) Reactor cooling water inlet temperature Step 

IDV(5) Condenser cooling water inlet temperature Step 

IDV(6) A feed loss Step 

IDV(7) C header pressure loss-reduced availability Step 

IDV(8) A, B, and C feed composition Random variation 

IDV(9) D feed temperature Random variation 

IDV(10) C feed temperature Random variation 

IDV(11) Reactor cooling water inlet temperature Random variation 

IDV(12) Condenser cooling water inlet temperature Random variation 

IDV(13) Reaction kinetics Slow drift 

IDV(14) Reactor cooling water valve Sticking 

IDV(15) Condenser cooling water valve Sticking 

IDV(16) Unknown Unknown 

IDV(17) Unknown Unknown 

IDV(18) Unknown Unknown 

IDV(19) Unknown Unknown 

IDV(20) Unknown Unknown 

IDV(21) The valve fixed at steady state position Constant position 
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Table 3.4 - Table 3.6 show missed detection rate, false alarm rate and ARL1 for all 

the 21 faults test data sets respectively. MSPLS-based Q statistic shows slight FD 

improvement compared to PLS-based Q statistic, and MSPLS-based GLRT shows better 

fault detection performance with lower missed detection rate (Table 3.4), false alarm rate 

(Table 3.5) and ARL1 (Table 3.6) compared to conventional PLS-based Q, MSPLS-based 

Q and PLS-based GLRT techniques for most of the faults. Figure 3.7(a) and Figure 3.7(b) 

shows the fault detection performance of PLS and MSPLS-based Q techniques for IDV 1 

fault test data. The MSPLS-based Q statistic shows better fault detection than PLS-based 

Q statistics, which are outperformed by PLS-based GLRT (Figure 3.7(c)) and MSPLS-

based GLRT (Figure 3.7(d)).  
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Table 3.4 Summary of Missed Detection (%) for TEP data. Reprinted with 

permission from [119]. 

Fault 

Number 

P
L

S
-b

a
se

d
 Q

 

P
L

S
-b

a
se

d
 

G
L

R
T

 

M
S

P
L

S
-b

a
se

d
 

Q
 

M
S

P
L

S
-b

a
se

d
 

G
L

R
T

 

IDV(1) 7 0.3 3 0 

IDV(2) 7.875 1.375 7 1 

IDV(3) 99.52 99.3 99.87 92.25 

IDV(4) 100 93.25 100 97.42 

IDV(5) 87.45 76 85 73.5 

IDV(6) 2.54 0 2 0 

IDV(7) 85.33 68.34 88 65.5 

IDV(8) 64.23 1.52 60.01 0.87 

IDV(9) 99.31 93.125 95.41 87.41 

IDV(10) 100 52.98 83.12 49.82 

IDV(11) 100 56.63 100 52.23 

IDV(12) 55.34 9.92 50.23 7.45 

IDV(13) 41.23 7.5 33.23 5.13 

IDV(14) 100 0 99 0 

IDV(15) 100 91.625 100 91.03 

IDV(16) 89.23 51.78 84 80 

IDV(17) 20.13 2.5 11.34 2.25 

IDV(18) 15.31 10 11.893 8.68 

IDV(19) 82.31 79.42 83.42 74.31 

IDV(20) 53.23 57.25 40.23 35.23 

IDV(21) 56.41 33.23 47.42 41.23 
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Table 3.5 Summary of false alarm (%) for TEP data. Reprinted with permission 

from [119]. 

Fault 

Number 

P
L

S
 b

a
se

d
-Q

 

P
L

S
-b

a
se

d
 

G
L

R
T

 

M
S

P
L

S
-b

a
se

d
 

Q
 

M
S

P
L

S
-b

a
se

d
 

G
L

R
T

 

IDV(1) 4.24 15.18 0 0 

IDV(2) 12.24 14.71 0 0.893 

IDV(3) 0 6.25 0 3.34 

IDV(4) 0 4.731 0 0.831 

IDV(5) 0 3.432 0 0 

IDV(6) 2.23 1.167 0 0 

IDV(7) 0 1.63 0 0 

IDV(8) 12.23 0 0 0 

IDV(9) 12.42 4.017 5.41 7.3 

IDV(10) 1.43 5.34 0 0 

IDV(11) 5.35 6.25 0 0 

IDV(12) 0 2.24 0 5.53 

IDV(13) 5.24 3.12 11.343 0 

IDV(14) 0 0 0 2.34 

IDV(15) 0 5.803 0 1.31 

IDV(16) 0.44 30.12 3.423 9.643 

IDV(17) 2.231 3.12 0.89 0 

IDV(18) 14.73 14.01 9.31 1.78 

IDV(19) 17.31 4.46 9.41 5.42 

IDV(20) 0 4.46 0 0 

IDV(21) 22.41 26.234 17.14 7.53 
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Table 3.6 Summary of ARL1 for TEP data. NaN denotes no fault was detected by 

the model. Reprinted with permission from [119]. 

Fault 

Number 

P
L

S
-b

a
se

d
 Q

 

P
L

S
-b

a
se

d
 G

L
R

T
 

M
S

P
L

S
-b

a
se

d
 Q

 

M
S

P
L

S
 b

a
se

d
-

G
L

R
T

 

IDV(1) 7 1 9 1 

IDV(2) 6 12 17 9 

IDV(3) 364 5 355 4 

IDV(4) NaN 1 NaN 21 

IDV(5) 18 1 17 1 

IDV(6) 4 1 17 1 

IDV(7) 35 1 30 1 

IDV(8) 81 22 80 5 

IDV(9) 12 1 9 8 

IDV(10) NaN 6 65 25 

IDV(11) NaN 6 NaN 7 

IDV(12) 56 4 33 5 

IDV(13) 55 8 51 23 

IDV(14) NaN 1 775 1 

IDV(15) NaN 210 NaN 341 

IDV(16) 193 1 193 3 

IDV(17) 31 15 21 10 

IDV(18) 13 24 9 25 

IDV(19) 1 8 12 9 

IDV(20) 65 17 68 71 

IDV(21) 168 55 210 84 



 

85 

 

 

Figure 3.7 Monitoring TEP IDV 1 fault using PLS and MSPLS-based Q charts and 

GLRT. Reprinted with permission from [119]. 

 

3.5. Conclusion and Contribution of the Chapter 

The contribution of this chapter is the development of multiscale partial least 

square (MSPLS) based generalized likelihood ratio test (GLRT) to process fault detection 

in chemical processes. The objective of the developed MSPLS-based GLRT is to use 

wavelet-based multiscale representation of data to further enhance the effectiveness of the 

PLS-based GLRT fault detection method. In the developed technique, PLS model will be 

constructed using the wavelet coefficients at different scales, and then GLRT will applied 

using this model to improve the fault detection abilities of the PLS-based GLRT fault 

detection method. Two illustrative applications are applied to evaluate the performance of 
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the developed technique. The first example using simulated continuously stirred tank 

reactor (CSTR) data, and the other using Tennessee Eastman Process (TEP) data. The fault 

detection results are assessed using the detection indicators: missed detection rates, false 

alarm rates and ARL1 values. The developed MSPLS-based GLRT technique has shown 

improved fault detection with lower missed detection rates and ARL1 values, when 

compared to PLS-based GLRT, and both of them provide a better fault detection results 

than the conventional PLS and MPLS techniques. 
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4. OPTIMIZED MULTISCALE KERNEL PLS-BASED GLRT FO ENHANCED 

MONITORING OF CHEMICAL PROCESSES 

 

4.1. Introduction 

In this paper, we have developed an advanced data-based fault detection technique 

capable of handling nonlinear and noisy process data. Multivariate statistical methods 

have been widely used for fault detection of chemical processes, and one of the important 

technique for input-output data is the partial least square (PLS) method. In Chapter 2, we 

developed a kernel extension to the PLS model in combination with the generalized 

likelihood ratio test (GLRT) method to successfully detect faults in chemical processes 

[115]. However, most industrial processes have noisy, correlated variables in the dataset 

that are nonlinear in nature and negatively affect the efficiency of the developed model. 

In addition, the presence of unknown disturbances degrades the quality of data-based fault 

detection (FD) techniques by increasing the false alarm rate. The objective of this chapter 

is to propose an enhanced nonlinear fault detection technique that exploits the advantages 

of multiscale (MS) representation of the data and a nonlinear input-output model (KPLS) 

with those of hypothesis testing (GLRT).  

Also, to improve the overall performance, we have developed a novel stochastic 

framework to optimize the parameters of the chosen kernel function to simultaneously 

minimize the false alarm and missed detection rates of the algorithm, thereby increasing 

the overall efficiency of the MSKPLS model. The developed fault detection model is 

applied to a continuous stirred tank reactor (CSTR) and the industrially relevant Tennessee 
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Eastman process (TEP) problem. The results are compared to the nonlinear KPLS model 

via three criteria: (i) the missed detection rate, (ii) the false alarm rate, and (iii) the 

detection speed. The results demonstrate the increased efficacy of the developed 

MSKPLS-based GLRT algorithm over the conventional KPLS-based charts. 

The chapter is organized as follows. Section 4.2 introduces a multiscale 

representation of data and multiscale KPLS methodology. Data-based fault detection 

technique is discussed in Section 4.3, where first the multiscale representation of data is 

discussed, followed by kernel partial least square (KPLS). Section 4.5 introduces fault 

detection charts, conventional 𝑄2 statistic and generalized likelihood ratio test (GLRT). 

In Section 4.6, a novel optimized KPLS methodology has been introduced and overview 

of the developed MSKPLS-based GLRT technique has been discussed. Application of 

developed fault detection model to two chemical process case studies are discussed in 

Section 4.7. Section 4.8 presents conclusion and contribution of the chapter. 

4.2. Data-based Fault Detection Technique Description  

4.2.1. Multiscale Representation of Data 

Industrial process data are generally contaminated with noise, correlated variables, 

and unknown disturbances making it important to perform pretreatment of the input data 

before any data-based model is applied. Data pre-processing is carried out by applying a 

wavelet transformation to the data signal to decompose it into multiscale components 

characterized by time and frequency. An orthogonal wavelet function will de-noise, de-

correlate and normalize the data set by successive decompositions into approximate and 
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detailed signals. The detailed multiscale representation algorithm is shown in Section 

3.2.1. 

4.2.2. Kernel Partial Least Square (KPLS) 

Fault detection using multivariate statistical methods work in two steps. In the first 

step, a data-based model is applied to the filtered signal obtained from Section 4.2.1 to 

generate the model residue or error. Next, a fault detection decision is made based on the 

model error. One well-developed nonlinear extension of PLS, referred as kernel partial 

least square (KPLS), utilizes a kernel based orthogonal function to deal with nonlinearity 

in the dataset. In our previous work, we have discussed and advantages of KPLS and have 

demonstrated its improved fault detection performance for nonlinear chemical processes 

compared to the linear PLS model [115]. The KPLS algorithm works by projecting the 

data into a high dimensional feature space using nonlinear mapping. Since the nonlinear 

data will be more linear in the feature space, a linear PLS algorithm is now applied to 

extract important information using the loading and score vectors. Kernel function are 

utilized to map the input dataset into the feature space and the resultant KPLS model can 

be generalized for any set of chemical process data. The detailed KPLS algorithm is 

described in Section 2.2.2. 

4.3. Multiscale Kernel Partial Least Square (MSKPLS) 

A multivariate data-based model using a multiscale data representation was first 

introduced by Bakshi et. al. [118] by applying the combination of an orthogonal wavelet 

decomposition with a linear principal component analysis (PCA) model to separate the 

deterministic features from the noisy signal. Similar extensions have also been studied for 
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the PLS model [119], [198]. In this work, we have developed a nonlinear data-based fault 

detection model that combines the advantages of the efficient nonlinear feature extraction 

of the KPLS model with the ability to de-noise, de-correlate, and normalize a dataset using 

an orthogonal wavelet decomposition. 

 

 

Figure 4.1 Multiscale kernel partial least square algorithm 

 

Figure 4.1 shows a pictorial representation of the MSKPLS model. The input 

dataset X and output dataset Y are given as inputs to the MSKPLS model. The first step 

is the pre-filtering of the dataset, where a wavelet function decomposes X and Y signal into 

approximate and various detailed scale. The KPLS model is applied at each scale, and 

only the important coefficients are selected using a statistical threshold. Unknown 

disturbances and errors are removed in this step. The retained coefficients are used to 

reconstruct the X and Y data on a global scale. Another instance of the KPLS model is 

applied to the global scale data set to compute the model residual (𝐸). Any abnormality 

or fault present in the dataset will be reflected in the model residue.  
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4.4. Generalized Likelihood Ratio Test (GLRT) Fault Detection Chart 

The second step in our multivariate statistic technique is to analyze the model 

residue using a statistical test to determine whether any fault has occurred in the process. 

The GLRT is a composite hypothesis testing method that utilizes likelihood ratio functions 

to detect abnormality in the KPLS model residue [106]. The advantages and associated 

superior detection capabilities of the GLRT method over conventional 𝑇2 and 𝑄2 tests 

have been discussed in our previous work [41], [115].  

 

 

Figure 4.2 Statistical determination of a process fault using the generalized 

likelihood ratio test GLRT. Decisions are (a) the data is fault-free as θ is less than 

the threshold and (b) faults are declared because θ is greater than the threshold 

 

A pictorial representation of this hypothesis problem to detect abnormality in data 

is shown in Figure 4.2. In Figure 4.2 (a), the test data is fault free as the GLRT value is 

less than the threshold limit, and in Figure 4.2 (b), test data is declared faulty as the GLRT 

value is higher than the threshold limit. The detailed GLRT algorithm is described in 

Section 2.3.3. 

4.5. Optimized MSKPLS-based GLRT Description 

To improve the efficiency of the MSKPLS-based GLRT algorithm, a kernel 

function must be selected that is optimal for the specific processes data. Moreover, the 
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choice of kernel function parameter(s) plays an important role in the performance of KPLS 

model. There are three commonly used Kernel functions: the radial basis function is shown 

in Equation (4.2), the sigmoid function shown in Equation (4.3), and the polynomial 

function shown in Equation (4.4). 

Kernel Function 𝐾(𝑥𝑖, 𝑥𝑗) = 𝜙(𝑥𝑖)𝜙(𝑥𝑗). (4.1) 

Radial Basis 

Function 
𝐾(𝑋, 𝑌) = 𝑒𝑥𝑝 (−

‖𝑋 − 𝑌‖2

ℎ
). (4.2) 

Sigmoid Function 𝐾(𝑋, 𝑌) = tanh(𝛽0〈𝑋, 𝑌〉 + 𝛽1). (4.3) 

Polynomial 

Function 𝐾(𝑋, 𝑌) =  〈𝑋, 𝑌〉𝑑 . (4.4) 

In the example of the radial basis function in Equation (4.2), the value of the h 

parameter will determine the spread of the transformed data in the feature space; as a 

result, a value too large might lead to a higher missed detection rate. And in a contrast, the 

too low value of h might lead to the high value of transformed data and thus higher false 

alarm rate. In this paper, we have used an optimization framework to select the kernel 

function parameter value by minimizing missed detection rate (MDR), false alarm rate 

(FAR) and average run length (ARL1). The resultant optimization problem formulation is 

shown in Equation (4.5), where the objective function is (MDR, FAR, and ARL1), these 

three parameters are weighted using the Pareto front of multi-objective genetic algorithm. 

The constraints are the KPLS algorithm to generate the model residue and GLRT to give 

detection decision. The output from the optimization framework is a kernel function K 

and its parameter h. 
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 min
K,h

 (MDR,  FAR, ARL1) 

s. t.
.

Kernel partial least square (KPLS) algorithm

Generalized likelihood ratio test (GLRT).        
 

(4.5) 

In our optimization formulation, we have utilized multi-objective genetic 

algorithm that which generates a set of Pareto optimal points. The selection of kernel 

function parameter value will be carried out from the Pareto optimal points found by 

weighing between the MDR, FAR, and ARL1 calculated using Equations (4.6)-(4.8), 

respectively. In these equations 𝑁𝑡𝑜𝑡 is the total number of faulty observations in test data, 

𝑁𝑑𝑒𝑡 is the total number of faulty observation detected by the GLRT, 𝑛𝑓𝑟𝑒𝑒 is the total 

number of observation without any fault in test data and 𝑛𝑑𝑒𝑡 is the faulty observation 

detected by GLRT in the fault free region. 

𝑀𝐷𝑅 =
𝑁𝑡𝑜𝑡 − 𝑁𝑑𝑒𝑡

𝑁𝑡𝑜𝑡
× 100 

(4.6) 

𝐹𝐴𝑅 =
𝑛𝑑𝑒𝑡

𝑛𝑓𝑟𝑒𝑒
× 100 

(4.7) 

𝐴𝑅𝐿1 = 𝑁𝑑𝑒𝑡(1)    𝑖𝑛 𝑓𝑎𝑢𝑙𝑡 𝑎𝑟𝑒𝑎 (4.8) 
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Figure 4.3 Framework utilized to optimize the selected kernel function utilized in 

the MSKPLS algorithm. The output from the framework is the kernel function K 

and its unknown parameter h. 

 

Figure 4.3 shows the optimization methodology used to select kernel function 

parameter(s). The kernel function is first selected from the three commonly used 

functions: the radial basis function (Equation (4.2)), the sigmoid function (Equation (4.3)), 

and the polynomial function (Equation (4.4)). Test data is simulated by adding a known 

disturbance to the training data, and the KPLS model is applied to generate a model 

residue. The GLRT algorithm analyzes the residue and gives the detection results while 

simultaneously calculating the MDR, FAR, and ARL1. The multi-objective genetic 

algorithm will simultaneously minimize these criteria’s by varying the kernel parameter 

value(s). The optimized kernel function parameter value is selected from the Pareto front 

and it is used in the subsequent fault detection analysis. 
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4.6. Overview of Developed Fault Detection Framework 

 

 

Figure 4.4 Flowchart of developed MSKPLS-based GLRT for fault detection of 

chemical processes 

 

The developed optimized MSKPLS-based GLRT method provides a novel fault 

detection framework that combines: (i) the multiscale representation of data with (ii) an 

optimized kernel partial least square method to generate model residue and (iii) a 

composite hypothesis test (GLRT) for accurate and efficient fault detection, as shown in 

Figure 4.4. The detailed step-wise algorithm of developed fault detection framework is 

shown in Algorithm 4.1. The advantages of the developed method are fourfold: (i) the 

wavelet data representation extracts accurate deterministic features to de-noise, de-

correlate, and normalize measurements, (ii) the MSKPLS handles nonlinear data that 

contain contributions whose behavior changes over time and frequency, (iii) the addition 

of optimization to the KPLS input-output model provides an accurate feature components 

of a set of data, handles a wide range of nonlinearities and provides a good performance 
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over the linear PLS, and iv) the composite hypothesis GLRT method improves detection 

ability compared to the conventional charts. 

Algorithm 4.1: Optimized Multiscale Kernel Partial Least Square-based Generalized 

Likelihood Ratio Test (MSKPLS-based GLRT) 

1. Optimization of the KPLS model. 

a. Simulate a test dataset with known additive disturbances or faults at 

defined sample observations. 

b. Multi-objective optimization is performed using the genetic algorithm 

framework shown in Figure 4.4. 

c. The kernel function parameter value is selected by the user from the Pareto 

optimality front that simultaneously minimized the MDR, FAR, and ARL1. 

d. The optimal kernel function is kept constant for further analysis. 

2. Training the developed MSKPLS with GLRT fault detection methodology. 

a. Input data matrix 𝑋 and output data matrix 𝑌 are standardized with zero 

mean and unit variance. 

b. The best decomposition length is selected for both X and Y matrices. This 

value is the same for both matrices. 

c. X and Y matrices are decomposed into approximate and detailed scale by 

DWT and the coefficients are stored. 

d. The KPLS algorithm is trained at individual scale to get a score matrix and 

loading vectors. 

e. GLRT threshold limit (Tα) is computed. 
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f. Important decomposed coefficients are selected by applying GLRT based-

statistical threshold to the KPLS residue and are used to reconstruct the 

data set. 

g. On a global scale, the KPLS algorithm is again trained and resulting 

loading vectors and score vectors are stored. 

3. Fault detection of the chemical process data. 

a. A test dataset (𝑋𝑡𝑒𝑠𝑡 and 𝑌𝑡𝑒𝑠𝑡) obtained during online or offline operation 

are standardized using mean and variance from training dataset. 

b. The best decomposition length is selected for DWT is used to decompose 

𝑋𝑡𝑒𝑠𝑡 and 𝑌𝑡𝑒𝑠𝑡 into approximate and detailed scales. 

c. The KPLS algorithm is applied at each scale using the loading and score 

vectors from the training step to generate model residues. 

d. GLRT statistical analyzes the individual model residue and discards not 

significant scale coefficients by comparing to a threshold limit and retained 

coefficients are used to reconstruct the dataset.  

e. The KPLS algorithm is applied on a global scale to the reconstructed 

dataset to generate final model residue (𝐸). 

f. The GLRT statistical value is calculated from the model residual. 

g. A fault is declared if GLRT value exceeds the threshold limit, otherwise 

the dataset is considered within normal operating range. 
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4.7. Application of the Developed Optimized MSKPLS-based GLRT to Chemical 

Processes 

The fault detection performance of our optimized MSKPLS-based GLRT 

algorithm is studied through the application to two chemical engineering case studies: a 

simulated continuous stirred tank reactor (CSTR) and the Tennessee Eastman Process 

(TEP) problem. The developed framework is compared to a conventional KPLS model 

and 𝑄2 chart based on three performance criteria: (i) the missed detection rate (MDR), (ii) 

the false alarm rate (FAR), and (iii) the average run length (ARL1), defined as the number 

of observation needed to detect fault within the system. 

4.7.1. Simulated Continuous Stirred Tank Reactor (CSTR) 

The non-isothermal CSTR model used in this case study was obtained from 

Mansouri et. al. [41], [209]. The dynamic equations for the CSTR are shown in Equation 

(4.9), where 𝑇0 is the temperature of the inlet stream, 𝑇 is the temperature of the exit 

stream, 𝑇𝑖𝑛 is the temperature of the jacket cooling fluid, 𝑈 is the overall heat transfer 

coefficient, 𝐴 is the heat transfer area between jacket and reactor tank, 𝑉 is the volume of 

the reactor tank, 𝐸 is the activation energy for the reaction 𝐴 → 𝐵, 𝑘0 is the reaction rate 

constant, 𝛥𝐻 is the heat of reaction, 𝑅 is the ideal gas constant, 𝜌 and 𝐶𝑝 are the density 

and heat capacity of the reactants in all stream, 𝜌𝑐 and 𝐶𝑝𝑐 are the are the density and heat 

capacity of the cooling fluid, 𝐹𝑐 is the coolant flowrate, 𝐹 is the flowrate of reactants in 

inlet and exit stream, 𝐶𝐴0 is the concentration of the component 𝐴 in the inlet stream, and 

𝐶𝐴 and 𝐶𝐵 are the concentrations of component 𝐴 and 𝐵 at the exit stream, respectively. 
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Synthetic data was generated with temperature (𝑇) and concentration (𝐶𝐴) 

controlled by PI controller, and the manipulated variables are the stream flowrate (𝐹) and 

the coolant flowrate(𝐹𝑐). 

4.7.1.1. Optimization of Kernel Function and Training of Fault Detection Model 

Data generated from simulated CSTR has four variables, flowrate of coolant (𝐹𝐶), 

inlet and exit flowrate (𝐹), concentration (𝐶𝐴), and exit temperature (𝑇). Training dataset 

was generated without any disturbances or faults and white the Gaussian noise was 

introduced in the process variables to represent practical process measurement. Figure 4.5 

represents time evolution of the dataset used for training the fault detection models, where 

input dataset consist of specified four process variables and in total 500 observations. The 

developed fault detection model is tested by introducing multiple additive faults in the 

process variables. The magnitude of this additive fault is equal to 2.5 × 𝜎, where 𝜎 is the 

standard deviation of the corresponding variable.  

The kernel function is optimized in the first step, and a test dataset with a 

predefined additive fault is generated to optimize the kernel function and its parameter 

value (ℎ). Multi-objective genetic algorithm is now performed on the generated test 

dataset, to optimize KPLS model by minimizing missed detection rate (MDR), false alarm 

𝜕𝐶𝐴

𝜕𝑡
=

𝐹

𝑉
(𝐶𝐴0 − 𝐶𝐴) − 𝑘0 𝑒𝑥𝑝 (−

𝐸

𝑅𝑇
)𝐶𝐴,                        

𝜕𝑇

𝜕𝑡
=

𝐹

𝑉
(𝑇0 − 𝑇) −

(−𝛥𝐻)𝑘0

𝜌𝐶𝑝
𝑒𝑥𝑝 (−

𝐸

𝑅𝑇
)𝐶𝐴 −

𝑞

𝑉𝜌𝐶𝑝
,

𝑞 =
𝑎𝐹𝑐

𝑏+1

𝐹𝑐 + (
𝑎𝐹𝑐

𝑏

2𝜌𝑐𝐶𝑝𝑐
)

(𝑇 − 𝑇𝑖𝑛).                                            

 

(4.9) 
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rate (FAR), and average run length (ARL1). The Pareto optimal points obtained from the 

optimization framework outputs the optimized parameter for radial basis kernel function 

of ℎ = 7.76. The optimal KPLS model is kept constant during the training and testing step 

of the results. 

 

 

Figure 4.5 Simulated CSTR training dataset 

 

The performance of optimized MSKPLS-based GLRT is studied and compared to 

MSKPLS-based 𝑄2, KPLS-based GLRT, and KPLS-based 𝑄2. Additive faults of small 

magnitude of 2.5-3 times of standard deviation of training dataset were introduced in the 

test dataset. Three different fault cases are considered for the CSTR example; (i) sensor 

fault in the measurement of   concentration (𝐶𝐴), (ii) sensor fault in the measurement of 
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temperature (𝑇), and (iii) multiple sensor measurement fault in concentration (𝐶𝐴) and 

temperature (𝑇). 

4.7.1.2. Case I: Sensor Fault in the Measurement of Concentration (CA) 

An additive fault was introduced in the concentration measurement (𝐶𝐴) and the 

fault detection results are shown in Figure 4.6 and Figure 4.7. The shaded region in the 

charts is the faulty area, with the observation interval of 400-450. KPLS-based 𝑄2 test 

shows the worst performance with higher missed detection rate (MDR) and higher false 

alarm rate (FAR) compared to other fault detection model. Comparing KPLS model 

(Figure 4.6) with MSKPLS model (Figure 4.7) for both 𝑄2 and GLRT, a significant 

reduction in MDR and FAR is observed, this is due to the pretreatment of the data and 

optimized KPLS. While MSKPLS-based 𝑄2 test shows slightly better MDR of 1.231% 

compared to GLRT’s 1.961%, but also gives higher FAR of 4.677%. The fault detection 

results are summarized in Table 4.1. 

 

 

Figure 4.6 Process monitoring of concentration fault by optimized KPLS-based 

model 
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Figure 4.7 Process monitoring of concentration fault by optimized MSKPLS-based 

model 

 

4.7.1.3. Case II: Sensor Fault in the Measurement of Temperature (T) 

In this case, temperature measurement sensor is considered faulty between 

observation intervals of 250-350, as represented by the shaded region in the charts. Table 

4.1 summarizes all the fault detection performance parameters. KPLS-based 𝑄2(Figure 

4.8(a)) and KPLS-based GLRT (Figure 4.8(b)) both shows similar MDR, but GLRT does 

have significantly improved FAR of 3.258%. MSKPLS model does shows better results 

compared to those two models, with 𝑄2 test (Figure 4.9(a)) showing lower MDR 

(11.818%) and FAR (1.001%). The MSKPLS-based GLRT (Figure 4.9(b)) shows the 

superior performance with least MDR of 2.880% and FAR of 0.253%. 
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Figure 4.8 Process monitoring of temperature fault by optimized KPLS-based 

model 

 

 

 

Figure 4.9 Process monitoring of temperature fault by optimized MSKPLS-based 

model 

 

4.7.1.4. Case III: Multiple Sensor Measurement Faults 

Multiple sensor faults were introduced in temperature and concentration in 

observation intervals of 250-350 and 400-450. Figure 4.10 and Figure 4.11 show the fault 

detection chart for KPLS and MSKPLS model respectively. A similar trend is also 

observed in this case, where developed MSKPLS-based GLRT outperforms all the other 
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fault detection models (Table 4.1). For conventional KPLS model, GLRT shows improved 

detection (MDR = 9.212%) compared to 𝑄2 (MDR = 19.736%), but both were 

outperformed by MSKPLS-based 𝑄2 with lower MDR of 1.862%. Thus this case study 

again demonstrates the effectiveness of MSKPLS model (Figure 4.11) over the KPLS 

model (Figure 4.10), with MSKPLS-based GLRT showing the best results. 

 

 

Figure 4.10 Process monitoring of multiple CSTR faults using optimized KPLS-

based model 

 

 

 

Figure 4.11 Process monitoring of multiple CSTR faults by optimized MSKPLS-

based method 
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Table 4.1 Fault detection results of simulated CSTR case study 

Models I (Fault in 𝑪𝑨) II (Fault in 𝑻) III (Faults in 𝑪𝑨 and 𝑻) 

MDR FAR ARL1 MDR FAR ARL1 MDR FAR ARL1 

KPLS-

based 

GLRT 

(Kernel 

function : 

radial basis 

function and 

h=4) 

15.13 5.13 1 23.23 6.20 8 18.23 2.89 3 

Optimized 

KPLS-

based 𝑄2 

12.12 5.79 1 21.782 14.29 1 19.74 3.78 1 

Optimized 

KPLS-

based 

GLRT 

9.76 2.68 1 20.771 3.26 1 9.21 2.01 1 

Optimized 

MSKPLS-

based 𝑄2 

1.23 4.68 2 11.814 1.00 1 1.86 1.59 1 

Optimized 

MSKPLS-

based 

GLRT 

1.96 0.00 1 2.880 0.25 1 0.46 0.00 1 
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4.7.2.  Tennessee Eastman Process Problem 

Fault detection performance of optimized MSKPLS-based GLRT is illustrated 

through simulated Tennessee Eastman Process (TEP) that provides realistic continuous 

process plant problem. TEP has been widely used in fault detection area, as various faults 

that reflect real plant problems can be simulated in TEP, as shown in Table 3.3 [45], [206]. 

Process flow diagram for TEP problem is shown in Section 3.4.2. There are five main 

components; a reactor, a condenser, a vapor-liquid separator, a compressor, and a stripper. 

TEP data is obtained from the open source MATLAB Simulink module [204]. 

In the TEP dataset, there are 41 process variables and 12 manipulated variables. 

And out of 41 process variables, 22 are the online measured variables and 19 are the 

quality measurements, thus 𝑋𝑡𝑟𝑎𝑖𝑛 and 𝑌𝑡𝑟𝑎𝑖𝑛 have 22 and 19 variables respectively. The 

training and testing dataset have 1024 total observation number, and for the testing dataset 

faults were introduced at 224 sample time. 
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Figure 4.12 Process monitoring of IDV 1 fault by optimized KPLS-based models 

 

KPLS model is first optimized before testing all the TEP fault cases. Radial basis 

function was selected as the kernel function and its parameter value is optimized by 

performing the multi-objective genetic algorithm to minimize missed detection rate, false 

alarm rate and average run length. The optimized parameter value of ℎ = 1.75 is obtained 

for the radial basis kernel function and it is set for further analysis. Figure 4.12 and Figure 

4.13 demonstrates the fault detection charts for IDV 1 type fault, the shaded region in the 

figures is the faulty observations. MSKPLS model (Figure 4.13) shows better performance 

with lower missed detection rate and lower false alarm rate compared to the conventional 

KPLS model (Figure 4.12) for both the statistical test. While MSKPLS-based GLRT and 
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MSKPLS-based 𝑄2 both show good results, MSKPLS-based 𝑄2 have slightly higher 

missed detection rate of 1.023% and ARL1 of 7. 

Fault detection performance of the developed model was studied for 21 types of 

fault that can be simulated in the TEP, and the fault detection results using performance 

parameters of missed detection rate, false alarm rate, and average run length (ARL1) are 

summarized in and respectively. Comparing the conventional KPLS-based GLRT and 

KPLS-based 𝑄2 test, GLRT is able to significantly reduce the missed detection rate (Table 

4.2) compared to 𝑄2 test. Also GLRT shows similar or better false alarm rate detection 

(Table 4.2) for most of the IDV fault cases compared to the 𝑄2 test. The developed 

optimized MSKPLS-based GLRT outperforms all the other models, MSKPLS-based 𝑄2, 

KPLS-based GLRT and KPLS-based 𝑄2 with lower missed detection rate (Table 4.2), 

false alarm rate (Table 4.3), and ARL1 (Table 4.4) consistently for the most of the fault 

cases. 
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Figure 4.13 Process monitoring of IDV 1 fault by optimized MSKPLS-based 

methods 
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Table 4.2 Missed Detection (%) for TEP 

Fault Number 
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IDV(1) 15.750 1.231 1.023 0.000 

IDV(2) 16.231 1.975 2.113 1.527 

IDV(3) 90.234 92.235 72.232 60.189 

IDV(4) 90.234 83.25 80.782 75.232 

IDV(5) 70.361 72.231 61.231 11.635 

IDV(6) 11.125 4.424 5.737 2.342 

IDV(7) 60.546 42.265 29.235 10.211 

IDV(8) 14.234 2.354 4.235 0.125 

IDV(9) 81.465 72.231 50.121 39.652 

IDV(10) 90.856 89.231 84.231 76.236 

IDV(11) 90.236 47.231 40.284 31.234 

IDV(12) 40.255 8.727 14.491 5.235 

IDV(13) 39.442 10.213 18.679 10.895 

IDV(14) 14.234 18.235 5.232 3.783 

IDV(15) 99.234 92.831 90.561 82.235 

IDV(16) 72.249 41.214 20.234 8.985 

IDV(17) 48.364 20.346 14.244 12.23 

IDV(18) 93.245 7.235 8.356 0.912 

IDV(19) 89.785 80.214 72.218 51.310 

IDV(20) 53.23 57.25 32.231 23.234 

IDV(21) 52.231 30.235 38.264 23.211 
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Table 4.3 False alarm rate (%) for TEP 

Fault Number 
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IDV(1) 0.000 7.121 0.000 0.000 

IDV(2) 9.564 5.624 1.231 0.123 

IDV(3) 11.231 2.114 4.434 1.827 

IDV(4) 10.235 14.731 5.985 4.367 

IDV(5) 6.364 3.432 2.231 0.000 

IDV(6) 9.454 1.167 1.367 0.000 

IDV(7) 4.265 5.681 0.000 0.000 

IDV(8) 27.242 8.109 8.456 5.259 

IDV(9) 10.231 8.625 5.236 0.445 

IDV(10) 0.000 0.316 1.362 0.000 

IDV(11) 30.124 10.124 5.234 0.000 

IDV(12) 21.234 11.234 2.314 1.235 

IDV(13) 9.695 8.183 3.384 2.635 

IDV(14) 43.259 9.546 2.235 2.426 

IDV(15) 0.000 3.467 0.842 0.000 

IDV(16) 22.234 18.624 9.827 11.341 

IDV(17) 22.324 29.231 20.426 22.527 

IDV(18) 6.341 5.21 1.246 0.694 

IDV(19) 5.464 5.211 2.235 2.265 

IDV(20) 12.328 0.000 6.264 0.000 

IDV(21) 14.354 15.369 10.231 0.695 
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Table 4.4 Average run length ARL1 for TEP 

Fault 
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IDV(1) 9 6 7 1 

IDV(2) 7 1 2 3 

IDV(3) 121 89 22 8 

IDV(4) 69 23 21 4 

IDV(5) 5 45 14 1 

IDV(6) 1 1 1 1 

IDV(7) 12 7 16 1 

IDV(8) 2 1 4 1 

IDV(9) 46 8 10 4 

IDV(10) 254 97 58 62 

IDV(11) 174 60 6 9 

IDV(12) 11 5 14 2 

IDV(13) 9 10 6 1 

IDV(14) 5 8 12 1 

IDV(15) 34 12 15 21 

IDV(16) 56 11 12 6 

IDV(17) 11 2 12 8 

IDV(18) 129 2 5 1 

IDV(19) 110 30 40 39 

IDV(20) 21 35 13 12 

IDV(21) 42 21 11 27 
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4.8. Conclusion and Contribution of the Chapter 

In this chapter novel optimized MSKPLS-based GLRT is developed to detect 

abnormality and disturbance in the industrial chemical process data with high efficiency 

to ensure that operator takes corrective action in time and the fault in the process is 

nullified. Multi-objective genetic algorithm is utilized in this chapter to optimize the 

nonlinear KPLS model. 

If there is any major process failure due to the process fault, which endangers the 

safety of the plant, it can be avoided with the help of accurate fault detection techniques. 

Efficiency of the developed fault detection methods is evaluated through three parameters; 

missed detection rate, false alarm rate, and ARL1. Two case studies were used to 

demonstrate the effectiveness of the developed optimized MSKPLS-based GLRT method; 

simulated continuous stirred tank reactor (CSTR) and Tennessee Eastman Process (TEP) 

problem. The developed techniques have shown improved fault detection with lower 

missed detection, false alarm rate rates, and ARL1 values, when compared to conventional 

fault detection techniques. It is to be noted that the developed fault detection methodology 

is not specific to the case studies discussed in this paper but can be effectively extended 

to other chemical or biochemical industrial processes, depending upon the availability of 

the historical process data.
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5. PROCESS FAULT ISOLATION AND IDENTIFICATION UTLIZING A DATA-

BASED ALGORITHM 

 

5.1. Introduction 

Early and accurate fault detection and diagnosis is important in the industrial 

processes to increase safety, maintain product quality and reduce downtown. In this paper, 

we have developed a novel data-based fault isolation and identification technique for 

nonlinear industrial processes. We have extended our previous work, where we developed 

an optimized multiscale kernel partial least square (MSKPLS)-based generalized 

likelihood ratio test (GLRT) for fault detection. Once the algorithms successfully detects 

a faulty process, it is important that the source of the fault be isolated to expedite corrective 

action. The developed data-based algorithm combines the MSKPLS-based GLRT 

capability to effectively detect the fault with the GLRT-based contribution plot to isolate 

the process variables. This will reduce the known region of the fault from the plant scale 

to the sub-block of the process. Now, the residual of the faulty variable is analyzed by the 

principle component analyses (PCA) and Euclidian distance classifier to accurately 

identify the fault. The fault isolation and identification performance of the developed 

algorithm is illustrated using the Tennessee Eastman Process (TEP) problem, the results 

demonstrate the effectiveness of the developed data-based fault isolation and identification 

algorithm. 

The chapter is organized as follows, in Section 5.2 the developed methodology is 

discussed: the MSKPLS-based GLRT for fault detection, the GLRT-based contribution 
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plot for fault isolation, and the principle component analysis-based Euclidean distance is 

discussed for fault identification. Section 5.3 discusses the results of the data-based 

algorithm with application to the Tennessee Eastman Process Problem (TEP). In Section 

5.4, conclusion and the contribution of the chapter is presented. 

5.2. Methodology 

We have extended our previous work, where we have developed a novel optimized 

fault detection technique that is capable of handling nonlinear, noisy, and correlated 

dataset. Once process faults has been detected, accurate isolation and identification of the 

specific fault within the plant must be achieved to aid swift corrective action. This section 

describes the developed fault isolation and identification method. 

5.2.1. Isolation of Process Variable-based on MSKPLS-based GLRT Contribution 

Plot 

The multiscale kernel partial least square (MSKPLS)-based generalized likelihood 

ratio test (GLRT) has been developed to detect the fault or abnormality present in the 

dataset. Section 5.2.1.1 describes the developed MSKPLS-based algorithm. 

5.2.1.1. Multiscale Kernel Partial Least Square (MSKPLS) 

The first step in the MSKPLS algorithm is a multiscale representation of data to 

de-noise, de- correlate and normalize the dataset. Discrete wavelet transform (DWT) is 

used to project the original signal on the orthogonal wavelet functions to decompose the 

original signal into an approximate signal and various detailed signal.  

Once the original data has been decomposed into approximate signal and detailed 

signal, the kernel partial least square (KPLS) model with a statistical threshold is applied 
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to select the important signals and signals below the threshold values are ignored. This 

KPLS-based filtering will remove the noise and unknown disturbances present in the 

lower frequency signals of the data [115], [118]. On the global scale the KPLS model is 

again applied to compute a model residual or model error. Further analysis on the model 

residual is performed by the generalized likelihood ratio test as shown in Section 5.2.1.2. 

KPLS is an nonlinear extension of PLS model and has shown good results for fault 

detection of industrial problems [115], [210], [211]. The detailed MSKPLS algorithm is 

described in Section 4.3. 

5.2.1.2. Generalized Likelihood Ratio-based Contribution Plot 

Fault isolation is carried out with generalized likelihood ratio test-based 

contribution plots. The objective is to isolate the specific variable in the sub block of the 

process where the fault may have originated. The model residual obtained from the 

MSKPLS model is analyzed by the GLRT statistic to detect the fault and isolate the faulty 

variable with contribution plot. Let 𝑅 ∈ ℝ𝑁 be a residual vector of input or output data, 

and 𝑅 follows one of the two Gaussian distribution shown in Equation (5.1). The GLRT 

solves the hypothesis problem shown in Equation (5.1). 

 

{
 𝐻0: 𝑅 ~ ℕ(0, 𝜎2𝐼𝑁),

 
  𝐻1: 𝑅 ~ ℕ(𝜃, 𝜎2𝐼𝑁),

 (5.1) 

where 𝐻0 is the null hypothesis or denotes normal operating data, 𝐻1 is the alternate 

hypothesis. 𝜎2 is the variance of the 𝑅 vector. The detailed GLRT algorithm is described 

in Section 2.3.3. 
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Once the GLRT declares the fault, the contribution plot is utilized to determine the 

faulty variables that contribute majorly towards the detected fault. Given a specific time, 

contribution plot will analyze the GLRT statistical value and will detect the individual 

variables that are crossing a threshold limit. 

Let 𝑖 ∈ [1, 2, 3, … .𝑀] be the variables in the input matrix 𝑋 ∈ ℝ𝑁×𝑀. The GLRT-

based contribution plot will isolate the faulty variable (𝑖) once 𝑇(𝑅(𝑖, 𝑡)) exceeds 𝜒1
2(𝛼) 

in the total time span. The contribution plot decision is shown in Equation (5.2). 

 

 𝛾(𝑅) = {
𝐻1     𝑇(𝑅(𝑖, 𝑡)) > 𝜒1

2(𝛼),   𝑖𝑡ℎ𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑖𝑠 𝑓𝑎𝑢𝑙𝑡𝑦 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡
 

𝐻0                        𝑒𝑙𝑠𝑒 ,        𝑛𝑜 𝑓𝑎𝑢𝑙𝑡 𝑖𝑛 𝑖𝑡ℎ𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡.
 (5.2) 

5.2.2. Fault Identification by Utilizing Principle Component Analysis (PCA)-based 

Euclidean Distance Classification Model 

In this section, an algorithm to compute the model residual and to identify the fault 

has been described. Following process data are assumed to be available in the developed 

fault isolation and identification framework. 

1. Fault-free training data of the process to train the fault detection model and residual 

computation (in Section 5.2.3.1). 

2. The PCA-based Euclidian distance fault identification algorithm requires 

historical faulty data. Prior knowledge that is needed for fault diagnosis are the set 

of failures and the relationship between the observations (variables) and failures. 

3. It is feasible to simulate fault data with a process model if historical faulty data are 

not available. Faulty process data can be simulated by introducing commonly 

occurring faults or disturbances in the process. 
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5.2.2.1. Residual Generation for the isolated process variable 

The MSKPLS-based GLRT contribution plot will isolate the faulty variables, and 

to further diagnose the fault, residual of those variable are computed. Let 𝑉 be the first 

major faulty variable isolated from the GLRT contribution plot, the residual 𝐹𝑉 is 

computed by comparing the training dataset (𝑋𝑡𝑟𝑎𝑖𝑛) with the faulty test data (𝑋𝑡𝑒𝑠𝑡), as 

shown in Equation (5.3). 

 𝐹𝑉 = 𝑋𝑡𝑒𝑠𝑡(𝑉) − 𝑋𝑡𝑟𝑎𝑖𝑛(𝑉). (5.3) 

The advantage of the GLRT-based contribution plot is that the algorithm is able to 

reduce the known region of process to a sub-block of process where the fault might have 

occurred. Thus by analyzing the residual of the faulty variable an accurate and swift 

identification of the fault can be carried out in the process. 

5.2.2.2. Principle Component Analysis (PCA)-based Classification 

The isolated residual from the Section 5.2.2.1 will be compared to the historical 

known faults dataset, this classification problem is solved by principle component analysis 

method. PCA is an input-state based multivariate statistical technique and has been widely 

used in the literature for fault detection and classification applications [151], [212], [213]. 

PCA is a linear dimensionality reduction technique that captures the variation within the 

dataset through orthogonal principle components or loading vectors. 

Let 𝑋 ∈ ℝ𝑁×𝑀 be the input data matrix, with 𝑁 observation points and 

𝑀 variables. Single value decomposition (SVD) is performed on the input matrix 𝑋 to 

compute the score vectors 𝑇 = [𝑡1, 𝑡2. 𝑡3, … . 𝑡𝑁] ∈ ℝ𝑁×𝑀 and the orthogonal loading 
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vectors 𝑃 = [𝑝1, 𝑝2. 𝑝3, … . 𝑝𝑁] ∈ ℝ𝑀×𝑀, as shown in Equation (5.4). The covariance 

matrix (𝐶) of the input data is computed using Equation (5.5). 

 𝑋 = 𝑇𝑃 (5.4) 

 
𝐶 =

1

𝑛 − 1
𝑋𝑇𝑋 = 𝑃Λ𝑃𝑇 , 

(5.5) 

where Λ ∈ ℝM×M is the diagonal matrix of eigenvalues organized in the decreasing order 

of value λ1> λ2> λ3…>λm>0. The PCA model is able to reduce the dimensionality of the 

input data by only selecting 𝐿 principle components that correspond to higher magnitude 

of eigenvalues. Selection of the principle components governs the features and variation 

capture by the PCA model. Cumulative percent variance (CPV) is an effective technique 

developed in the literature to select the number of principle components (𝐿) [213]. 

Equation (5.6) shows the computation of number of principle components (𝐿) selected 

using CPV technique. 𝑃𝑉 is the target percent variance that the PCA model will capture 

by selecting 𝐿 principle components. 

 
𝑃𝑉(𝐿) =

∑ 𝜆𝑖
𝐿
{𝑖=1}

𝑡𝑟𝑎𝑐𝑒(𝐶)
× 100. 

(5.6) 

After selecting the 𝐿 principle components, remaining principle components are 

ignored. And the resulting PCA model is given by Equation (5.7) and (5.8). 

 𝑋 = 𝑇𝑃 = [�̂� �̅�][�̂� �̅�] (5.7) 

 𝑋 = 𝑋�̂��̂�𝑇 + 𝑋(𝐼𝑀 − �̂��̂�𝑇) = �̂� + 𝐸, (5.8) 
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where �̂� ∈ ℝ𝑁×𝐿 and �̂� ∈ ℝ𝑁×𝐿 represents the score matrix and loading matrix with 

retained 𝐿 principle components. �̅� ∈ ℝ𝑁×(𝑀−𝐿) and �̅� ∈ ℝ𝑀×(𝑀−𝐿)  represents the score 

matrix and loading matrix with ignored 𝑀 − 𝐿 principle components. 

5.2.2.3. Euclidean distance classifier 

The Euclidian distance classifier computes the root mean square distance between 

two coordinates and is widely used distance classifier [152]–[155]. 

Equation (5.9) shows the Euclidian distance between two vectors 𝑋 and 𝑌 of 

length 𝑙. 

 

𝑑(𝑥, 𝑦) = √ ∑ |𝑋𝑖 − 𝑌𝑖|2
𝑙

{𝑖=1}

. (5.9) 

PCA analysis the historical faulty dataset (or the simulated faulty dataset) to 

compute the loading vector �̂� using the algorithm shown in Section 5.2.3.2. The historical 

faulty residual (or the simulated faulty dataset) 𝐹ℎ𝑖𝑠𝑡 is projected in the Eigen space using 

Equation (5.10) [152], [155]. 

 

𝑆ℎ𝑖𝑠�̂� = ∑ �̂�𝑇𝐹ℎ𝑖𝑠𝑡(𝑖)

𝑙

{𝑖=1}

, (5.10) 

where 𝑆ℎ𝑖𝑠�̂� is the projected historical faulty residual in the Eigen space and 𝑙 is the total 

number of loading vectors. The test residual isolated by the GLRT contribution plot is 

then projected in the Eigen space using Equation (5.11). 

 

𝑆𝑡𝑒𝑠�̂� = ∑ �̂�𝑇𝐹𝑡𝑒𝑠𝑡(𝑖),

𝑙

{𝑖=1}

 (5.11) 
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where 𝐹𝑡𝑒𝑠𝑡 is the test isolated residual and 𝑆𝑡𝑒𝑠�̂� is the projected test residual. The 

Euclidian distance used to compare the similarity between the test data and the historical 

faulty data (or simulated faulty data) is shown in the Equation (5.12), where 𝐽 is the total 

fault cases in the historical faulty data and 𝜖𝑖 is the Euclidian distance of the 𝑖𝑡ℎ fault case 

with the test data. 

 

𝜖𝑖 = √ ∑ |𝑆𝑡𝑒𝑠�̂� − 𝑆ℎ𝑖𝑠�̂�(𝑖)|
2
.

𝐽

{𝑖=1}

 (5.12) 

The fault case with a minimum Euclidian distance is identified as the fault occurred 

in the process. 

The PCA based loading plot also provides a visual representation of the fault 

classification. Loading vectors describe the variation captures by the retained principle 

components within variables. If the variables are grouped together in the loading plot, they 

are concluded to have the similar features and originated from the same fault source [149], 

[214], [215]. 

5.2.3. Overview of the Developed Fault Isolation and Identification Methodology 

Our approach to fault detection using the GLRT method allows for detection of 

faults and isolation of variables. The isolation method is called a contribution plot and 

uses the calculated statistical values to determine specific process variables responsible 

for the process fault, narrowing the possible fault location from plant-wide consideration 

to the contributions of a key sub-block. In the identification step, the major contributing 

variable identified first by the GLRT-based contribution plot is further analyzed. To 
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achieve a more targeted isolation and identification of faults causing abnormal process 

operation, a novel method is developed that combines the described GLRT method with 

the PCA-based Euclidian distance classification model. Figure 5.1 shows the schematic 

representation of the developed isolation and identification algorithm, where GLRT 

isolates specific variables, comparing to the training data a residual of the isolated faulty 

variable is computed. The resultant residual is analyzed by the PCA-based Euclidian 

classifier to identify the fault occurred in the process (see Algorithm 5.1). 

 

 
Figure 5.1 Overview of the fault isolation and identification algorithm 

 

Algorithm 5.1: Fault Isolation and Identification Algorithm 

Input: Fault Detection using MSKPLS-based GLRT method 

a. The MSKPLS model is first trained using the algorithm described in 

Section 5.2.1.1. 
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b. The MSKPLS–based GLRT is used to detect the fault in the process as 

shown in Section 5.2.1.2. 

1. Fault isolation by the GLRT-based contribution plot 

a. Once the fault has been detected, isolation is carried out with GLRT-based 

contribution plot 

b. GLRT statistical value of individual variables is computed. 

c. GLRT value is compared to the threshold value, as shown in Equation (5.2) 

d. The faulty variable is isolated if the 𝑇(𝑅𝑖,𝑡) crosses the threshold limit. 

e. The isolated major variable is analyzed in the fault identification step. It 

can be deduced that the first isolated variable is nearest to the source of the 

fault and can be utilized in the next step to efficiently identify the fault. 

2. Fault identification by the PCA-based Euclidian distance classifier 

a. Faulty variable residual is computed as shown in Equation (5.3). 

b. PCA analysis the historical faulty data (or the simulated faulty data) of the 

isolated process variable to compute the loading vector �̂�. 

c. The historical faulty residual (or simulated faulty data) is projected in the 

Eigen space using Equation (5.10). 

d. The test isolated process variable is then projected in the Eigen space using 

Equation (5.11). 

e. The Euclidian distance is computed using Equation (5.12). 

f. The fault case with a minimum Euclidean distance is classified as the fault 

occurred in the test data. 



 

124 

 

g. Visual representation of the classification problem is also shown with 

loading plots. The historical fault case that clusters together with the test 

data are concluded to have similar features and therefore identified as the 

fault occurred in the process. 

5.3. Fault Isolation and Identification Results 

In this section, the fault isolation and identification results are illustrated with 

Tennessee Eastman Process Problem. 

5.3.1. Tennessee Eastman Process (TEP) Problem 

The Tennessee Eastman Process (TEP) is a nonlinear industrial simulated problem. 

TEP has been widely used in the process control and monitoring area, as it provides a 

realistic simulation of continuous industrial process. The process flow diagram of TEP 

problem is shown in Figure 5.2 [48]. TEP has five main components; a reactor, condenser, 

vapor liquid separator and stripper. In total there are 22 online variables and 19 offline 

variables. The online open source simulator was obtained from the Washington University 

[204]. 

 



 

125 

 

 

Figure 5.2 Tennessee Eastman Process (TEP) process flow diagram 

 

5.3.1.1. Data Generation 

TEP simulator allows the user to introduce different types of disturbances or faults 

in the process data, and the developed algorithm can be tested for these faults. Table 5.1 

shows the list of distinct fault that are introduced in TEP simulator. Training dataset and 

the testing dataset has in total 961 sample time, and one sample time corresponds to three 

minutes. The online variables analyzed by the contribution plot is shown in the Table 5.2. 
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Table 5.1 Tennessee Eastman Process (TEP) fault cases 

Fault Number Process Variable Type 

Fault A A/C feed ratio, B composition constant Step 

Fault B B composition, A/C ratio constant Step 

Fault C D feed temperature Step 

Fault D Reactor cooling water inlet temperature Step 

Fault E Condenser cooling water inlet temperature Step 

Fault F A feed loss Step 

Fault G C header pressure loss-reduced availability Step 

Fault H Reactor cooling water inlet temperature Random variation 

Fault I Condenser cooling water inlet temperature Random variation 

Once the fault has been detected by the optimized MSKPLS-based GLRT, the 

GLRT-based contribution plot is used to isolate the faulty variable. The residual of the 

isolated variable is analyzed by the principle component analysis (PCA)-based Euclidean 

distance classifier to identify the fault in the data. 
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Table 5.2 Tennessee Eastman Process (TEP) Process Variables 

Process Variable Description 

1 A Feed (stream 1) 

2 D Feed (stream 2) 

3 E Feed (stream 3) 

4 Total Feed (stream 4) 

5 Recycle Flow (stream 8) 

6 Reactor Feed Rate (stream 6) 

7 Reactor Pressure 

8 Reactor Level 

9 Reactor Temperature 

10 Purge Rate (stream 9) 

11 Product Separator Temperature 

12 Product Separator Level 

13 Product Separator Pressure 

14 Product Separator Underflow (stream10) 

15 Stripper Level 

16 Stripper Pressure 

17 Stripper Underflow (stream 11) 

18 Stripper Temperature 

19 Stripper Steam Flow 

20 Compressor Flow 

21 Reactor Cooling Water Outlet Temperature 

22 Separator Cooling Water Outlet Temperature 

5.3.1.2. Fault Isolation and Identification Results 

Nine fault case study (Table 5.1) is used to test and demonstrate the effectiveness 

of the developed data-based fault isolation and identification algorithm. The GLRT-based 
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contribution plot result for Fault A and Fault E is shown in Figure 5.3 and Figure 5.4 

respectively. For Fault A case study, it can be seen that the reactor temperature crosses the 

threshold limit and thus GLRT-based contribution plot isolates reactor temperature as the 

first major faulty variable (Figure 5.3). GLRT-based contribution plots for Fault E case 

study shows that the separator cooling water outlet temperature variable is the faulty 

variable contributing to overall fault in the process (Figure 5.4). Table 5.3 gives the 

summary of the major isolated variable by the GLRT-based contribution plot for all 9 case 

study. 

 

 

Figure 5.3 Contribution plot at different process time for Test data with Fault A. 

GLRT threshold is given by red line 

 



 

129 

 

 

Figure 5.4 Contribution plot at different process time for Test data with Fault E. 

GLRT threshold is given by red line 
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Table 5.3 Major isolated variable by the GLRT-based contribution plot for 9 case 

study 

Case Study Major Isolated Variable 

Fault A Reactor Temperature 

Fault B A Feed (stream 1) 

Fault C Reactor Cooling Water Outlet Temperature 

Fault D Reactor Cooling Water Outlet Temperature 

Fault E Separator Cooling Water Outlet Temperature 

Fault F A Feed (stream 1) 

Fault G Recycle Flow (stream 8) 

Fault H Reactor Temperature 

Fault I Separator Cooling Water Outlet Temperature 

Now, after the faulty variable has been isolated, the residual for that isolated 

variable is generated using Equation (5.3). The Fault is identified when the fault case 

shows minimum Euclidean distance as discussed in the Algorithm 5.1. Loading plot is 

also used to shown the visual representation of the fault classification, as shown in Figure 

5.5-Figure 5.9. In the loading plot, the dataset that are clustered together are perceived to 

have similar features and originated from the same fault dataset. 

First, Fault A is introduced in the test dataset and the loading plot result is shown 

in the Figure 5.5(a). In the loading plot, test and Fault A are clustered together and has 
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minimum Euclidean distance, thus the data-based algorithm is able to accurately identify 

the fault occurred in the test dataset. Similar results is observed in the Figure 5.5 (b), where 

test and Fault B has minimum Euclidean distance and is able to identify Fault B in the test 

dataset. Figure 5.6 shows the loading plot for Fault C and Fault D case study, again in both 

scenarios data-based algorithm accurately identifies the fault in the test data. 

Results for the Fault E and Fault F case study is shown in Figure 5.7. Fault E and 

test data has minimum Euclidean distance (Figure 5.7(a)) and Fault F clusters together 

with Test (Figure 5.7(b)), thus correctly identifying the fault in the test dataset. Similar 

results is observed in the case study with Fault G (Figure 5.8(a)), Fault H (Figure 5.8(b)), 

and Fault I (Figure 5.9) in the test dataset, data-based algorithm once again accurately 

identifies the fault in the test dataset. 

 

 

Figure 5.5 Principle component analysis (PCA) based fault identification for Fault 

A and Fault B case study. Red circle shows the accurate identification of the fault 



 

132 

 

 
Figure 5.6 Principle component analysis (PCA) based fault identification for Fault 

C and Fault D case study. Red circle shows the accurate identification of the fault 

 

 
Figure 5.7 Principle component analysis (PCA) based fault identification for Fault 

E and Fault F case study. Red circle shows the accurate identification of the fault 
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Figure 5.8 Principle component analysis (PCA) based fault identification for Fault 

G and Fault H case study. Red circle shows the accurate identification of the fault 

 

 
Figure 5.9 Principle component analysis (PCA) based fault identification for Fault I 

case study. Red circle shows the accurate identification of the fault 
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5.4. Conclusion and Contribution of the Chapter 

In this chapter, we have developed a data-based algorithm for fault isolation and 

identification. Once the fault has been detected by an optimized MSKPLS-based GLRT 

method, developed in our previous work, the GLRT-based contribution plot is used to 

accurately isolate the major faulty variable. The fault identification is carried out by the 

PCA- based Euclidean distance classifier. For fault identification the past faulty dataset is 

required, and if it is not available, faulty dataset can be simulated with the knowledge of 

process model of the critical loop. The developed algorithm was applied to the nonlinear 

continuous Tennessee Eastman Process Problem (TEP), and 9 fault case studies were used 

to validate the algorithm. The results demonstrate effectiveness of the data-based 

algorithm to accurately isolate and identify the fault in the TEP process. This research can 

be extended to identify multiple faults in TEP problem. State contribution approach and 

support vector machines-based classifier can be investigated to isolate and identify 

multiple faults in the TEP process.
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6. DATA-BASED FAULT DETECTION OF BIOREACTOR PROCESSES AND 

ESTIMATION OF THE STATES UTLIZING A NEW HYBRID OBSERVER MODEL 

 

6.1. Introduction 

Fault detection is an important aspect in the bio-chemical processes, such as 

bioreactors, to ensure high product quality and safety of process is maintained. We have 

utilized a nonlinear extension of multivariate statistical technique to detect the faults in 

the bioreactor. The developed neural network partial least square (NNPLS) -based 

generalized likelihood ratio can be applied to the nonlinear bioreactor dataset to accurately 

extract the nonlinear features of the dataset for early detection of fault with low false alarm 

rate. Neural network PLS provides an important nonlinear extension of the PLS model 

due to its two important advantages: (1) can be applied for the fault detection application, 

(2) effective soft sensor to predict the offline variables [112], [139], [216], [217]. The 

generalized likelihood ratio test (GLRT) statistic used in this paper has shown improved 

performance when compared to the 𝑇2, and 𝑄2 test [115], thus improving overall fault 

detection performance of the developed technique. Experimental data is obtained from a 

batch and fed-batch operation of the bioreactor to produce 𝛽 −carotene with glucose as a 

substrate. The developed fault detection model is able to positively detect the 

contamination present in the bioreactor. In the second part of the paper, we have extended 

our previous work on state estimation of the bioreactor with unknown input nonlinear 

observer [17]. We have developed a hybrid observer model by combining NNPLS-based 

regression with model-based observer to estimate the unmeasured states of the bioreactor. 
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The result shows that the hybrid observer model is able to efficiently estimate the state of 

the bioreactor process. 

This chapter is organized as follows, Section 6.2 details the developed neural 

network partial least square analysis (NNPLS)-based generalized likelihood ratio test 

(GLRT) for fault detection. In Section 6.3, fault detection results of the developed 

algorithm is demonstrated with application to a batch bioreactor production of 

𝛽 −carotene. Section 6.4 describes the design of the hybrid observer model by combining 

data-based regression with model-based observer. In Section 6.5, the efficacy of the 

developed hybrid observer model is demonstrated with the application to two batch and 

two fed-batch experiments. Section 6.6 discusses conclusions and contributions of this 

chapter. 

6.2. Fault Detection Methodology 

This section describes the algorithm for neural network PLS-based GLRT. 

6.2.1. Neural Network Partial Least Square (NNPLS) Technique 

In the developed model, a nonlinear extension of PLS is used as a dimensionality 

reduction technique to capture nonlinearity in the dataset. Fault detection is carried out in 

two steps; first, the NNPLS model is used to compute a model residue or error, and in the 

second step, advanced statistical test is used to deliver fault detection decision. The neural 

network model is used to capture the nonlinear nature between input score vector and 

output score vector. The outer level is a linear PLS algorithm, and inner level is the neural 

network model (see Figure 6.2). In the PLS algorithm, the input 𝑋, and the output 𝑌 are 

modeled with the score vector and a loading vector as shown in Equation (6.1) and (6.2). 
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 𝑋 = 𝑇𝑇𝑃 + 𝐸 (6.1) 

 𝑌 = 𝑈𝑇𝑄 + 𝐹, (6.2) 

where T and U are the score vectors, P, and Q are the loading vectors of the input and 

output matrices respectively. The Neural Network PLS algorithm is shown in the 

Algorithm 6.1 [139], [140], [216]. The NNPLS algorithm is modification of classical 

nonlinear iterative partial least squares (NNIPALS) algorithm used by the PLS method 

(see Equation (6.3)-(6.11)). 

Algorithm 6.1: Neural Network Partial Least Square Algorithm 

1. Initialized output score:  

   𝑢 = 𝑦𝑖 (6.3) 

2. Weights regressed on X: 

 
𝑤 =

𝑢𝑇𝑋

𝑢𝑇𝑢
 

(6.4) 

3. Normalizing weight: 

 𝑤 = 𝑤/‖𝑤‖ (6.5) 

4. Input Score vector:  

 𝑡 = 𝑋 × 𝑤 (6.6) 

5. Input loading vector: 

 
𝑝 =

𝑋𝑡𝑇

𝑡𝑇𝑡
 

(6.7) 

6. Output loading vector: 

 
𝑞 =

𝑋𝑌

𝑡𝑇𝑡
 

(6.8) 
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7. Normalizing weights, loading vectors and scores: 

 𝑝 =
𝑝

‖𝑝‖
, 𝑡 = 𝑡 × ‖𝑝‖, 𝑤 = 𝑤 × ‖𝑝‖ 

(6.9) 

8. Output score vector: 

 𝑢 = 𝑁𝑒𝑢𝑟𝑎𝑙𝑛𝑒𝑡𝑤𝑜𝑟𝑘(𝑡) (6.10) 

9. Input and output matrices are deflated: 

 𝑋 = 𝑋 − 𝑡𝑇𝑝 

𝑌 = 𝑌 − 𝑡𝑇𝑞 

(6.11) 

10. Store latent score vectors in T and U, loading vectors in P and Q 

11. Repeat steps 2 to 11 until M latent variables are computed  

In the linear PLS model, the input score vector 𝑡, and the output score vector 𝑢 are 

related by linear relationship (Equation (6.12)), and the NNPLS algorithm replaces this 

linear relationship with a neural network model as shown in Equation (6.13). 

 𝑢 = 𝑡 × 𝑏 + 𝑐 (6.12) 

 𝑢 = 𝑁𝑁(𝑡) + 𝑑, (6.13) 

where 𝑏 is a linear regression constant, 𝑁𝑁 is the neural network model, and 𝑐 and 𝑑 are 

the errors. The NNPLS model will capture the nonlinear behavior within the dataset by 

using the artificial neural network (ANN). (Figure 6.1). A feed forward neural network is 

used to compute output score vector (𝑢), with 𝑡 score vector as an input. The neural 

network with one hidden layer can be effectively applied with the NNPLS algorithm 

because the ANN is designed to approximate the nonlinear relationship between the input- 

output score vectors [218]–[223]. 
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Figure 6.1 Neural network model is used to estimate the output score vector from 

input score vector in NNPLS 

 

Figure 6.2 shows the representation of the neural network PLS algorithm [139]. 

𝑋 and 𝑌 matrices are analyzed in the first iteration (PLS outer model (1)), where 𝑢1 is 

computed by neural network model with 𝑡1 as an input. 𝐸1 and 𝐹1 are the residual matrix 

of 𝑋 and 𝑌 respectively (Equation (6.1) and (6.2)). 𝐸1 𝑎𝑛𝑑 𝐹1 are given input to the next 

iteration (PLS outer model (2)). Similar iterations are continued until all 𝑚 score and 

loading vectors are computed.  

 

 

Figure 6.2 Representation of neural network PLS algorithm. Outer layer of the 

algorithm is PLS model and inner layer is neural network model 
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6.2.2. Fault Detection Chart 

In this section, the residual generated by NNPLS model is analyzed by using 

statistical charts to make the fault detection decision. In our previous work, we have shown 

the superiority of the generalized likelihood ratio test (GLRT) over conventional fault 

detection techniques, such as Hoteling  𝑇2, and 𝑄2 methods, while dealing with nonlinear 

process data [41], [115], [119]. The GLRT equations in the section below are shown with 

reference to input matrix (𝑋), the fault in the output matrix (𝑌) can also be detected by 

using the output residual 𝐹, output score and loading vector 𝑢, and 𝑞 respectively in place 

of the corresponding 𝑋 vectors, in the section below. 

6.2.2.1. Generalized Likelihood Ratio Test (GLRT) 

GLRT is a composite hypothesis testing method and has been applied in our 

previous work for fault detection of the continuous chemical engineering problems, such 

as the continuous stirred tank reactor (CSTR), and the Tennessee Eastman Process (TEP) 

problem [119]. Equation (6.14) shows the hypothesis problem solved by GLRT test [106]. 

 {
  𝐻0: 𝐸 ~ ℕ(0, 𝜎2𝐼𝑁),

 
  𝐻1: 𝐸~ ℕ(𝜃, 𝜎2𝐼𝑁),

 (6.14) 

where 𝐸 is the model residual or error obtained from the NNPLS model, 𝐻𝑜 is the null 

hypothesis and represents the normal operating region, with mean of zero, and variance of 

𝜎2𝐼𝑁. While 𝐻1 is an alternate hypothesis and represents the new test data set, with 

statistical mean of 𝜃, and variance of 𝜎2𝐼𝑁 [224], [225]. If GLRT value (𝐺(𝐸)) exceeds 

threshold limit (𝑇𝛼), GLRT rejects the null hypothesis 𝐻0, and thus fault is declared. If 
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𝐺(𝐸) < 𝑇𝛼, GLRT accepts the null hypothesis 𝐻0, and process is declared to be within 

normal operating region. The detailed GLRT algorithm is described in Section 2.3.3. 

6.2.3. Neural Network Partial Least Square (NNPLS)- based Generalized Likelihood 

Ratio Test Method 

The NNPLS-based GLRT will be applied to the batch bioreactor process to 

determine both the faulty batch and to detect if there is any abnormality present in a given 

batch. The developed technique combines the advantages of both (i) NNPLS models 

effectiveness to capture the nonlinearity in the process data, and (ii) the superior fault 

detection capability of the GLRT chart compared to the other conventional methods. The 

NNPLS-based GLRT method is discussed in the Algorithm 6.2. 

Algorithm 6.2: Neural Network Partial Least Square (NNPLS)-based Generalized 

Likelihood Ratio Test Method 

1. Multi way representation of data 

a. A multiway representation of data is used to handle the three dimensional 

batch dataset 

b. Batch dataset is unfolded using (𝐼 × 𝐽𝐾) unfolding to analyze the historical 

batches and to determine the presence of faulty batch within the group 

c. Batch dataset is unfolded using (𝐼𝐾 × 𝐽) unfolding to carry out fault 

detection in a given batch and to determine the faulty variables. 

d. Both the unfolding will follow the same training and testing steps  
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2. Training Step 

a. First, the input matrix X and the output matrix Y are normalized and 

standardized to zero mean and unit variance 

b. The NNPLS is then trained to compute the score vectors and loading 

vectors using Algorithm 6.1. 

c. Threshold limit for GLRT (𝑇𝛼) is computed 

3. Testing Step 

a. X and Y matrix of the test dataset are standardized 

b. Model residue or model error 𝐸 is computed 

c. GLRT statistical value 𝐺(𝐸) is computed for the test dataset 

d. Fault is declared if 𝐺(𝐸) > 𝑇𝛼, else the process is declared operating under 

normal operation condition. 

6.3. Fault Detection of the Batch Bioreactor 

6.3.1. Batch Bioreactor Case Study 

The bioreactor studies were carried out in a glass, autoclave bioreactor with a 3 L 

working volume (Applikon®, Foster City, CA). Bioreactor was inoculated with the entire 

seed culture. Saccharomyces cerevisiae strain mutant SM14 engineered to produced 

𝛽 −carotene was used in this study, glucose is used as a substrate, ethanol and acetic acid 

are formed and consumed, and 𝛽 −carotene is produced. The temperature of the bioreactor 

is set at 300 𝐶, pH is set at 4, agitation is set at 800 rpm, and airflow is set at 0.1 𝐿/𝑠. 

More details of the bioreactor studies can be found in Ordonez et al. [226]. Duplicate batch 
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bioreactor experiments were performed, and the batch run ended within 72 hours, when 

the produced acetic acid was consumed (verified using HPLC) [226]. 

Table 6.1 Online and offline measured variables of the bioreactor 

Online measured variables Offline measured variable 

Number Variable Number Variable 

1 pH 1 Glucose g/L 

2 Acid addition 2 Biomass g/L 

3 Temperature (.o 𝐶) 3 beta-carotene mg/L 

4 Alkali addition 4 Ethanol g/L 

5 Dissolved oxygen 5 Acetic Acid g/L 

6 Agitation rpm 

7 CO2 off gas 

8 O2 off gas 

6.3.1.1. Bioreactor Dataset 

The bioreactor process has 8 online variables and 5 offline concentration variables 

as shown in Table 6.1. The concentration profile of the normal batch dataset is shown in 

Figure 6.3. To evaluate the performance of fault detection model, contamination was 

introduced in one of the batch. Contamination was introduced by using the Saccharomyces 

cerevisiae parent strain FY2 instead of the recombinant strain SM14, and it was introduced 

at the beginning of the batch. The concentration profile of the contaminated batch is shown 

in Figure 6.4, the contamination affects the bi-product and final product concentrations. 
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Figure 6.3 Time profile of the biomass growth, glucose consumption, ethanol and 

acetic acid concentrations and beta- carotenoids production in the normal 

operating batch 

 

 

 

Figure 6.4 Time profile of the biomass growth, glucose consumption, ethanol and 

acetic acid concentrations and beta- carotenoids production in the contaminated 

batch 
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6.3.1.2. Case 1: Fault Detection in the Historical Batches  

To detect the faulty batch among the historical process data, the three dimensional 

batch dataset is analyzed by using type I unfolding (𝐼 × 𝐽𝐾). In total 50 batches were 

generated out of which 45 were normal operating batch and randomly selected 5 batches 

were of contaminated run. White Gaussian noise was introduced to replicate the normal 

operating and contaminated batch. The NNPLS-based GLRT model is applied on the 

unfolded batch dataset and the fault detection result is shown in Figure 6.5. The developed 

methodology is able to correctly detect the 5 faulty batches (4, 11, 18, 31, and 48) from 

historical batch dataset. 

 

 

Figure 6.5 Monitoring of fifty batches by NNPLS-based method (semi-log plot) 
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6.3.1.3. Case II: Fault Detection of the Contaminated Batch 

The NNPLS-based GLRT model was trained with the normal batch process data 

as shown in Figure 6.3. First, the trained model was applied on the normal batch data and 

the NNPLS-based GLRT fault detection result is shown in Figure 6.6(a). GLRT plot 

correctly shows that there is no fault in the dataset, thus showing zero false alarm rate. The 

fault detection result of the contaminated batch is shown in Figure 6.6(b), the developed 

methodology shows early detection of the fault from the first sample time. As most of the 

variables are above the threshold value consistently over the time, it can be deduced that 

the fault might be because of contaminations. Thus, the batch can be stopped and the 

fermenter needs to be cleaned so that the contamination is not carried into the next batch. 

 

 

Figure 6.6 Monitoring of batch bioreactor by NNPLS-based method (semi-log plot) 
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6.4. Estimation of Bioreactor States 

In the second part of the paper, we have extended our previous work where 

nonlinear unknown input observer was developed to estimate the unmeasured states of the 

bioreactor [17]. In this section, the hybrid observer model is discussed. The hybrid 

observer model is designed by combining the NNPLS-based prediction with unknown 

input observer to estimate the states of the bioreactor.  

6.4.1. Process Model of the Batch Bioreactor  

The Kinetic model used in this paper was developed in our previous work [227]. 

The kinetic model was developed for the bioreactor experiment performed in the lab scale 

production of 𝛽 −carotene using glucose as the substrate. The growth rate models are 

shown in the Equations (6.15) - (6.19), where, 𝜇𝐺 , 𝜇𝐸  and 𝜇𝐴 represent the specific growth 

rate on glucose, ethanol and acetic acid, respectively. 

 𝑑𝑋

𝑑𝑡
= (𝜇𝐺 + 𝜇𝐸𝑡

+ 𝜇𝐴) 𝑋 (6.15) 

 𝜇 = 𝜇𝐺 + 𝜇𝐸𝑡
+ 𝜇𝐴, (6.16) 

 
𝜇𝐺 = (

𝜇𝑚𝑎𝑥,𝐺 ⋅ 𝜒𝐸𝑡
⋅ 𝜒𝐴 ⋅ 𝐺

𝐾𝑆𝐺 + 𝐺 + 𝑎𝑔𝑒𝐸𝑡 + 𝑎𝑔𝑎𝐴
), 

(6.17) 

 
𝜇𝐸 = (

𝜇𝑚𝑎𝑥,𝐸𝑡
𝐸𝑡

𝐾𝑆𝐸 + 𝐸𝑡 + 𝑎𝑒𝑔𝐺 + 𝑎𝑒𝑎 𝐴
), 

(6.18) 

 
𝜇𝐴 = (

𝜇𝑚𝑎𝑥,𝐴𝐴

𝐾𝑆𝐴 + 𝐴 + 𝑎𝑎𝑔𝐺 + 𝑎𝑎𝑒𝐸𝑡
). 

(6.19) 

 𝑑𝐺

𝑑𝑡
= −

𝜇𝐺𝑋

𝑌𝑋 𝐺⁄
 

(6.20) 
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 𝑑𝐸𝑡

𝑑𝑡
= 𝑘1𝜇𝐺𝑋 −

𝜇𝐸𝑡
𝑋

𝑌𝑋 𝐸𝑡⁄
 

(6.21) 

 𝑑𝐴

𝑑𝑡
= (𝑘2𝜇𝐺 + 𝑘3𝜇𝐸𝑡

)𝑋 −
𝜇𝐴𝑋

𝑌𝑋 𝐴⁄
 

(6.22) 

 𝑑𝑃

𝑑𝑡
= (𝛼1𝜇𝐺 + 𝛼2𝜇𝐸𝑡

+ 𝛼3𝜇𝐴)𝑋 + 𝛽𝑋. 
(6.23) 

The batch reactor model describes the biomass growth, substrate glucose 

consumption, by-product ethanol, and acetic acid formation and consumption, and 

𝛽 −carotene production. Detailed description of the parameter estimation of the Kinetic 

model can be found in our previous work [227]. Equations (6.20)-(6.23) shows the Kinetic 

model for the batch bioreactor process, and fed-batch bioreactor model is shown in 

Equations (6.24)-(6.29), the fed-batch model was derived as an extension of the batch 

model with same design parameters. The optimal kinetic parameter values are shown in 

Table 6.2 [227]. 

 𝑑𝐺

𝑑𝑡
= −

𝜇𝐺𝑋

𝑌𝑋 𝐺⁄
− 𝐺 ⋅

𝐹𝑔

𝑉
+ 𝐺𝑖𝑛 ⋅

𝐹𝑔

𝑉
 

(6.24) 

 𝑑𝑋

𝑑𝑡
= (𝜇𝐺 + 𝜇𝐸𝑡

+ 𝜇𝐴) 𝑋 − 𝑋 ⋅
𝐹𝑔

𝑉
 

(6.25) 

 𝑑𝑃

𝑑𝑡
= (𝛼1𝜇𝐺 + 𝛼2𝜇𝐸𝑡

+ 𝛼3𝜇𝐴)𝑋 + 𝛽𝑋 − 𝑃 ⋅
𝐹𝑔

𝑉
 

(6.26) 

 𝑑𝐸𝑡

𝑑𝑡
= 𝑘1𝜇𝐺𝑋 −

𝜇𝐸𝑜𝑋

𝑌𝑋 𝐸𝑡⁄
− 𝐸𝑡 ⋅

𝐹𝑔

𝑉
 

(6.27) 

 𝑑𝐴

𝑑𝑡
= (𝑘2𝜇𝐺 + 𝑘3𝜇𝐸𝑜)𝑋 −

𝜇𝐴𝑋

𝑌𝑋 𝐴⁄
− 𝐴 ⋅

𝐹𝑔

𝑉
 

(6.28) 
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 𝑑𝑉

𝑑𝑡
= 𝐹𝑔. 

(6.29) 

 

Table 6.2 Optimal parameter estimates for the batch kinetic models 

Parameter Value Units Parameter Value Units 

𝜇𝑚𝑎𝑥,𝐺   0.2516 ℎr−1 𝑎𝐴𝐸  1.0031 g Cell

g Ethanol
 

𝐾𝑆𝐺  0.4137 𝑔 𝐺𝑙𝑢𝑐𝑜𝑠𝑒 𝐿−1 𝑌𝑋𝐺 0.1855 g Cell

g Glucose
 

𝜇𝑚𝑎𝑥,𝐸   0.0218 ℎr−1 𝑌𝑋𝐸  0.3637 g Cell

g Ethanol
 

𝐾𝑆𝐸  0.5618 𝑔 𝐸𝑡ℎ𝑎𝑛𝑜𝑙 𝐿−1 𝑌𝑋𝐴 1.0163 g Cell

g Acetic Acid
 

𝜇𝑚𝑎𝑥,𝐴   0.0182 ℎr−1 𝛼1 0.7545 mg Product

g Glucose
 

𝐾𝑆𝐴 0.4506 𝑔 𝐴𝑐𝑒𝑡𝑖𝑐 Acid 𝐿−1 𝛼2 13.9280 mg Product

g Ethanol
 

𝑎𝐺𝐸  1.2964  𝛼3 1.1089 mgProduct

g Acetic acid
 

𝑎𝐺𝐴 1.0318  𝛽 0.2804 mg Product

g Cell ⋅ hr
 

𝑎𝐸𝐺  1.0636  𝑘1 1.7300 g Ethanol

g Cell
 

𝑎𝐸𝐴 1.0058  𝑘2 0.0936 g Acetic Acid

g Cell
 

𝑎𝐴𝐺 1.0000  𝑘3 0.2937 g Acetic Acid

g Cell
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6.4.2. Design of Hybrid Observer 

 

 

Figure 6.7 Hybrid observer approach by combining nonlinear PLS based 

regression with unknown input nonlinear observer to estimate the states of the 

bioreactor 

 

To design an observer, observability analysis of the system model needs to be 

performed. Observability analysis of a nonlinear system can be performed by computing 

observability matrix of the system, and using the criteria that a system is observable if the 

observability matrix is of full rank. But that requires symbolic computation of the jacobian 

matrix, making it computationally restricted to small system and also this observability 

criteria cannot explicitly identify the sensor required for the system to be observable [228]. 

To solve above limitations, Liu et al. has proposed use of inference diagram for 

observability analysis of the complex system [228].  

The main advantage of the inference diagram is that it can be applied to complex 

processes, and can identify the minimum number of sensor required for the system to be 

observable. This method gives graphical representation of interdependence between the 
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states of the system and will help to identify the components that are better connected than 

others. Inference diagram can be decomposed into two main parts, strongly connected 

components (SCC) and sensor node or root SCC. SCC are well connected components (or 

states) and all the SCC component in same loop can be observed by knowing any one of 

its components. Sensor nodes of the system are the minimum number of the sensors 

required for the system to be observable. The detailed observability analysis for the 

bioreactor system is shown in our previous work [17]. The observability analysis of the 

bioreactor system described in Equation (6.20)-(6.23) shows that the biomass 

concentration needs to be measured online for the process to be observable [17]. Biomass 

measurement can be obtained by using a hard sensor such as dielectric spectroscopy, 

infrared spectroscopy, and other optical methods, but with varying efficiency and high 

instrumentation cost [164]. Alternatively, a soft sensor based on the neural network partial 

least square (NNPLS) provides an simple, cost effective and efficient tool to predict the 

Biomass concentration using online variables shown in Table 6.1. Figure 6.7 shows the 

overview of the developed hybrid observer model, online sensor measurements from the 

bioreactor is given as an input to the NNPLS model to predict the biomass concentration. 

Utilizing predicted biomass as a measurement, the nonlinear unknown input observer 

estimates the states of the bioreactor. 

6.4.2.1. Neural Network PLS-based Prediction 

Neural network PLS is a nonlinear input-output multivariate technique that can 

also be used as a regression tool to predict the offline variables such as bioreactor 

concentrations from an online sensor dataset. To achieve this, the NNPLS model is first 
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trained with a training data following the Algorithm 6.1. Computed weights, score vectors 

and loading vectors of the input matrix and output matrix are stored for the prediction of 

the biomass concentration. 

The offline data (𝑌) is predicted with the online data (𝑋), with regression 

coefficient 𝛽, and model error 𝜖, as shown in Equation (6.30) [229]. 

 𝑌 = 𝛽 × 𝑋𝑛𝑒𝑤 + 𝜖. (6.30) 

Wold et al developed the regression coefficient of the linear PLS model, shown in 

Equation (6.31) [229]. The linear regression coefficient can be extended for the nonlinear 

system by using Algorithm 6.1 of NNPLS model to compute loading vector and score 

vectors of the nonlinear dataset. 

 𝐵 = 𝑊(𝑃𝑇𝑊)−1𝐶𝑇 , (6.31) 

where 𝑊 is the weight, 𝑃 is the loading vector regressed on 𝑋 and 𝐶 is loading vector 

regressed on 𝑌. Using equation from the Algorithm 6.1. 

 𝑊 = 𝑋𝑡𝑟
𝑇 𝑈, 

𝑃 = 𝑋𝑡𝑟
𝑇 𝑇(𝑇𝑇𝑇)−1, 

𝐶 = 𝑌𝑡𝑟
𝑇𝑇(𝑇𝑇𝑇)−1. 

(6.32) 

Thus, the regression coefficient 𝛽 and the predicted offline data 𝑌 is shown in 

Equation (6.33). 

 𝛽 = 𝑋𝑛𝑒𝑤
𝑇 𝑈(𝑇𝑇𝑋𝑡𝑟𝑋𝑡𝑟

𝑇 𝑈)−1𝑇𝑇𝑌𝑡𝑟 , 

𝑌 = 𝑋𝑛𝑒𝑤𝑈(𝑇𝑇𝑋𝑡𝑟𝑋𝑡𝑟
𝑇 𝑈)−1𝑇𝑇𝑌𝑡𝑟 ,  

(6.33) 

where 𝑌 is the predicted outputs by the regression model from the new dataset. 𝑋𝑡, 𝑈 and 

𝑇 are the feature vectors extracted from the training dataset, and 𝑋𝑡𝑟, 𝑌𝑡𝑟 is the training 
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input and output matrix. The advantage of the NNPLS regression is that the offline 

variables can be predicted as the online sensor data are measured. Additionally as NNPLS 

is capable of handling nonlinear dataset and extracting nonlinear features from the data 

[139], NNPLS provides effective nonlinear regression technique to predict the biomass 

concentration using the online variables (input data 𝑋). 

6.4.2.2. Unknown Input Nonlinear Observer 

The biomass concentration measurement is made available to the observer by the 

NNPLS-based prediction. The predicted biomass concentration makes the bioreactor 

system model shown in Equation (6.20)-(6.23) observable, and now the unknown input 

nonlinear observer developed in our previous work [17] can be applied to estimate states 

of the bioreactor. 

The generalized process model is shown in Equation (6.34), where 𝑥 ∈ ℝ𝑛,𝑦 ∈

ℝ𝑘, and 𝑢 ∈ ℝ𝑝 are the process states, process measurements, and process inputs, 

respectively. The variables 𝑑 ∈ ℝ𝑑, 𝐸 and 𝐶 are the process disturbance, error matrix, and 

the output matrix, respectively. 

 �̇� = 𝑓(𝑥, 𝑢) + 𝐸𝑑 

(6.34) 

 𝑦 = 𝐶𝑥. 

The designed unknown input observer is extended from the linear observer design 

presented in our previous work [31, 46]. Equations (6.35)-(6.36) show the designed 

nonlinear observer used to determine an estimate of the process states. Where 𝑧 and �̂� are 

the transformed states of the observer and the estimation of the states 𝑥, respectively. The 

variables 𝐻 and 𝐾 in Equation (6.35)-(6.36) denote the tuning parameters of the observer 
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and are computed to ensure the existence and stability conditions of the observer are 

satisfied [17]. 

 �̇� = (𝐼 − 𝐻𝐶)𝑓(𝑧 + 𝐻𝑦, 𝑢) − 𝐾(𝑦 − �̂�)  (6.35) 

 �̂� = 𝑧 + 𝐻𝑦. (6.36) 

The parameters 𝐸, 𝐻 and 𝐾 of the unknown input nonlinear observer is computed 

in our previous work and its values are shown below in Equation (6.37) [17], 

 

C =

[
 
 
 
 
0
1
0
0
0]
 
 
 
 
T

;     H =

[
 
 
 
 
0 0 0 0 0
0 1.0 0 0 0
0 −6.6   0 0 0
0 −0.35 0 0 0
0 0 0 0 0]

 
 
 
 

;    K =

[
 
 
 
 
0 0 0 0 0
0 −9.8374 0 0 0
0 68.6454 0 0 0
0 −3.1358 0 0 0
0 0 0 0 0]

 
 
 
 

 ; 

E = [0 −
1

1000

0.35

1000
0 0]

T

. 

(6.37) 

The observer dynamic equation for the batch bioreactor is shown in Equation 

(6.38)-(6.41). The final value of states are estimated using Equation (6.42)-(6.45). 

 𝑑𝑍𝐺

𝑑𝑡
= −

𝜇𝐺𝑍𝑋

𝑌𝑋 𝐺⁄
 (6.38) 

 𝑑𝑍𝑋

𝑑𝑡
=  − 9.84(𝑦𝑋 − �̂�) 

(6.39) 

 𝑑𝑍𝐸𝑡

𝑑𝑡
= 0.35 (𝜇𝐺 + 𝜇𝐸𝑡

+ 𝜇𝐴) 𝑍𝑋 + 𝑘1𝜇𝐺𝑍𝑋 −
𝜇𝐸𝑜𝑍𝑋

𝑌𝑋 𝐸𝑡⁄
− 3.14(𝑦𝑋 − �̂�) 

(6.40) 

 𝑑𝑍𝐴

𝑑𝑡
= (𝑘2𝜇𝐺 + 𝑘3𝜇𝐸𝑜)𝑍𝑋 −

𝜇𝐴𝑍𝑋

𝑌𝑋 𝐴⁄
 

(6.41) 

 

 �̂� = 𝑍𝐺  (6.42) 

 �̂� = 𝑍𝑋 + 𝑦𝑋 (6.43) 
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 𝐸�̂� = 𝑍𝐸𝑡
− 0.35 × 𝑦𝑋 (6.44) 

 �̂� = 𝑍𝐴. (6.45) 

6.4.3. Overview of the Hybrid Observer Model 

The developed hybrid observer algorithm is shown in Figure 6.8, and utilizes a 

combination of a data-based regression method; neural network partial least squares 

(NNPLS), to estimate a subset of process states and an unknown input nonlinear observer 

state-estimation technique to determine a complete set of state estimates. NNPLS has been 

used as an effective prediction model to extract the nonlinear features within the dataset 

[5], [216]. The unknown input nonlinear observer algorithm used for estimating the full 

set of process states is specifically designated to handle unknown disturbances such as 

plant-model mismatch encountered due to phenomena not captured by the dynamic 

models [17]. The combination of the model-based approach with the data-based approach 

allow for the incorporation of process history while also mitigating against process 

disturbances, providing accurate real-time state estimates for bioreactor process. 
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Figure 6.8 Overview of the hybrid observer model to estimate the states of the 

bioreactor 

 

6.5. Hybrid Observer Result 

6.5.1. Experimental Data 

Validation experiments were performed to demonstrate the effectiveness of the 

designed hybrid observer. Two batch and two fed-batch experiments were performed with 

different initial concentrations and different feeding rates as shown in Table 6.3. A 

reference batch (Figure 6.3) described in Section 6.3 is used to train the NNPLS regression 

model for the batch model operation and the NNPLS- prediction results are validated with 

batch I and batch II. For the fed-batch operation the NNPLS model is trained with fed-

batch I and results are validated with fed-batch II data. 

Batch I is used to calculate the unknown input matrix 𝐸 of the observer (Section 

6.4.2). The hybrid observer model is tested and its performance is evaluated by the batch 

II, fed-batch I, and fed- batch II. The effectiveness of hybrid observer model is evaluated 
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by using normalized root mean square error (RMS) as the performance parameter. The 

RMS is calculated using Equation (6.46). 

where 𝑋𝑒𝑠𝑡 is the estimated value of the state,𝑋𝑚𝑒𝑎 is the measured value of the state, 𝑛 is 

the total number of measurements in an experiment, and 𝑋𝑚𝑎𝑥 is the highest measured 

value of the state. 

Table 6.3 Operating conditions of different bioreactor experiments 

Batch 

number 

Initial conditions (g/L) 

[glucose, biomass, product, ethanol, acetic 

acid, volume (L)] 

Feeding 

Batch I [19.00 0.200 0.0580 0.030 0.024 3.0] None 

Batch II [17.79 0.084 0.0058 0.000 0.083 3.0] None 

Fed-batch I [19.57 0.120 0.0060 0.000 0.000 3.0] 0.0213 L/h of 

glucose, 

200 g/L for 46 h 

Fed-batch II [19.47 0.170 0.0060 0.570 0.000 2.0] 0.1574 L/h of 

glucose, 

20 g/L for 6 h 

6.5.2. State Estimation Results 

First, the NNPLS-based regression is used to predict the biomass concentration 

from the online sensor data, the prediction result for two batch and two fed-batch 

 

𝑅𝑀𝑆 𝑒𝑟𝑟𝑜𝑟 =
√∑

(𝑋𝑒𝑠𝑡. − 𝑋𝑚𝑒𝑎.)2

𝑛
𝑛
1

𝑋𝑚𝑎𝑥
, 

(6.46) 
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experiments are shown in Figure 6.9. The biomass prediction is compared to the 

experimental data in Figure 6.9, and it can clearly observed that the predicted value and 

experimental values have very small error for all four validation experiments. Thus the 

NNPLS-based regression is able to accurately predict the biomass concentration from 

online sensor data as an input. 

 

 

Figure 6.9 NNPLS-based prediction of biomass concentration with online sensor 

data as an input for bioreactor process 

 

State estimation result of batch I is shown in the Figure 6.10, and is compared to 

the experimental data. The RMS error is shown Table 6.4. The hybrid observer is able to 

effectively estimate the biomass, glucose, and acetic acid concentrations for batch I. 

Similar results are observed for the state estimation of the batch II (see Figure 6.11), where 
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hybrid observer model is able to accurately estimate the states of the bioreactor, with low 

values RMS error (see Table 6.4). 

 

 

Figure 6.10 States Estimation of Batch I by hybrid observer model 
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Figure 6.11 States Estimation of Batch II by hybrid observer model 

 

Figure 6.12 and Figure 6.13 shows the hybrid observer model’s state estimation 

result for fed-batch I and fed-batch II. Both fed-batch validation run has higher RMS error 

compared to the batch system, this is because the bioreactor system model was derived for 

the batch system and then extended to the fed-batch model. However uncertainties and 

disturbance can cause mismatch in the fed-batch model and the experiments as seen in the 

Figure 6.12 and Figure 6.13. It can also be observed that fed-batch II shows lower RMS 

error compared to fed-batch I, this can be due to the difference in the feeding of glucose. 

Fed-batch II with small glucose addition of glucose in feed (20
𝑔

𝐿
 ) behaves similar to the 

batch I and batch II, because of the small deviation from the system described by the batch 

model. While fed-batch I with higher addition of glucose (200
𝑔

𝐿
) has higher deviation 
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compared to the system described by the batch model and thus resulting in the higher RMS 

error compared to the other validation experiments. 

 

 

Figure 6.12 States Estimation of Fed-batch I by hybrid observer model 
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Figure 6.13 States Estimation of Fed-batch II by hybrid observer model 

 

Table 6.4 Hybrid observer model RMS error for the validation experiments 

Bioreactor 

States 

Batch I Batch II Fed-batch I Fed-batch II 

Biomass 0.0527 0.0526 0.0554 0.0394 

Glucose 0.0747 0.0582 0.0952 0.0549 

Ethanol 0.1097 0.1502 0.3241 0.1247 

Acetic acid 0.2173 0.2091 0.7031 0.3241 

 

 



 

163 

 

6.6. Conclusion and Contribution of the Chapter 

In the first part of this paper, the neural network partial least square (NNPLS)-

based generalized likelihood ratio test (GLRT) is developed to detect faults or abnormality 

in the bioreactor process. We have shown that the developed fault detection model can be 

effectively applied to the bioreactor process to detect the contamination present in the 

batch. The developed algorithm can also be applied to detect any abnormal batch present 

in the historical group of batch data. The NNPLS-based GLRT detected the contamination 

at the first sample time and also shows zero false alarm rate while applied to normal batch 

data. Thus, the developed NNPLS-GLRT can be effectively applied to accurately detect 

the contamination fault in bioreactor processes. 

We have also developed a novel hybrid approach for the state estimation of the 

bioreactor systems, by combining a data-based regression with a nonlinear model 

observer. The results shows that the NNPLS-based regression can accurately predict the 

biomass concentration from the online variables, thus acting as an effective soft sensor for 

the biomass measurement. And the nonlinear unknown input observer utilizes the 

predicted biomass concentration to accurately estimate the states of the bioreactor. 

Validation experiments results demonstrates the effectiveness of the hybrid observer 

model to accurately estimate the states of the batch bioreactor system.
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7. FAULT DETECTION AND DIAGNOSIS STADALONE SOFTWARE WITH 

GRAPHICAL USER INTERFACE (GUI) 

 

7.1. Introduction 

One of the objectives of this dissertation is to have a reliable and accurate detection 

and diagnosis of faults by developing an optimized multiscale kernel partial least square 

(MSKPLS)-based generalized likelihood ratio test (GLRT) detection and data-based 

identification framework. However, the relevance of the developed techniques depends 

on their proficiency to be widely adopted throughout the chemical and bio-chemical 

industries. To aid in the implementation of the developed algorithms, a comprehensive 

software platform with graphical user interface (GUI) integration is developed. This 

software allows for online and offline modes of fault detection of industrial processes, 

permitting use of its capabilities to monitor process in real time with available data. The 

software platform is generalized for implementation in a variety of process types to reflect 

the various different chemical and petrochemical industries. The GUI design and 

applicability options stems from the process control interfaces currently available in the 

process industries. 

Primary display will exhibit the core feature of the fault detection algorithm, the 

GLRT chart, and the prediction algorithm to monitor the process data. The operator will 

have a choice to prioritize monitoring of any specific loops deemed especially critical to 

process safety. In the case where the model framework detects a fault, an alarm will be 

given with an analysis of the diagnostic algorithm to direct maintenance staff to help locate 



 

165 

 

the fault. One other core feature of the GUI application is to predict the offline data from 

the online sensor measurement. Utilizing the nonlinear PLS prediction algorithm, online 

prediction of the concentration, productivity and other variables which are measured 

offline can be made available on the primary display. 

This chapter is organized as follows: in Section 7.2, overview of the developed 

GUI software is presented with detailed steps to implement the GUI software. In Section 

7.3, the design template of the developed software is discussed. In Section 7.4, 

contributions of this chapter is presented. 

7.2. Overview of the GUI Software Implementation 

The standalone GUI software was developed with the help of the Matlab App 

developer platform. The final version of the software platform works as a standalone 

application and can be executed from a computer system with the Matlab software 

installed in it.  
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Figure 7.1 Representation of the GUI software data acquisition, data analytics and 

software interface 

 

Figure 7.1 shows the overview of the GUI software implementation for the 

industrial processes. The online sensor data from the process is stored on a local computer 

and on a server, and the GUI software can access the data server to download the data. 

Various operations can be performed, such as data visualization, fault detection, fault 

diagnosis and output data prediction. Detailed steps of the GUI software implementation 

are shown in Algorithm 7.1. In the software, the user has an access to the developed 

MSKPLS-based GLRT fault detection algorithm, and conventional data-based methods: 

principle component analysis (PCA), partial least square (PLS), neural network PLS, 

kernel PLS and kernel PCA with GLRT, Hotelling 𝑇2, and 𝑄2 statistic. In most cases, a 

hardware sensor is not available for the measurement of the output data such as 

concentrations, productivity. Alternatively, it is possible to use a nonlinear PLS-based 
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prediction algorithm to predict the output data from the available online sensor 

measurement. Thus, the GUI software is able to provide the user with live trend of the 

predicted offline variables. 

Algorithm 7.1: Steps to Implement the GUI Software 

1. System requirement 

a. The Matlab 2018 version or later software needs to be installed on the 

remote computer where the GUI software is implemented. 

b. Python program should be installed on the system for the data acquisition 

from the server. 

2. Data Acquisition 

a. Data source for the software package can be in one of the three formats, 

excel spreadsheet, csv file format, and database format. Specifically 

database can be from SQLit or MySQL. 

b. Offline data can be acquired from flash drive, hard drive or other 

commonly used data transfer methods. 

c. For the online implementation, the GUI software needs to have an access 

to a data source where the online sensor data of the process is stored. OPC 

server is widely used to store and update the online sensor data. OPC is a 

software interface standard that allows a windows program to 

communicate with industrial devices.  

d. The GUI can access the data source with the help of the developed Python 

data acquisition script. 
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3. Training of the models 

a. Data visualization page allows user to plot and visualize the input dataset. 

b. First, user will select a data analytics technique to carry out fault detection, 

diagnosis, and prediction of the offline variables.  

c. The choice of data-based model included MSKPLS (recommended), PLS, 

PCA, NNPLS, KPLS, and KPCA. The choice of the statistic test includes; 

GLRT (recommended), Hoteling 𝑇2 and 𝑄2 test. 

d. The training data or the reference data source is provided as an input to the 

GUI. 

e. On the data analytics page, user can select the input variables and the output 

variables of the process data and by clicking Fit Model, the selected model 

will be trained. 

4. Implementation of the software 

a. Online and offline mode of operation is possible with the software. 

b. For the prediction algorithm, nonlinear PLS will utilize the input variable 

𝑋 to predict the offline variable 𝑌. Live trends of the predicted offline 

variable are made available by the GUI software. 

c. For the fault detection and diagnosis operation, the input variable and the 

output data will be selected. To execute the code, user needs to press 

Evaluate on the data analysis tab. 
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d.  Fault detection and diagnosis algorithm will run in the background, and 

user will be able to see the live trends of the online sensor measurement, 

and live updated GLRT plot for fault detection and diagnosis. 

7.3. Contribution of the Chapter 

In this chapter, a novel design of the GUI software has been presented. The GUI - 

software will aid in the implementation of the novel data-based algorithm developed in 

this dissertation. The software will allow for real time, quick, reliable and accurate fault 

detection, diagnosis of the abnormality or fault in the processes. Thus assisting the 

operator to take the corrective action, and effectively bringing the process back to normal 

operation. The GUI software also is generalized and simple to implement to various 

different industrial processes.
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8. CONCLUSIONS AND FUTURE WORK 

 

8.1. Conclusion 

In this dissertation, data-based algorithms for fault detection and diagnosis of the 

nonlinear industrial processes, and the hybrid observer design has been developed. 

In Chapter 2, a nonlinear multivariate statistical model was developed with a 

composite hypothesis statistical test to detect faults in the nonlinear process. The 

developed KPLS-based GLRT was applied to the continuous stirred tank reactor (CSTR). 

The result showed that KPLS-based GLRT outperforms the linear PLS technique with 

Hotelling 𝑇2, and 𝑄2 statistic. Single and multiple faults were introduced in the 

temperature and concentration variables, result showed the effectiveness of the KPLS-

based GLRT to accurately detect multiple faults in the process. 

In Chapter 3, the multiscale partial least square (MSPLS)-based GLRT fault 

detection method was developed. A process data are generally contaminated with noise 

and error at different frequency of the data, which reduces the effectiveness of a data-

based model. Hence, in this chapter we have utilized a multiscale representation of the 

data with an orthogonal wavelet function to efficiently filter the data. The results 

demonstrate the effectiveness of the linear MSPLS model to de-noise, de-correlate and 

normalize the original signal. MSPLS-based GLRT is able to demonstrate an accurate and 

early detection of the fault in the CSTR problem. 

In Chapter 4, a new data-based algorithm was developed for monitoring of a 

nonlinear noisy industrial process data. Fault detection performance of the optimized 
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MSKPLS-based GLRT algorithm was illustrated through the CSTR and the nonlinear 

Tennessee Eastman Process (TEP) problem. The nonlinear KPLS model was optimized to 

effectively capture the nonlinear features of the data. Multi-objective genetic algorithm is 

performed to minimize missed detection rate, false alarm rate, and average run length, and 

the result shows the improved performance of the optimized KPLS model. Also an 

orthogonal wavelet function used to decompose the original signal is able to efficiently 

filter the noise from the dataset. The optimized MSKPL-based GLRT applied to the TEP 

process shows superior performance compared to the conventional techniques. 

Chapter 5 details a novel fault isolation and identification algorithm. Fault 

diagnosis results are shown with nine case studies of the Tennessee Eastman Process 

(TEP). Once the fault has been detected by the optimized MSKPLS-based GLRT 

(developed in Chapter IV), the GLRT-based contribution plot is used to isolate the faulty 

variable and thus reducing the fault area from a plant wide scale to the specific sub-block 

of the process. The PCA-based Euclidean distance classifier is utilized to identify the fault. 

Results of the various different fault case studies in the TEP process shows an accurate 

and efficient isolation and identification of a process fault. 

Chapter 6 discusses the development of a new algorithm for estimating the states 

of the bioreactor process with a hybrid observer model. Also, a nonlinear data-based fault 

detection algorithm is discussed for a batch bioreactor process. The neural net PLS 

(NNPLS)-based GLRT is utilized to detect the contamination in the batch bioreactor 

process. Result shows that the developed algorithm is able to accurately detect the 

contamination at the first sample time. A hybrid observer model was developed by a 
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combination of a data-based regression method: neural network partial least squares 

(NNPLS), to estimate a subset of process states, and the unknown input nonlinear observer 

to estimate a complete set of the process states. The result shows an accurate estimation 

of the states in the batch bioreactor process. 

In Chapter 7, a graphical user interface (GUI)-based standalone software is 

developed, which incorporates all the fault detection, diagnosis and the prediction 

algorithm established in this dissertation. The objective of this work was to aid in the 

implementation of the data-based algorithm to the industrial processes. The developed 

GUI software is user friendly and simple to implement on the different process dataset. 

Some of the important features of the GUI software is the ability for an online and offline 

implementation of the developed novel algorithm for fault detection, diagnosis, data 

visualization and prediction of offline variables in a process. 

8.2. Future Research Directions 

In Chapter 5, the fault isolation and identification algorithm has been developed. 

One of the future directions of the research would be to explore the state reconstruction 

approach coupled with PCA-support vector machine (SVM) classifier in order to 

effectively isolate and identify multiple faults in the process. In the state reconstruction 

approach, each sensor is assumed to be failed, then it is reconstructed on the basis of the 

remaining measurement. If the reconstructed value of the sensor is within the threshold 

limit, then there is a fault in the sensor. The reconstruction approach can thus negate one 

faulty sensor impact on another and isolate multiple faults. Also, multiple fault 

identification can be further improved by utilizing PCA-SVM multi-class classifier. To 
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extract the features, PCA can analyze the residual matrix, and SVM could be used as a 

multi-label classifier to accurately identify the faults. 

Additionally, an observer-based directional residual can be implemented in the 

critical loop of the plant where the first principle based model is available, in the 

identification of multiple fault. The directional residual allows for separation of the 

multiple fault residual, and the quantitative value of the fault can be obtained to further 

facilitate in the identification of the multiple faults. This approach can be implemented for 

the application where an accurate mathematical model is available in the critical loops of 

the plant. 

The GUI software has been developed to aid in the implementation of a novel fault 

detection and diagnosis algorithm to the industrial processes. The design of the GUI can 

be further modified to better suit the needs of the prospective industry partner. Currently 

the software library includes the algorithms established in this dissertation and few other 

conventional data-based methods. The software library can be further expanded to include 

other models and algorithms developed by the Dr. Karim research group. 

Finally, it is important to note that the algorithms established in this dissertation 

are not specific to any industry and has a wide industrial application depending upon the 

availability of the process dataset. The developed methodology helps to return processes 

to their normal operating condition quickly and accurately through the early detection and 

identification of the faults. The development of the software package ensures that the 

process monitoring and prediction algorithm are generalized to be applied to any future 

continuous and batch processes of interest.
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