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ABSTRACT 

Industrial model predictive controllers are ubiquitous in refining and chemical 

processing facilities.  Usually these controllers are based on empirical models 

identified from plant data.  If a disturbance is present within this training data, the 

identified models will have reduced fidelity to the true plant, and control performance 

will suffer.  To identify and remove disturbances, the asymptotic detection method has 

been proposed in literature, but it has previously only been applied to case studies with 

simulations.  Because the method is known to be sensitive to nonlinearity and noise, 

this study was undertaken to see if the asymptotic detection method could be applied 

effectively to industrial plant test data. 

This study includes an evaluation of how both the user-selected sampling 

numbers and the model form impact the detection results of the asymptotic detection 

method.  The primary focus is processing two separate data sets taken from industrial 

plant tests.  These results show that the raw results of the asymptotic detection method 

are too sensitive for industrial applications, but the results are still useful for 

identifying the most significant disturbances.  The slices suggested by the asymptotic 

detection method are compared against the slices made by the control engineers who 

developed the industrial controller.  Although the true disturbances are not and can not 

be known, the relative locations of disturbances suggest the results are reliably 

identifying real disturbances.  Suggestions are made about several ways the 

asymptotic detection algorithm could be used to greatest effect in industrial 

applications. 
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CHAPTER 1 

INTRODUCTION 

Today, model predictive controllers (MPCs) are ubiquitous in large-scale 

refining and petrochemical facilities, and they are common in a number of other 

chemical processing industries.  As the name suggests, MPCs are based on using 

models of the process to predict future behavior and calculate an optimum set of 

correcting moves.  This means that the quality of the models is critical to the quality of 

control.  These models are almost empirical models based on data taken during plant 

operation. 

Unfortunately there are many potential problems that can reduce the quality of 

the empirical models.  These problems can be categorized according to three basic 

causes (Riggs and Karim 2006): 

• Noise- Noise is inherently present in all systems.  It can be caused by either the 

process or the instrumentation.  The problems of process noise can be largely 

eliminated by properly maintaining sensors, transmitters, and actuators.  If 

used properly, filtering can also reduce noise without significantly reducing the 

information content of the signal. 

• Nonlinearity- Because industrial control is usually done with linear models, 

nonlinearity in the process cannot be predicted by the model.  Nonlinearity can 

be handled in some cases by transformations such as log transforms and 

piecewise linear transforms.  Special techniques such as gain scheduling can 
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also help compensate for known nonlinearity.  In general, most processes in 

the refining and commodity chemicals businesses do not exhibit significant 

nonlinearity within the normal operating regions. 

• Disturbances- Disturbances are inputs to the process which are not measured.  

Sources of disturbances can include process lineup changes (e.g. opening a 

bypass valve, turning pumps in parallel on or off), variations in upstream 

processes (e.g. change in composition of feed due to an upset in an upstream 

unit), and alterations of the effective control configuration (e.g. override is 

activated, control valves saturate).  Sometimes plant personnel are aware that a 

disturbance such as opening a bypass or a change in an upstream unit is 

occurring.  Unfortunately it is impossible to always know when disturbances 

are occurring. 

While noise and nonlinearity can be handled in a relatively straightforward 

manner, there is no simple solution for dealing with disturbances.  In industry, it is 

common practice to try to eliminate disturbances by removing corrupted data from the 

training data set before identification (Zhu 2001).  Data slicing is done based on the 

engineer’s knowledge of the conditions that existed during the test.  This requires 

plant personnel to be in constant attendance during data gathering which is expensive 

and often tedious.  Empirical disturbance diagnosis is highly effective for some 

disturbances, but it is impossible for plant personnel to be aware of all disturbances 

during plant operation.  Empirical slicing also usually requires significant personal 

judgment by the control engineer.  If a particular upset in the plant is noted, it is not 

2 
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necessarily obvious whether or not it is a significant disturbance.  Also, things like 

heat integration and recycle streams can make it hard to predict when and in which 

specific variables an upset will corrupt the data.  This provides strong motivation to 

find an analytical technique to consistently and reliably deal with disturbances 

embedded in plant test data. 

This has already been done by Dong and Riggs (2008) with the asymptotic 

detection method.  They applied this technique to a rigorous non-linear simulation of 

an industrial fluidized catalytic cracking unit with white noise, colored noise, step 

disturbances, and random walk disturbances.  They were able to consistently and 

correctly identify disturbances in several different data sets.  However, they also 

showed that the technique is sensitive to nonlinearity and that its detection ability is 

reduced by significant noise.  In industrial systems nonlinearity and significant noise 

are frequently present, so Dong and Riggs (2008) could not prove that the technique 

would work under industrial conditions.  To find out if the asymptotic detection 

method can perform reliable disturbance detection in industrial data sets, a study was 

done that applied the asymptotic detection method to two different data sets supplied 

by LyondellBasell Industries.  These data sets were actually taken during real plant 

tests which were used to build MPC controllers for those processes.  The results from 

this study and the procedure used to obtain those results are the subject of this thesis. 

Chapter 2 is a review of some of the many techniques that have been suggested 

in the literature for dealing with disturbances in plant test data.  Chapter 3 recreates the 

development of the asymptotic detection method as presented by Dong and Riggs 
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4 

(2008), and Chapter 4 elaborates on the specific details of how the asymptotic 

detection method is applied.  Chapter 5 investigates the effect of the user-selected 

sampling numbers, and Chapter 6 investigates the effect of choosing either the finite 

impulse response or step response form of the model.  Chapters 7 and 8 present the 

results of applying the asymptotic detection method to the industrial data sets supplied 

by LyondellBasell.  Chapter 9 discusses the conclusions that can be drawn from 

Chapters 7 and 8, and Chapter 9 also suggests how industrial practitioners may benefit 

from applying the asymptotic detection method.  Chapter 10 provides a brief overview 

of the key results from the other chapters. 



Texas Tech University, Cade Hodgson, August 2008 

CHAPTER 2 

LITERATURE REVIEW 

In modern industrial processes, model based control is widely used to improve 

process operation and profitability.  In these applications, model quality is essential to 

controller performance (Huang and Tamayo 2000).  The models used are almost 

always empirical models identified from training data collected during plant operation.  

It is obvious and well understood that using data taken while the process is exhibiting 

abnormal behavior will result in identified models that do not accurately describe the 

normal process.  As discussed in the Introduction, noise, nonlinearity, and 

disturbances can all cause abnormal process data, but disturbances are the most 

intractable problem.  Empirical slicing based on process data is the most commonly 

used technique for handling disturbances; however, this technique is expensive, 

unsystematic, and inherently limited to disturbances which can be known.  This 

provides strong motivation to find an analytical technique that can reliably and 

systematically eliminate the corrupting influence of disturbances. 

Disturbances in plant data are analogous to errors in almost any kind of data.  

As such, many researchers have worked on trying to find, improve, or ignore 

experimental data that is not representative of their system of interest.  Even within the 

more specific field of industrial process control for the chemical processing industry, 

there is a vast body of work either directly or indirectly addressing the issue of 

uncharacteristic data.  Some of the more relevant work is outlined below. 

5 
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2.1  System Identification in the Presence of Disturbances 

Perhaps the most obvious way to achieve accurate identification in the 

presence of unmeasured disturbances is to develop model forms and/or identification 

algorithms that are not significantly affected by disturbances.  Many researchers have 

tried to accomplish this by estimating the disturbances and modeling their effects 

alongside the effects of known process inputs (Ljung 1999).  MacGregor (1988) 

discusses several types of disturbances: white noise, autoregressive moving average, 

integrated moving average, and random walk.  The disturbance is used as part of the 

equation describing process output in order to derive a form of a minimum variance 

controller.  The disturbance is constantly estimated online and used in the control 

algorithm, but the type of disturbance is not assumed.  Unfortunately, it has been noted 

that while minimum variance is an appropriate objective of regulatory control, model 

predictive controllers are primarily concerned with constraint handling and economic 

optimization (Huang and Tamayo 2000).  For this reason minimum variance is not 

necessarily the best control objective for model predictive controllers. 

Because disturbances are inherently unknown, many researchers have tried to 

avoid identification techniques which require knowledge of statistics of the 

disturbance.  At the same time, it is very hard to model disturbances if absolutely 

nothing is known about them.  To address this conflict, many approaches have 

assumed some knowledge about the nature or form of the disturbance without 

assuming a known statistical description.  Schweppe (1968) proposed a system for 

estimating system states when inputs and errors are “unknown but bounded.”  This 

6 
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technique describes a region which contains the actual system state instead of a single 

estimate of the system state.  This region is not guaranteed to be the optimally small 

region, but it does address system identification in the face of unknown process inputs.  

Fogel (1979) used a conceptually similar idea that assumes knowledge of the 

disturbance energy which he claims is more readily attainable than traditional 

descriptive statistics.  He places bounds on the system parameters such that any 

parameters within those bounds could be consistent with the measured values based on 

the assumed level of disturbance energy.  This method has the advantage that model 

uncertainty can be directly assessed from the solution. 

Milanese and Tempo (1985) have investigated the use of optimal algorithms 

for solving identification problems for numerous model forms.  They present their 

work largely in a general framework which they claim can be tailored to handle 

nonlinearity, process faults, and disturbances by choosing the correct model form.  

Optimal algorithm theory can then be used to estimate system parameters within the 

assumed model form. 

Other researchers have tried to pursue ways to remove the effect of the 

disturbances from model identification.  Tsypkin et al. (1996) have developed a 

procedure for handling cases in which the disturbances can be described by piecewise 

polynomials.  A polynomial is found which approximates the inverse of the 

disturbance input.  The data is then treated to remove the effect of disturbances, 

leaving only the portion of the output that is directly due to the known inputs.  The 

authors call this the absorption principle.  Based on the resulting “clean” data, any one 

7 
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of several recursive algorithms are suggested to estimate the system parameters.  

Tsypkin et al. (1996) based their work on using linear models.  Li et al. (2001) used 

this work and expanded it to apply to nonlinear cases.  They develop the generalized 

absorption principle and use it to remove the effect of disturbances from data.  A 

feedforward neural network is used as the process model.  During operation, the 

disturbance removal is done in real time, and the neural network makes predictions 

about the future behavior of the process.  The appropriate control law is found by 

using a genetic algorithm.  This method is inherently limited by the fact that the 

disturbance is assumed to be a piecewise polynomial function. 

Dayal and MacGregor (1996) discuss specifically finite impulse response 

(FIR) models which are widely used industrially.  They note that FIR models 

identified by the traditional least squares method are adversely affected by the 

presence of disturbances.  They claim that identifying parameterized transfer function 

models and then converting these models to FIR form can produce more accurate 

models in the presence of disturbances.  This approach has the benefit that it 

ultimately produces FIR models which are familiar to industrial practitioners, but it 

still requires a completely different identification technique than is commonly used. 

Zhu (2001) describes many common model types and identification techniques 

which could all be converted to FIR models if desired.  He recommends using the 

output error method.  This method has been shown to be consistent under open loop 

conditions with stationary disturbances (Ljung 1999).  This means that if the 

disturbance has a constant average value, the parameter estimates will converge to the 

8 
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true values as the amount of data approaches infinity.  A major problem is that solving 

for the process parameters in the output error method requires a numerical solution 

which does necessarily converge to the absolute solution (Zhu 2001).  Zhu (2001) also 

suggests using the simple residuals of the output error model to diagnose the presence 

of disturbances.  He points out that to do this successfully, the test data must be 

representative of the normal process and the disturbance must not significantly corrupt 

the identified model.  If the models are corrupted, residuals generated by output error 

models cannot detect bad process data (Basseville and Nikiforov 1993). 

Each of the identification techniques discussed above has limited applicability 

and/or requires complicated solutions.  No one solution can handle any arbitrary 

disturbance type without sacrificing simplicity.  As such, the search continues for an 

easily-implemented technique with universal applicability. 

 

2.2  Model Validation and Disturbance Detection 

Another approach to dealing with the effects of disturbances on models is to 

validate models after they are identified.  Model validation attempts to determine if a 

model adequately describes a set of process data.  The principle is that if a model can 

accurately describe system behavior then significant disturbances are not present.  As 

with identification, many different approaches have been used in model validation, 

and each of these approaches has its own inherent assumptions, strengths, and 

limitations. 

9 
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Perhaps the simplest and most obvious approach to model validation involves 

simply looking at the errors between model predictions and actual measured data.  

There are two major problems with this (Zhu 2001): 

• Even without disturbances the residuals will not be zero because of 

measurement errors and normal levels of process-model mismatch. 

• If the same data is used for model identification and residual generation, 

the model may be corrupted by disturbances in the data set.  In this case, 

residuals may appear small even though the model does not properly 

reflect the true process. 

To try to address these issues systematically, Yang and Makis (2000) have 

investigated how the residuals are affected by unmeasured deviations to a controlled 

process.  Their primary goal was to determine the appropriate control chart to use for 

process monitoring.  This result is not useful for model validation in a more general 

sense because it deals only with step changes or ramp changes to process parameters, 

not transient disturbances that normally corrupt chemical processing plant data.  Even 

more to the point, Basseville (1998) has shown that normal residuals are not sufficient 

for reliably validating models. 

Others have tried to investigate specific cases such as “infrequent abrupt 

changes in nonlinear systems” (Robertson and Lee 1998).  Smith and Dullerud (1996) 

have presented a model validation technique based on continuous-time models that 

requires input data, output data, a process model, and a disturbance model.  The 

technique uses an optimization approach to determine a disturbance vector with the 

10 
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smallest norm that could generate the observed data within the assumed noise.  The 

magnitude of the minimum norm required to generate the data is the indicator of 

whether or not the model is valid.  The continuous nature of the algorithm is achieved 

by applying previously-developed lifting theory to the data.  This technique is limited 

because it assumes the disturbance is a function of known process inputs, and the only 

unknown signals are assumed to be additive to the process output.  Also, having a 

known model for the disturbances reduces the identification algorithms which can be 

used with this approach. 

Kesavan and Lee (2001) have pursued a similar detection principle with very 

different implementation.  Their approach also attempts to determine if the process 

data can be explained by normal variation, but this approach is unique in that it does 

not rely on model errors.  The technique begins with a process model that accounts for 

the effect of disturbances and process inputs.  The user sets limits on the disturbance’s 

magnitude, rate of change, and/or any other descriptive property.  The algorithm then 

generates a feasible space of process states which could be realized based on the 

process inputs and the constraints on the unknown disturbances.  If there is no feasible 

space which satisfies all constraints subject to acceptable measurement errors, then a 

special cause disturbance is assumed to have occurred.  If only “normal” levels of 

disturbance are present, nothing will be detected.  The obvious limitation of this 

technique is that it relies on the user to specify reasonable bounds on an unknown 

disturbance.  However, this also provides flexibility to use this technique without any 

assumed form of the disturbance.  This technique is applied in a moving horizon and 

11 
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can be adapted to try to determine which variable is the source of the infeasibility in 

the case that a disturbance is observed. 

This approach where one asks “Can a reasonable disturbance explain these 

errors?” is not the most common approach in literature.  It is more common to have 

model validation that consists of two basic steps (Basseville 1998): 

1. Determine the difference between the measured process values and the values 

predicted by the model of interest.  This difference is the prediction error of the 

model or the residuals. 

2. Statistically analyze the residuals to determine if the residuals indicate 

significant mismatch between the process and the model. 

One major area of literature that follows this basic outline involves the two 

model divergence approach.  This technique assumes two models exist: one describing 

the original or normal state and one describing the disturbed or abnormal state.  The 

traditional approach in this case has been set forth by Basseville and Benveniste 

(1983) and Basseville and Nikiforov (1993).  The basic assumption is that the 

disturbance can be described as white noise acting via a known transfer function.  

Based on the known process model, output data, and input data, the innovation 

sequence (i.e. the disturbance input as calculated from measured output data and the 

model) is calculated.  A single statistical value (ηt) is calculated at each time step 

(Basseville and Nikiforov 1993), and the expected value of the statistic determines if 

the data follows the normal model or the disturbed model.  Because the actual model 

is usually not known, they are approximated (Huang and Tamayo 2000).  The 
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“normal” model is estimated as a global model using a full data set, so it is less 

sensitive to disturbances.  The disturbance model is estimated locally using only part 

of the data.  Clearly this will not work if a large portion of the data set is corrupted.  

The expected value of ηt is commonly checked with a CUSUM or other similar test.  

This technique will detect if there is a change in either the process or the disturbance 

but not distinguish the source of the change.  Huang and Tamayo (2000) used the 

same two model approach but modified the test statistic to ignore changes in the 

disturbance.  A threshold is applied to account for the fact that the estimated models 

are not equivalent to the true process models.  They also discuss how to apply a filter 

to selectively ignore disturbances in frequencies that are not relevant for control. 

Huang (2001) developed an extension of the original implementation for 

closed-loop data.  This implementation is sensitive to nonlinearity, inaccurate 

deadtime modeling, and changes in the disturbance.  In practice, these sensitivities are 

highly restrictive.  This technique is effective for determining if the system has 

undergone a change, but it does not necessarily help improve process models.  The 

two-model divergence approach either ignores disturbances (Huang and Tamayo 

2000) or it requires a disturbance model as part of the plant model (Basseville and 

Nikiforov 1993, Huang 2001). 

Another major body of literature that uses statistical analysis of residuals has 

been built around the local approach.  The local approach is based on converting the 

complex problem of model validation to the simple problem of detecting a change in 

the mean of an appropriately defined residual vector.  Benveniste et al. (1987) first 
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laid out the general principles of the local detection approach, and then Basseville 

(1998) developed the application of these ideas more fully.  The local detection 

approach defines a primary residual as one whose mean changes from zero to nonzero 

when the process switches from normal to disturbed operation, and an improved 

residual has the same mean as the primary residual but with a known, Gaussian 

distribution.  The problem of disturbance detection then becomes a problem of 

detecting a change of mean in a Gaussian vector.  This is an issue that can be done by 

a likelihood ratio test.  Basseville’s development is general and addresses many types 

of models (e.g. linear, nonlinear, black box) and applications (e.g. model validation, 

off-line detection, optimal sensor location).  Huang (2000) developed the idea more 

specifically for linear regression models and output error models.  He derived the 

specific form of the primary and improved residuals.  The chi-squared statistic is used 

as the generalized likelihood ratio.  Multi-input multi-output (MIMO) systems are 

represented as a set of multi-input single-output (MISO) systems.  This study suggests 

using output error models because they are shown to be insensitive to disturbances 

thus making them useful for detecting faults in the process.  This is a drawback if the 

goal of detection is to identify disturbances for identification purposes.  Huang (2001) 

expanded his previous work to also be used with the total least squares and 

generalized total least squares methods.  Again, this work is focused on detecting 

changes to the process while ignoring the presence and/or change of disturbances. 

In using the chi-squared test, a threshold value for determining whether or not 

a change occurs is taken from a standard table with a known false alarm rate.  Cheng 

14 



Texas Tech University, Cade Hodgson, August 2008 

et al. (2003) noted that the local approach using approximated process models will 

have a false alarm rate higher than the value suggested by the normal chi-squared 

table.  To address this issue, an improvement to the threshold was calculated based on 

the sensitivity matrix of the normalized residual. 

Dong and Riggs (2008) considered a specific variation of the local approach 

which they dubbed the asymptotic detection method.  Instead of attempting to find 

faults within the process, they focused on identifying disturbances to aid in 

development of industrial control models, specifically FIR models identified from 

normal least squares identification.  To do this, the identified model is used in 

conjunction with an improved model developed from linearizing the training data.  

The chi-squared statistic is calculated in a sliding window.  The chi-squared value in 

each window is compared with a threshold value.  In this way, the location of 

disturbances in time can be detected.  Like Cheng et al. (2003) the threshold used in 

this approach has an improvement component to account for the fact that the model 

used is not the true process model.  Dong and Riggs (2008) also investigated the 

efficacy of their identification technique in the presence of nonlinearity and 

measurement noise.  The approach was shown to be highly sensitive to nonlinearity, 

and measurement noise somewhat reduced the efficacy of the method. 

Unfortunately industrial training data invariably contains some level of 

nonlinearity and measurement noise.  As such, it is relevant to ask if the asymptotic 

detection method proposed by Dong and Riggs is robust enough to handle actual 

industrial data in a useful way.  A study was done in conjunction with an industrial 
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16 

partner to analyze real training data and thus assess the robustness Dong and Riggs’s 

disturbance detection under industrial operating and testing conditions.  The methods 

and results of this study are the subject of the subsequent chapters in this thesis. 
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CHAPTER 3 

ALGORITHM DEVELOPMENT 

The purpose of this study is to examine the applicability of the asymptotic 

detection method developed by Dong and Riggs (2008) to industrial multivariable 

systems.  A short overview of the rationale behind this method is therefore relevant.  

All the information in sections 3.1 and 3.2 is adapted from Dong and Riggs with one 

minor augmentation.  Dong and Riggs only considered single-input single-output 

(SISO) cases, but the equations in this chapter are written for multi-input single-output 

(MISO) cases.  An explanation of why this is necessary will follow in section 3.3, but 

for now it is sufficient to note that all equations in sections 3.1 and 3.2 simplify to the 

SISO cases presented by Dong and Riggs if the number of independent variables is 

one. 

 

3.1  Finite Impulse Response (FIR) Models 

In industrial model predictive control applications, finite impulse response 

(FIR) models are very commonly used.  Commercial software packages such as Aspen 

DMCplus®, Cutler Technology Corporation’s ADMC, and Honeywell’s Profit® 

Controller (RMPCT) all employ FIR models.  In FIR models, the process output value 

is predicted by 

  (3.1) ∑
=
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where  is the prediction of the output at time t, g)(ˆ ty ij is the jth coefficient of the 

model for the ith independent variable, and ui(t) is the value of the ith independent 

variable at time t.  It is convenient to rewrite the prediction for all times in matrix form 

using the following definitions: 
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where k is the number of independent variables in the model, n is the number of 

coefficients in each independent-dependent model, and N is number of observations in 

the data set.  Then Equation 1 can be rewritten for all times as 

  (3.7) TT GXY =ˆ

The prediction error is the difference between the actual and predicted values 

of the dependent variable.  If the actual output values are written as the vector 

 [ ]TNytynyY )()()1( LL+=  (3.8) 
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Then the prediction error (ε) is represented mathematically by 

  (3.9) [ ] TTT GXYYYNetene )(ˆ)()()1( −=−=+= LLε

The least squares algorithm is so-called because it minimizes the sum of the squared 

errors.  That is, the least squares identification algorithm determines the set of model 

parameters G that minimizes the scalar value given by 
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3.2  Primary and Normalized Residuals 

According to the local detection approach, disturbance detection is based on 

determining if the mean value of a residual vector has changed (Basseville 1998).  The 

appropriate residual vector is not the normal prediction error residual but rather a 

residual called the primary residual.  The primary residual is the derivative of the 

minimization function used for identification with respect to the model parameters 

(Basseville 1998).  For least squares identification of FIR models, the primary residual 

is the derivative of Equation 3.10 with respect to each of the model parameters in G.  

This is given by 

 ∑∑
∑

+=+=

+= −−−−=
∂
∂

−=
∂

⎟
⎠

⎞
⎜
⎝

⎛∂
N

nt
i

T
N

nt ijij

N

nt jtutGxty
g

tete
g

te

11

1

2

)())1()((2)()(2
)(

 (3.11) 

Based on the result of Equation 3.11, define 
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where Kij(G,y(t)) is the value of the primary residual for the jth model coefficient of 

the ith independent variable at time t based on the predictions of model G and the 

measured value y.  Kij(G,y(t)) is a single element of the full primary residual matrix 

which is given by 
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The primary residual matrix K(G,Y) is the same size as the matrix X from Equation 

3.4.  As the notation suggests, the primary residual matrix is a function of the model G 

which is used to generate the predicted values.  The primary residuals also depend on 

the measured values Y which will be discussed more in Chapter 4.  Each column of 

K(G,Y) corresponds to one of the model coefficients.  The mean value of all elements 

in K(G,Y) is zero if the model G is correct but nonzero if the model G is corrupted. 

Thus, the mean value of the primary residual matrix can be used to diagnose 

whether the model is correct or not.  However, the distribution of the values is 

unknown.  To test for a statistically significant change in mean, it would be useful to 

have an improved residual with a known distribution and the same mean value as the 

primary residual (Basseville 1998).  This is accomplished by generating a normalized 

residual ),( YGζ  which is calculated according to 
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Equation 3.14 simply describes summing each column of K(G,Y) and dividing by the 

square root of the number of rows in K(G,Y).  ),( YGζ  is a vector with the same mean 

as K(G,Y) but with a normal distribution, thus the name normalized residual.  The 

proof that ),( YGζ  is normally distributed is based on the central limit theorem and 

has already been presented by Dong and Riggs (2008). 

Now the presence of a disturbance can be detected by a nonzero mean of the 

normally distributed vector ),( YGζ .  A χ2 test can determine if the mean of a 

normally distributed vector has changed significantly.  To calculate the χ2 values 

required for this test, it is necessary to know the covariance of the primary residuals.  

There are many ways to estimate the covariance matrix, but the most convenient 

method is to break the data into M segments of data each containing L observations 

(Dong and Riggs 2008).  Using this approach, the normalized residual is calculated for 

each data segment individually by applying Equation 3.14 to give 
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Then use the result of Equation 3.15 to calculate the covariance Σ(G) by using 

Equation 3.16 
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Again, the covariance matrix is explicitly a function of the model G used to generate 

the primary and normalized residuals.  The covariance matrix is also an indirect 

function of the sampling size L used.  The effect of L is investigated in Chapter 5.  The 
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covariance matrix is a square matrix with the number of rows equal to the number of 

coefficients in the model G.  The inverse of the covariance matrix is denoted by         

Σ-1(G). 

With the normalized residual vector and the covariance matrix, it is now 

possible to calculate the value of the χ2 test statistic ( ) using Equation 3.17 2
globalχ

 ),()(),( 12 YGGYG T
global ζζχ ∑ −=  (3.17) 

This  value is calculated in a sliding window to diagnose the location of the 

disturbance.  A threshold value can be found in a standard chi-squared table with an 

arbitrarily selected false alarm rate and the degrees of freedom equal to the number of 

coefficients in the model G.  The selection of the threshold will be discussed in more 

detail in Chapter 4.  This threshold indicates a disturbance is present if the value of 

 is greater than the threshold. 

2
globalχ

2
globalχ

 

3.3  The Multivariable Case 

Dong and Riggs (2008) considered only SISO cases.  They suggested that 

multi-input multi-output (MIMO) cases could be handled as an array of SISO cases.  

This only works if the dataset contains excitation in only one independent variable at a 

time as was the case in the simulations performed by Dong and Riggs.  In industrial 

data sets, multiple independent variables are almost always moved simultaneously.  If 

this sort of data is processed as SISO data, the effects of all other independent 

variables will effectively be unmeasured disturbances. 
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To address this problem, the algorithm presented by Dong and Riggs has been 

modified to perform calculations as multi-input single-output (MISO) cases.  This 

method considers the effects of all independent variables simultaneously.  It is not 

necessary to consider more than one dependent variable at a time because the form of 

the FIR model explicitly assumes there is no interaction between dependent variables.  

This is the same reason that industrial software uses a MISO formulation for least 

squares identification of FIR models. 

Modifying Dong and Riggs’s methodology for the MISO cases simply 

involves extending the number of terms in Equation 3.1 to include multiple 

independent variables.  This in turn requires augmenting the matrix of independent 

variables (Equation 3.4) and model coefficients (Equation 3.6) to reflect the extended 

form of Equation 3.1.  These matrices are then handled the same way in all subsequent 

calculations regardless of their internal form.  All the equations presented in sections 

3.1 and 3.2 are already in MISO form.  To recover the SISO formulation used by 

Dong and Riggs, simply replace Equation 3.1 by Equation 3.18.  Then replace 

Equations 3.3 and 3.4 by Equation 3.19.  Finally replace Equations 3.5 and 3.6 by 

Equation 3.20. 
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 [ ]nn ggggG 121 −= L  (3.20) 

All other equations remain the same because the matrices X and G have the 

appropriate simplification imbedded in them. 
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CHAPTER 4 

IMPLEMENTATION PROCEDURE 

This chapter describes specifically how the algorithm developed in Chapter 3 

is implemented for disturbance detection. 

 

4.1  Model Identification 

The asymptotic detection method applies to FIR models identified by the least 

squares algorithm.  The standard least squares identification algorithm is well 

understood, and it is the basic identification method used in many industrial 

identification packages.  However, the raw models identified by the least squares 

algorithm are rarely appropriate for use in model predictive controllers.  Industrial 

implementations usually employ one or more of the following techniques: 

• Model smoothing 

• Manually adjusting model gains 

• Manually adding deadtime 

• Using different times to steady state for each independent-dependent model 

• Using special techniques such a convolution to indirectly identify models 

While these techniques may improve control in industrial processes, they break the 

statistical basis of model identification.  Therefore, these techniques are outside the 

scope of the disturbance detection algorithm.  To detect disturbances, it is necessary to 

use the raw least squares models.  Once the disturbances have been sliced out of the 
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data set, all these other techniques can be applied normally if necessary.  It should be 

noted that if disturbances are removed, the raw models identified will be more 

accurate and may require less manual manipulation. 

In this study all models used were identified based on the following guidelines: 

• Only the raw results of the least squares algorithm are used without any 

smoothing or other manual manipulations.  The identification was performed 

using Cutler Technology Corporation’s UPID software for convenience. 

• For each dependent variable, all independent-dependent models use the same 

time to steady state. 

• All models were identified using all independent variables.  There was no 

selective grouping of independent variables for any case. 

 

4.2  Data Linearization 

Disturbance detection essentially relies on answering the question “Is this 

model significantly different than the true process model?”  This theoretically requires 

the availability of the true process model.  Because the true process model will never 

be available, a model which is better than the model being evaluated can be used 

(Zhang et al. 1994, Dong and Riggs 2008).  A simple way to obtain an improved 

model is to linearize the training data.  Because least squares identification of FIR 

models is a linear technique to identify linear models, more linear data will give better 

models.  To distinguish between the models, the model identified from the raw data 
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will be referred to as the “raw model,” and the improved model identified from the 

linearized data will be called the “linearized model.” 

Linearization can be accomplished by plotting the predictions of the raw model 

against the measured values of the dependent variable.  Then draw a piecewise 

transformation through the resulting data (Figure 4.1).  Move all prediction values 

onto this piecewise linear transform, and the resulting data is then the linearized data 

(4.2).  This technique is shown for an arbitrary set of data in Figures 4.1 and 4.2.  This 

data was generated using the same simulator as Dong and Riggs (2008) used, but the 

source of the data in no way affects the linearization procedure. 

 
Figure 4.1: Raw predictions (y-axis) vs measured data (x-axis).  Based on this plot, a 
piecewise linear transform is selected to pass through most of the data. 
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Figure 4.2: The linearized data (y-axis) vs. measured data (x-axis).  Notice all data lies 
along the piecewise transform. 
 

Once the linearized data is obtained, a linearized model is identified the same 

way the raw model was identified.  Then the linearized model is used to generate 

linearized predictions.  This leaves two models and four forms of the dependent 

variable vector: 

• Ĝ - the raw model: A vector of the form of Equation 3.6 containing the model 

parameters identified from the raw data 

• 0G - the linearized model: A vector of the form of Equation 3.6 containing the 

model parameters identified from the linearized data; this is the improved 

model used in place of the true process model 

Y - the raw data: A vector of the form of Equation 3.8 containing the raw 

output data collected from the plant test 

• 
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• Ŷ - the raw predictions: A vector of the form of Equation 3.2 containing th

predictions made by model Ĝ  

e 

e  by the procedure discussed in this section 

g 

e 

used on any given data set.  To quantify how much the linearization process changes 

the raw

• LY - the linearized data: A vector of the form of Equation 3.8 containing the 

linearized output data generat d

• LŶ - the linearized predictions: A vector of the form of Equation 3.2 containin

the predictions made by model 0G ; this is NOT a linearized form of the 

raw predictions, it is a separate set of predictions made by the linearized 

model G0 

Not all data has equal nonlinearity, and different piecewise transforms could b

 data, a statistic called the “degree of linearization” can be used (Dong and 

Riggs 2008).  The degree of linearization is calculated according to Equation 4.1 

 ∑
= −

−
=

N

t

L

tyty
tyty

N
DL

1 )()(ˆ
)()(1  (4.1) 

Alternatively, the linearization of the raw data can be done by selecting the degree of 

linearization a priori and then using Equation 4.1 with known raw data and raw 

predictions to calculate the unknown values of the linearized data at each time.  This 

produces a different but equally useful linearized data vector.  This alternative 

technique was used for all cases presented in this thesis. 
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4.3  Algorithm Implementation for Disturbance Detection 

The application of the asymptotic detection algorithm is not as simple as the 

development presented in Chapter 3 because there are two models, two prediction 

vectors, and two dependent data vectors.  First, it is necessary to calculate the 

covariance matrix of the true primary residual matrix.  Calculating the true primary 

residual matrix requires the true process model and uncorrupted data, but since this is 

not available the linearized model and linearized data are used.  Begin by finding the 

primary residual K(G0,YL) using Equations 3.12 and 3.13.  Use ),( 0, LLM YGζ  from 

Equation 3.15 to calculate the covariance matrix Σ(G0) with Equation 3.16. 

Next it is necessary to calculate the  values.  For disturbance detection, 

the relevant question is “Can the measured raw data be predicted by the true (or 

improved) process model?”  This is accomplished by using the raw data and linearized 

predictions to find the primary residuals K(G

2
globalχ

,( 0 YG

0,Y) using Equations 3.12 and 3.13.  Use 

K(G0,Y) to obtain the normalized residual )ζ  from Equation 3.14.  Now it is 

possible to calculate the  values by 2
globalχ

 ),()(),( 00
1

0
2 YGGYG T
global ζζχ ∑ −=  (4.2) 

Determining the specific location of the disturbances requires that  be calculated 

in a sliding window.  This is done by calculating the normalized residuals from the 

single matrix K(G

2
globalχ

0,Y) using only a finite window of time values.  The inverse 

covariance matrix is calculated only once using the entire data set, so it maintains the 

same value in each window. 
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4.4  The Improved Threshold 

Once the  values are calculated, it is necessary to determine the 

threshold value which is used to determine if a disturbance is present.  The obvious 

threshold is the threshold value taken from a standard chi-squared table with the 

desired confidence level and the number of degrees of freedom equal to the number of 

coefficients in the model.  Call this value from the standard chi-squared table .  

It has been shown that if this value is used as the threshold, the false alarm rate will be 

higher than the defined confidence level suggests (Dong and Riggs 2008).  This is 

because the linearized model is used in place of the true model.  To compensate for 

this fact, Dong and Riggs developed an improvement to the threshold.  They derived 

this improvement based on a Taylor series expansion of the normalized residual, and 

the proof can be found in their paper.  Only the result is presented here.  The improved 

threshold value is 

2
globalχ

2
ndardstaχ

 2222 )( φχχ += ndardstaimproved  (4.3) 

where  is given by 2φ

 ( )∑−

−
=

1
0

2
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nN
DL Tζζφ  (4.4) 

The normalized residuals  in Equation 4.4 are based on the raw data and raw 

predictions, and the covariance matrix is the same matrix used in Equation 4.2 which 

was calculated from the linearized data and linearized predictions.  DL is the degree of 

linearization calculated by Equation 4.1.  Equation 4.4 is similar in form to Equation 

),ˆ( YGζ
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4.2, but it should be noted that the  value in Equation 4.4 and the improved 

threshold in Equation 4.3 are each calculated only once for the entire data set. 

2φ

 

4.5  Data Normalization 

Equations 4.2 and 4.4 both require calculating the inverse of the covariance 

matrix.  It is therefore relevant to consider the conditioning of this matrix.  The 

covariance matrix is based on the primary residual matrix which has a block form with 

the each independent variable being represented by a distinct group of columns.  

Independent variables may be several orders of magnitudes apart in value.  In 

processing such data, it was found that this may result a covariance matrix that is 

singular within the double precision used by the computer.  In such a case, it is clearly 

not possible to perform the detection analysis because the covariance matrix cannot be 

inverted.  Dong and Riggs (2008) did not encounter this problem because they only 

used SISO cases with a single independent variable. 

In order to correct this problem, the data from each data vector can be 

normalized before processing by the asymptotic detection method.  Normalization is 

done by simply dividing all data values by the largest absolute value in that vector.  

Each independent variable was normalized independently.  For each dependent 

variable, the raw data, raw predictions, linearized data, and linearized predictions 

should all be normalized by a single value because all four of these vectors are really 

just altered forms of each other.  This simple normalization is a linear operation, so it 

does not affect the detection ability for FIR models which are themselves linear. 
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Using this normalization procedure does not guarantee a well-conditioned 

matrix, but it was successful in all cases studied for this thesis.  Normalization can be 

done either before all the data vectors and models have been generated or before 

identifying the first raw models.  Either way will produce the same results. 

 

4.6  Implementation Procedure Summary 

It is useful at this point to summarize the procedure presented above for 

detecting the location of disturbances in a MPC training data set.  The procedure 

should be applied iteratively.  In the first iteration, only the largest disturbances may 

be identified, but once these have been removed it may be possible to also identify 

smaller disturbances in subsequent iterations (Dong and Riggs, 2008).  Iterations can 

continue until no bad data remains or the user decides to stop.  Remember also that the 

algorithm is applied to only one dependent variable at a time.  The following 

procedure must be followed separately for each dependent variable in the model: 

1. Identify the raw model using least squares identification. 

2. Generate the raw predictions based on the raw model. 

3. Select the desired degree of linearization and generate the linearized data 

according to Equation 4.1.  Alternatively, use a piecewise linear transform to 

linearize the data, and calculate the degree of linearization using Equation 4.1. 

4. Identify the linearized model based on the linearized data and least squares 

identification. 

5. Generate the linearized predictions based on the linearized model. 
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6. Normalize the data.  This could be done before step 1 if desired. 

7. Calculate the linearized prime residual K(G0,YL) based on the linearized data 

and linearized predictions using Equations 3.12 and 3.13. 

8. Calculate the covariance matrix of K(G0,YL) according to Equations 3.15 and 

3.16. 

9. Calculate the inverse of the covariance matrix.  It is recommended that the 

condition number of the covariance matrix be checked as part of the inversion 

procedure. 

10. Calculate the prime residual ),ˆ( YGK  based on the raw data and raw 

predictions using Equations 3.12 and 3.13.  

11. Calculate the normalized residual ),ˆ( YGζ  based on the result from step 9 and 

Equation 3.14. 

12. Select the desired false alarm rate, and find 2
ndardstaχ  from a standard chi-

squared table with the number of degrees of freedom equal to the number of 

total model coefficients. 

13. Calculate the improved threshold using Equations 4.3 and 4.4. 

14. Calculate the prime residual ),( 0 YG  based on the raw data and the linearized 

predictions. 

K

15. In a moving window, calculate the normalized residual ),( 0 YGζ  by Equation 

3.14.  In the same moving window, calculate the 2
globalχ  value using Equation 

4.2. 
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16. Compare the 2
globalχ  values with the improved threshold.  Conclude that the 

data contains the effect of disturbances where the 2
globalχ  values are greater 

than the improved threshold. 

17. Remove the data with disturbances identified in step 15 and begin again at step 

1 using the reduced data set. 

In this study, steps 1, 2, 4, and 5 were done using Cutler Technology Corporation’s 

UPID software.  Step 3 was done using a MATLAB program, the code for which is 

presented in Appendix A.  Steps 6-15 were performed by a Fortran program which is 

presented in Appendix B. 
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CHAPTER 5 

EFFECT OF SAMPLING NUMBERS ON DETECTION RESULTS 

Chapter 3 and Chapter 4 both describe how the covariance matrix and the 

 values are each calculated by sampling portions of the data.  It is reasonable to 

expect that the size of these samples would have an effect on the results of the 

asymptotic detection method.  For convenience, define two new terms: 

2
globalχ

• Covariance sampling number- The number of observations used in Equation 

3.15 to calculate the normalized residuals which are in turn used to calculate 

the covariance matrix.  The covariance sampling number is the value L in 

Equation 3.15. 

• χ2 sampling number- The size of the moving window in which the 2
globalχ  

values are calculated. 

Dong and Riggs (2008) found sampling numbers that were appropriate and 

useful for the cases they considered, but they did not address how these numbers 

were obtained.  This chapter examines systematically the effect of sampling 

number on the detection results. 

 

5.1  Simulation Data 

To investigate the effect of sampling numbers, a set of data was generated 

using the same simulator employed by Dong and Riggs (2007).  This is a detailed, 

nonlinear simulation of a fluidized catalytic cracking unit with two independent and 
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two dependent variables.  For this application, the system was noise-free  The 

independent variables are the position of the valve controlling combustion air into the 

regenerator and the position of the valve controlling regenerated catalyst flow back 

into the reactor riser.  The dependent variables are the riser outlet temperature and the 

oxygen composition of the flue gas leaving the regenerator.  The weight ratio of heavy 

to light fuel oil in the feed is used as an unmeasured disturbance.  The disturbance was 

stepped up and held for 1500 minutes before being stepped back down.  The total data 

set is about 12100 minutes long.  The data vectors are given in Appendix C.  Models 

were identified with times to steady state of 30 minutes, 60 minutes, and 120 minutes.  

The asymptotic detection algorithm was then applied to each of these models.  Both 

the covariance sampling number and χ2 sampling number were varied by factors of 2 

from 15 minutes to 960 minutes.  By examining the results of these 294 models, the 

relevant trends were identified.  The trends were consistent for both dependent 

variables in all three models over the whole range of sampling numbers used.  

Therefore, only representative samples of the results are presented below. 

 

5.2  Effect of Covariance Sampling Number 

Figure 5.1 shows several plots of how the detection results change with 

different covariance sampling number for a given value of the χ2 sampling number.  

Both dependent variables are represented, and the covariance sampling number 

increases from left to right. 
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Figure 5.1:  The  values and thresholds as a function of sample number for each 
dependent variable over a range of covariance sampling numbers with a fixed χ

2
globalχ

2 
sampling number.  The straight green line is the improved threshold and the blue line 
is the  values.  The top row of plots is for the riser outlet temperature.  The 
bottom row of plots is for the flue gas oxygen concentration.  In each row, the values 
of the covariance sampling number from left to right are 15, 120, and 960.  The  
values for the last plot in each row actually extend up to approximately 32,000.  The 
disturbance occurs between samples 3100 and 4600. 

2
globalχ

2
globalχ

 
Figure 5.1 shows several trends.  Increasing the covariance sampling number 

exaggerates the narrow peaks in the data while suppressing the more gradual overall 

trends.  This effectively makes the data “spikier.”  However, the spikes remain in the 

same locations with roughly the same relative heights.  Changing the covariance 

sampling number changes both the  values and the threshold (Equation 4.2 and 

Equation 4.4).  As the value of the covariance sampling number continues to increase, 

its effect on the threshold value diminishes while it continues to have a strong effect 

on the  values.  This has the net effect of identifying a larger portion of the data 

2
globalχ

2
globalχ
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as disturbed.  In all the cases shown here, there is a clear region of data with the most 

elevated  values, and this area corresponds to the period when the disturbance 

variable was stepped.  Although changing the covariance sampling number changes 

the contour of the plots, it does not change the basic region where the disturbance is 

indicated. 

2
globalχ

Figure 5.2 shows how models with different times to steady state are affected 

by different covariance sampling numbers.  Only the riser outlet temperature is 

considered in this figure. 
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Figure 5.2:  The  values and thresholds for different covariance sampling 
numbers and different model lengths.  The straight green line is the improved 
threshold and the blue line is the  values.  The first column represents results 
from a 30 minute model.  The second column represents results from a 60 minute 
model.  In the first row, the covariance sampling number is the same for both plots.  In 
the second row, the ratio of covariance sampling number to model length is the same 
(i.e. the 60 minute plot has a covariance sampling number twice as large as the 30 
minute plot).  Note, both plots in the left column are the same, but they are duplicated 
for easier comparison across the rows. 
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In Figure 5.2, the plots with the same covariance sampling number are more 

similar than the plots with covariance sampling numbers proportional to model length.  

The plots with the same covariance sampling number are not identical because the 

underlying models are different.  Figure 5.2 shows that it is the absolute value of the 

covariance sampling number that is more important than the relationship between 

sampling number and model length.  The unfortunate corollary of this conclusion is 

that there is no way to know a priori what will be the best covariance sampling 

number to use. 
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The covariance sampling number can merely be adjusted as desired based on 

an understanding of how its magnitude changes the results, as shown in Figure 5.1.  

The redeeming quality is that Figure 5.1 also shows the covariance sampling number 

does not fundamentally change the area of data that is clearly the most affected by 

disturbances.  In fact, in Figure 5.2 the 60 minute model results are more similar to 

each other than either is to the 30 minute plot.  This shows that it is really the models 

being evaluated which have the most important effect on results. 

 

5.3  Effect of χ2 Sampling Number 

Figure 5.3 shows how the detection results change when the covariance 

sampling number is held constant and the χ2 sampling number changes.  
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Figure 5.3:  The  values and thresholds as a function of sample number for each 
dependent variable over a range of χ

2
globalχ

2 sampling numbers with a fixed covariance 
sampling number.  The straight green line is the improved threshold and the blue line 
is the  values.  The top row of plots is for the riser outlet temperature.  The 
bottom row of plots is for the flue gas oxygen concentration.  In each row, the values 
of the χ

2
globalχ

2 sampling number from left to right are 15, 120, and 960.  Notice the last plot 
in each row has a different scale on the y-axis. 
 
Figure 5.3 shows that increasing the χ2 sampling number has basically the opposite 

effect as increasing the covariance sampling number.  Increasing the χ2 sampling 

number smoothes the  values and reduces their magnitude.  This is reasonable 

because selecting a larger range of observations will tend to make single values less 

significant.  This will naturally suppress sharp peaks and reduce the overall magnitude 

of the  values.  Of course changing the χ

2
globalχ

2
globalχ 2 sampling number does not affect the 

improved threshold because the χ2 sampling number is not used in the calculation of 

the threshold. 

42 



Texas Tech University, Cade Hodgson, August 2008 

These results show that it is impossible to say increasing the χ2 sampling 

number has the definite result of identifying more or less bad data.  This depends on 

the nature of the data.  Lower χ2 sampling numbers tend to make the disturbed data 

identification more precise because the spikes are abrupt, but larger χ2 sampling 

numbers make the disturbed data more obvious by suppressing extraneous spikes.  

Individual users must make a personal decision about which of these options they 

prefer.  As with the covariance sampling number, the χ2 sampling number can change 

the appearance of the results, but there is still a single section of data that is clearly the 

most disturbed.  This section of data correctly corresponds to the location of the 

disturbance. 

It is reasonable to expect that how the χ2 sampling number affects the results 

may depend on the model’s length.  Figure 5.4 shows how sampling number and 

model length each affect the detection results. 
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Figure 5.4:  The  values and thresholds as a function of sample number with 
different model lengths.  The straight green line is the improved threshold and the blue 
line is the  values.  The first column represents results from a 30 minute model.  
The second column represents results from a 60 minute model.  In the first row, the χ

2
globalχ

2
globalχ

2 
sampling number is the same for both plots.  In the second row, the ratio of χ2 
sampling number to model length is the same (i.e. the 60 minute plot has a χ2 sampling 
number twice as large as the 30 minute plot).  Both plots in the left column are the 
same, but they are duplicated for easier comparison across the rows. 
 
As in Figure 5.2, the plots with the same χ2 sampling numbers are more similar than 

the ones with χ2 sampling number proportional to model length.  This shows that the 

absolute value of the sampling number is more important than the relationship 

between sampling number and time to steady state.  These results mirror the 

conclusions drawn about covariance sampling number.  Again, this makes it 

impossible to predict a priori what the best χ2 sampling number would be. 

Also notice that the results from the 60 minute model are more similar to each 

other than to the 30 minute model results.  This is a good result because the identified 
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model is what is really being evaluated to detect disturbances.  The χ2 sampling 

number is simply an arbitrary value which, like the covariance sampling number, can 

be used as a tuning factor.  These results show that the actual model under 

consideration is the most important factor in disturbance detection, and the sampling 

numbers do not fundamentally change the results. 

 

5.4  Selecting the Appropriate Sampling Numbers 

The above results show that the same areas of data have the most elevated 

 values regardless of sampling number.  The location of the disturbed data does 

not change based on the sampling number.  While this means that arbitrarily choosing 

the sampling numbers can be sufficient for disturbance detection, some sampling 

numbers may produce plots that are more easily interpreted.  In other words, while 

there are no right or wrong sampling numbers, some sampling numbers are more 

useful than others. 

2
globalχ

Choosing the appropriate sampling numbers is neither simple nor 

straightforward.  Despite running hundreds of sampling number combinations on the 

above data and experimenting with the results of sampling numbers on other data sets, 

no way of determining a priori the best sampling numbers has been determined.  

Furthermore, all data sets have the same qualitative trends, but making equal changes 

to sampling numbers in different data sets produces different amounts of change in the 

χ2 plots.  The only way to determine the best sampling numbers is to generate results 

with a range of sampling numbers and select the results that seem best.  This would be 
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analogous to industrial model identification software which generates models for 

many different times to steady state and allows the user to select the desired model.  

To avoid the difficulty of generating several χ2 plots, it is more practical just to select 

values for the covariance sampling number and the χ2 sampling number, and then 

interpret the results as they appear.  Because the sampling number does not change the 

results of the asymptotic detection method, arbitrarily picking sampling numbers is 

equally effective and much easier than trying to iteratively determine the “best” 

sampling numbers. 

Different users can disagree about which χ2 plot is the best.  It is desirable to 

have a covariance matrix which converges to a consistent value.  This requires large 

covariance sampling numbers, but Figure 5.1 shows that large covariance sampling 

numbers lead to “spiky” data which can be harder to interpret.  Conversely, large χ2 

sampling numbers produce smoother data which may make disturbance detection 

easier.  However, large χ2 sampling numbers also create more uncertainty about 

exactly where the disturbance occurs because so many data points are used to calculate 

each single  value.  Also, smoother plots have less abrupt increases in  

values which makes disturbance identification less precise.  These tradeoffs mean that 

even if the plot features could be predicted a priori, the relative quality of plots 

depends on personal preferences and judgment. 

2
globalχ 2

globalχ
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5.5  Summary of Sampling Number Effects 

In summary, the length of the model’s time to steady state does not change 

how sampling numbers affect the detection results.  Larger covariance sampling 

numbers lead to 

• More data identified as bad 

• Larger and more abrupt spikes with less obvious underlying trends in the 

2
globalχ  values 

• Smaller changes in the improved threshold as the covariance sampling number 

continues to increase 

Larger χ2 sampling numbers lead to 

• Smoother 2
globalχ  plots 

• Smaller magnitudes of 2
globalχ  values 

• No change in the improved threshold value 

The sampling numbers do not change the fundamental results of the asymptotic 

detection method.  The disturbances are clearly identified in the same place regardless 

of sampling number.  There is no way to know a priori what will be the best sampling 

numbers to use, but the model being evaluated is more important to the results than the 

sampling number.  The sampling numbers could thus be considered a kind of tuning 

factor.  It is important to reiterate that the trends described above applied consistently 

for different dependent variables over a wide range of sampling numbers and three 

different model lengths. 
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CHAPTER 6 

EFFECT OF MODEL FORM ON DETECTION RESULTS 

Finite impulse response (FIR) is the term used to describe a linear, discrete, 

non-parametric time series model of the form given in Equation 3.1.  However, this 

model can be applied in either the impulse response or step response form.  It is easy 

to convert models from one form to the other.  In industrial software, the impulse 

response form is used for model identification, but the step response form is used for 

control.  It is important to address how the choice between these model forms will 

affect the results of the asymptotic detection method. 

 

6.1  Model Forms 

If a step is made in an independent variable, then the dependent variable will 

respond over time to that step.  In industrial systems, the process values are sampled at 

discrete times.  This is represented graphically in Figure 6.1.   
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Figure 6.1:  A schematic showing the response of a dependent variable to a step 
change in an input variable at time 0.  The vertical lines show the sampled data points. 
 
The size of the independent variable step ( iuΔ ) at time 0 and the measured dependent 

values from Figure 6.1 are known.  With this information the values of the model 

coefficients in the step response form of the model are given by (Riggs and Karim 

2006) 

 
i

ij u
yjya

Δ
−

=
)0()(  (6.1) 

Each coefficient from Equation 6.1, is then used to build the model as in Equation 3.5.  

The step response form of the model is used for control to predict the actual future 

values of the dependent variable.  In model identification, the step response form of 

the data can be corrupted by disturbances at any previous time.  This is because the 

current value inherently depends on what the previous values were.  To make 
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identification more robust to drifting disturbances and to facilitate data slicing, 

impulse response forms of the model are used. 

The impulse response model coefficients (bij) are related to the step response 

coefficients (aij) by 

  (6.2) 
⎩
⎨
⎧

>−
=

=
− 1for

1for

)1( jaa
ja

b
jiij

ij
ij

Equation 6.2 simply describes taking the difference between consecutive step response 

parameters.  Applying this form of the model also requires using the difference 

between consecutive values of the dependent variable.  This breaks any dependence to 

previous values because only the relative values of the two most recent data points are 

relevant.  Using Equation 6.2, it is easy to convert from the impulse response to step 

response form of the model and vice versa.  Of course, Equations 6.1 and 6.2 are not 

actually used for model identification.  They merely illustrate the physical meaning of 

the coefficients. 

 

6.2  Disturbance Detection 

The asymptotic detection method can theoretically be used equally well with 

either the step response or impulse response form of the model.  The only change to 

the algorithm is in the meaning of the model coefficients in Equation 3.5.  Dong and 

Riggs (2008) used only the step response forms of the model.  In order to determine 

the advantages and disadvantages of each model form, a study was done with 

simulation data.  This data was generated by the same simulator used in Chapter 5.  
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All the raw data used is provided in Appendix D.  The models used are just the step 

response and impulse response forms of the same model. 

Figure 6.2 shows the comparison between the impulse response and step 

response forms for each of the two dependent variables.  In these plots, the disturbance 

(heavy to light fuel oil ratio in the feed) was stepped up at 1320 and back down at 

2220.  Figure 6.2 shows that for both dependent variables, the step response form of 

the model was much better at identifying the disturbance.  The error in the exact 

location of the disturbance for the step response plots is within the size of the large χ2 

sampling number used.  The threshold value in the impulse response form marked all 

the data bad, and there was not even a clear elevation of the  values at the 

location of the disturbance. 

2
globalχ
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Figure 6.2:  The  values and thresholds for different dependent variables and 
different model forms.  The first column of plots represents the results of using the 
step response form of the model.  The second column represents the results of using 
the impulse response form of the model.  The first row is for the riser outlet 
temperature, and the second row is for the flue gas oxygen composition.  All plots 
were generated using the same sampling numbers.  The straight green lines are the 
improved thresholds and the blue lines are the  values. 
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A possible explanation for the results in Figure 6.2 is that the impulse response 

form of the model is intended to be robust in the presence of drifting process values.  

If the disturbance did not push the plant into a nonlinear region, then after one time to 

steady state a step disturbance is merely equivalent to drifting process data.  Because 

the impulse response model is intended to be unaffected by this, it is possible that 

there is no obvious peak in the  values because the model was not significantly 

affected.  There are two arguments against this.  The first is that the threshold 

identified all the data as bad.  If this explanation were correct, the threshold would be 

2
globalχ
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expected to identify all the data as good.  The second reason why this explanation is 

not plausible is based on the results represented by Figure 6.3. 

Figure 6.3 shows the same analysis as Figure 6.2, but this time a random walk 

disturbance was used instead of a step disturbance.  Because the random walk 

disturbance changes frequently, even an impulse response formulation cannot correct 

for the error induced.  With a random walk disturbance, the step response form of the 

model again obviously outperformed the impulse response model form. 
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Figure 6.3:  The  values and thresholds for different dependent variables and 
different model forms.  The first column of plots represents the results of using the 
step response form of the model.  The second column represents the results of using 
the impulse response form of the model.  The first row is for the riser outlet 
temperature, and the second row is for the flue gas oxygen composition.  All plots 
were generated using the same sampling numbers.  The random walk disturbance was 
applied from 2200 to 3700. 
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The results in Figure 6.2 and Figure 6.3 are striking.  The step response form 

was better than the impulse response form for two very different types of disturbance 

inputs.  Although the asymptotic detection method can be applied equally easily to 
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54 

either model form, the step response form is clearly more successful in identifying 

disturbances.  Furthermore, this is the model form that Dong and Riggs (2008) used 

successfully in all their work.  The step response form of the model is used throughout 

the other chapters in this thesis, including the work already presented in Chapter 5.
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CHAPTER 7 

INDUSTRIAL RESULTS PLANT A 

While Chapters 5 and 6 have built upon some of the original framework used 

by Dong and Riggs (2008), they have not answered any questions about the robustness 

of the asymptotic detection method to perform under conditions typical of industrial 

data.  To address this issue, LyondellBasell Industries has supplied data taken during 

an actual plant test which was used to build and implement a multivariable controller.  

LyondellBasell has supplied two separate sets of data from tests of two different 

plants.  Both data sets contain open loop data with independent manipulated variables 

which were stepped manually, independent feedforward variables which varied 

without control, and dependent variables which varied as a result of the independent 

variables and unmeasured disturbances.  This chapter addresses the data set taken from 

the plant which will be referred to arbitrarily as Plant A.  Chapter 8 will present results 

based on data taken from the plant which will be called Plant B.  Chapters 7 and 8 

only present the results with some short comments about the obvious conclusions.  

Chapter 9 will discuss in more detail what conclusions can be drawn and what these 

conclusions mean about the applicability of the asymptotic detection method for 

industrial data. 

To protect the proprietary nature of the industrial data, the variables have been 

renamed.  The dependent variables in Plant A will be referred to by the names ADep1, 

ADep2, …, ADep7.  The time to steady state for each dependent variable was selected 

independently, but for a given dependent variable the time to steady state is the same 
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in all iterations.  The covariance sampling number and χ2 sampling number were 

chosen arbitrarily and not revised to change the appearance of the plots, as 

recommended in Chapter 5. 

 

7.1  First Iteration 

As discussed in Chapter 4, the asymptotic detection method must be applied 

iteratively, and each iteration identifies the worst disturbances remaining until all data 

left is disturbance-free.  For each iteration, the  values were calculated and 

compared to the threshold value.  For the first iteration, the following plots (Figures 

7.1, 7.2, and 7.3) are indicative of the results obtained. 

2
globalχ
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Figure 7.1:  χ2 values for ADep1 in the first iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  This graph shows much 
data above the threshold value, and it does not look like any other χ2 plot obtained 
from this iteration. 
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Figure 7.2:  χ2 values for ADep2 in the first iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  There is a very distinct 
disturbance at the end of the dataset. 
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Figure 7.3:  χ2 values for ADep7 in the first iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  This plot also has a distinct 
disturbance at the end of the data set, but there is also some other data that appears to 
have disturbances. 
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Based on the results shown by Figures 7.1, 7.2, and 7.3, it was determined that 

since all the vectors exhibited a distinct spike in  values at the end of the data 

set, this last area of data would be sliced in every vector.  The less distinct peaks 

occurring in some dependent variables were ignored with the assumption that if these 

were significant disturbances, they would show a more distinct χ

2
globalχ

2 spike in subsequent 

iterations.  The slice for the vector ADep6 was made slightly earlier than for other 

vectors to reflect that the χ2 plot for this vector peaked earlier in time.  The issue of 

choosing slices and making different decisions than those strictly suggested by the 
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threshold is discussed more in Chapter 9.  Figure 7.4 shows the set of slices that were 

made in the dependent variables based on results of the first iteration. 

 
Figure 7.4:  Slices made in each dependent variable after the first iteration.  The extra 
slice in ADep1 was made because that portion of the original vector contains missing 
data.  Each row represents a dependent variable, and the width of the slice represents 
the range of data removed.  The grey slices are for missing data, and the blue slices are 
based on the above results. 
 
 
 
7.2  Second Iteration 

After the first set of slices was made, the asymptotic detection method was 

repeated starting with a new model identification.  The following plots (Figures 7.5, 

7.6 and 7.7) are indicative of the results generated in this second iteration.  As 

expected, the elevated  values in the first iteration which were not sliced out 

became more pronounced in the second iteration.  The number of data points shown 

2
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on the figures below is less than in the previous iteration because the slices made in 

the first iteration reduced the size of the data set. 
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Figure 7.5:  χ2 values for ADep1 in the second iteration.  Again, this dependent 
variable has a unique χ2 plot.  Much of the data is marked bad, but there are 4 distinct 
peaks of approximately equal magnitude which correspond almost exactly to the less 
distinct peaks in Figure 7.1.  All four of these peaks were sliced where indicated by 
the red boxes.  The straight green line is the improved threshold and the blue line is 
the  values. 2
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Figure 7.6:  χ2 values for ADep2 in the second iteration.  The data slices that were 
made are indicated by red boxes.  The straight green line is the improved threshold 
and the blue line is the  values.  This plot is representative of all plots generated 
by this run except the plot shown in Figure 7.5.  The slices in Figure 7.6 match up 
with “excited” regions in Figure 7.2 that were left unsliced. 
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Figure 7.7:  χ2 values for ADep7 in the second iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  The data slices that were 
made are indicated by red boxes.  This plot is similar qualitatively to Figure 7.6.  The 
shape of this plot is extremely similar to Figure 7.3 with the end of the data set sliced 
out. 
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In the second iteration there were clearly one or two sections of data in each vector 

that required slicing.  The appropriate data segments were sliced for each dependent 

variable, but in this iteration each variable was sliced uniquely with different locations 

and durations for the slices.  As Figure 7.8 shows, the slices appear to be clustered 

around two sample numbers: 5400 and 15000.  However, there is noticeable 

discrepancy in the exact start time, stop time, and duration of slices for each dependent 

variable. 

The fact that slicing for each dependent variable is not exactly uniform is 

expected.  Depending on the nature of the disturbance, it may not affect all variables.  
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The disturbance will also affect different variables at different times and for different 

durations depending on the dynamics of the process.  The advantages of unique slicing 

for each dependent variable are discussed in more detail in Chapter 9. 

 
Figure 7.8:  Slices made based on the results of the second iteration.  Each row 
represents a dependent variable, and the width of the slice represents the range of data 
removed.  The slices seem clustered around two times: 5400 and 15000.  ADep1 is 
unique.  The grey slices are for missing data, the blue slices are from the first iteration, 
and the green slices are for the second iteration. 
 
 
 
7.3  Third Iteration 

After the slices indicated in Figure 7.8 were made, a third iteration of the 

asymptotic detection method was performed.  The representative results for this 

iteration are presented in Figures 7.9, 7.10, and 7.11. 
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Figure 7.9:  χ2 values for ADep1 in the third iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  A large portion of the data 

appears disturbed, and there are no distinct peaks in the  values.  No slices were 
made based on these results. 
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Figure 7.10:  χ2 values for ADep2 in the third iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  A large portion of the data 

is marked as disturbed and the peaks in  values are not very clear.  No slices 
were made. 
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Figure 7.11:  χ2 values for ADep7 in the third iteration.  The straight green line is the 
improved threshold and the blue line is the  values.  There are no distinct peaks, 
but a large portion of data is above the threshold.  No slices were made. 
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For all variables in the third iteration, there are no sections of data that have 

uniquely high spikes in the  values, but a large portion of the  values lie 

above the improved threshold.  If all the peaks of approximately equal magnitude were 

sliced, not enough data would remain for reliable model identification.  Therefore, no 

slices were made and the iterations were ended.  This decision was made for purely 

practical reasons.  The problem of determining when “enough” data has been sliced is 

considered in detail in Chapter 9.  In this case, the decision was obvious. 
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7.4  Slicing Evaluation 

For comparison, Figure 7.12 shows the final set of slices determined by the 

asymptotic detection algorithm as described above, and Figure 7.13 shows the slices 

made by LyondellBasell based on knowledge of recorded disturbances during the test.  

The detection algorithm accurately detected that the end of the data test was not useful 

for identification.  LyondellBasell’s plant test log indicates that the formal test was 

actually ended where their global slice begins.  This occurred slightly before the 

global slice made by the detection algorithm.  The detection algorithm also seems to 

have replicated LyondellBasell’s slice around sample number 14400 although the 

exact start and end times vary considerably for each dependent variable, unlike the 

LyondellBasell slice which was a single, global slice for all independent variables.  

The other slices made by the disturbance detection algorithm do not seem to have a 

strong relationship to the other slices made by LyondellBasell.  The significance of 

these findings and the relative merits of each slicing set are discussed in much more 

detail in Chapter 9. 

Some of the LyondellBasell slices were global slices made because there was 

an analyzer failure noted, but there is no information available about how this analyzer 

relates to the function of the control scheme.  If this analyzer failure was simply for a 

variable that is not controlled during the test, then these slices are not really relevant 

for disturbance identification.  However, if the results of this analyzer were used for 

some feedback control loop (even if that control loop is not in the scope of the MPC 

controller), then faulty analyzer results could cause abnormal control loop 
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performance and thus a legitimate disturbance.  In short, these slices which occurred 

around sample number 2000 and 14000 may or may not be potential disturbances 

depending on how the analyzer is used in the existing control scheme. 

 
Figure 7.12:  The final set of slices made based on the results of the asymptotic 
detection algorithm.  The existence and significance of a pattern is discussed further in 
Chapter 9.  The grey slices are for missing data, the blue slices are for the first 
iteration, and the green slices are for the second iteration. 
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Figure 7.13:  The set of slices made by LyondellBasell which were used to identify the 
models currently used for control.  The blue slices are for disturbances, and the grey 
slices are for missing data. 
 

7.5  Model Evaluation 

As expected, making slices to the data changes the models identified in each 

iteration.  While several different behaviors were observed, there is no consistent trend 

in how the models changed in each iteration.  With a few exceptions that will be 

explained below, the changes in the models mostly consist of changes in gain without 

fundamental differences in the dynamics.  In the following figures, the models for 

each of the three iterations are shown along with a model generated using the slices 

applied by LyondellBasell.  These “industrial slicing models” are NOT the ones used 

in the current commissioned controller.  Although these industrial slicing models are 
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discussed below, these models should not be considered to be an indication of the tr

model.  The true model is unknown, and it is possible that one of the other mo

identified is closer to the true model than the industrial slicing model is.  The 

industrial slicing model is presented only to compare the ne

ue 

dels 

t results of slicing with 

plant te

 

dels identified.  This is indeed observed as 

represe

rst 

me plot, it is the 

second iteration which is closest to the industrial slicing model. 

st knowledge vs. the asymptotic detection method. 

The curves obtained in this analysis are not comparable to the curves in the

existing controller because of the limitations on model identification discussed in 

section 4.1.  Because the true process model is unknown, it is impossible to discuss 

which curves are better or if the asymptotic detection method is truly improving the 

models.  Because the asymptotic detection method is supposed to identify data that 

significantly affects the models identified, it is expected that the slices will at least 

produce a noticeable change in the mo

nted by the following figures. 

Some models like those shown in Figure 7.14 show a consistent trend.  The 

gain decreases steadily in each iteration, and the final curve identified lies closest to 

the industrial slicing curve.  Other models show change in each iteration, but there is 

no consistency to the direction.  Figure 7.15 shows an example of this where the fi

iteration is more similar to the third than to the second.  In this sa
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Figure 7.14:  Model curves for ADep7 per AInd6.  The gain in each iteration decreases 
by an approximately equal amount.  The final curve identified is closest to the 
industrial slicing curve.  First iteration=red; second iteration=blue; third 
iteration=pink; industrial slicing=green 
 

 
Figure 7.15:  Model curves for ADep6 per ADep5.  The gain increases from the first 
to second iteration but then decreases from the second to the third iteration.  The 
second iteration is the closest to the industrial slicing model.  First iteration=red; 
second iteration=blue; third iteration=pink; industrial slicing=green 
 

In other models such as those in Figure 7.16, there was not a significant change 

to the model in any iteration.  For this same dependent variable, models for other 

independent variables did have noticeable changes from iteration to iteration.  This 

shows that although the data is processed in MISO form, the detection algorithm can 
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identify a disturbance even if it significantly changes only one independent-dependent 

relationship.  In a few other models, the curve for the third iteration looks completely 

different than any of the other curves.  This occurred because the slices made for some 

dependent variables in the second iteration took place during the only data segment 

where independent variable AInd2 had significant moves.  As a result, the third 

iteration model for this independent variable as shown in Figure 7.17 is meaningless.  

If a fourth iteration had been performed with the severely sliced data, more curves 

would have had this same problem. 

 

 
Figure 7.16:  Models for ADep7 per AInd1.  There is not a significant change in any 
of the curves identified.  First iteration=red; second iteration=blue; third 
iteration=pink; industrial slicing=green 
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Figure 7.17: Models for ADep3 per AInd2.  The slices made in the second iteration 
removed all significant moves for this independent variable.  The resulting third 
iteration model is meaningless.  The second iteration curve is almost indistinguishable 
from the industrial slicing curve.  First iteration=red; second iteration=blue; third 
iteration=pink; industrial slicing=green 
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CHAPTER 8 

INDUSTRIAL RESULTS PLANT B 

This chapter very nearly parallels the material and presentation of Chapter 7.  

However, this chapter presents results for Plant B.  As with Chapter 7, many of the 

conclusions are reserved for more discussion in Chapter 9.  The dependent variables in 

Plant B have been renamed BDep1, BDep2, …, BDep7.  Different dependent 

variables used different model lengths, but for a given dependent variable the same 

time to steady state is used in every iteration.  The sampling numbers were chosen 

according to the recommendation made in Chapter 5 that the numbers be selected 

arbitrarily then the relative values of  be used to diagnose the locations of 

disturbances. 

2
globalχ

 

8.1  First Iteration 

This section presents the results from the first iteration of Plant B.  These 

results used the full data set from Plant B.  The following figures are representative of 

the plots obtained. 
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Figure 8.1:  The χ2 plot for BDep2 generated by the first iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  The data contains two regions of obviously elevated  
values.  A substantial portion of the total data set is above the improved threshold.  
The two slices made are outlined by the red boxes. 
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Figure 8.2:  The χ2 plot for BDep4 generated by the first iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  The data contains one region of obviously elevated  
values.  Only the highest peaks were sliced as outlined by the red box.  Several smalle
peaks were ign
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ored. 
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Figure 8.3:  The χ2 plot for BDep7 generated by the first iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  The data contains one very broad region of obviously elevated 

 values.  Only the narrow section with the highest peaks was sliced as outlined 
by the red box. 
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Figures 8.1, 8.2, and 8.3 contain a variety of results, but all these variables 

have a distinct disturbance around sample number 5700.  Therefore, a slice was made 

in each variable around this point, but the exact start and duration of the slice varied 

slightly for some dependent variables.  Variable ADep2 was also given a second slice 

around sample number 2000 because the peaks here were actually higher than the 

peaks around the 5700 slice.  Some other areas of elevated  values were not 

sliced in this iteration, again with the understanding that if they were really significant 

they would appear more distinct in the second iteration.  Overall, the results from the 

2
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first iteration of Plant B appear qualitatively similar to the results from the first 

iteration of Plant A.  The data set for Plant B contains one result not present in the 

Plant A data set: BDep6 contains no disturbance.  As Figure 8.4 shows, BDep  n

data above the threshold value, and there is not even a distinct area of higher 2
globalχ  

values.  Therefore, it can be concluded that the models for BDep6 are not significantly

affected by disturbances, and t

6 has

r iterations 

o 

 

his variable can be excluded from all furthe

because it is already “clean.” 
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Figure 8.5 shows the full set of slices made in the first iteration.  Notice that 

the slices are tightly clustered around sample number 6000.  Variable BDep2 has the 

additional slice as indicated in Figure 8.1, and variable BDep6 has no slice. 

 
Figure 8.5:  The slices made in each dependent variable as a result of the first iteration 

 method.  Each row represents a dependent variable, and 
the width of the slice represents the range of data removed.  There is a tight cluster of 
slices a
and BDep6 contains no slices. 

After the slices from the first iteration had been made, the asymptotic detection 

method was applied again.  The figures presented in this section are representative of 

the complete set of results obtained. 

of the asymptotic detection

round sample number 6000.  BDep2 has an extra slice around data point 2000, 

 

8.2  Second Iteration 
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Figure 8.6:  The χ2 plot for BDep2 generated by the second iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  The data contains one broad region of obviously elevated  
values.  After this region of data is sliced as indicated by the red box, very little data 
remains. 
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Figure 8.7:  The χ2 plot for BDep4 generated by the second iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  The data contains three sections of potential disturbances.  Only 
the two sections where the disturbance appears to be more sustained were sliced as 
outlined by the red box. 
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Figure 8.8:  The χ2 plot for BDep7 generated by the second iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  The portion of elevated  values in Figure 8.3 that was not 
sliced is more pronouncedly elevated in this plot.  Therefore, the rest of this region 
was sliced as indicated by the red box. 
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Figure 8.6 shows that after the first iteration, a substantial portion of the data 

set already appears to be disturbed.  In Plant A, this occurred during the third iteration, 

and no slices were made.  Here there is arguably not enough data to make a third 

iteration after the slice indicated in Figure 8.6, but a third iteration was performed just 

to check the results.  The first slice in Figure 8.7 corresponds to a region of slightly 

elevated  values at the same sample numbers in Figure 8.2.  The second slice in 

Figure 8.7 corresponds to the region of data contiguous to the slice in Figure 8.2.  This 

data could arguably have been sliced in the first iteration, but the decision to leave it 

unsliced is justified by the fact that the second iteration identified this same region of 

2
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data as disturbed.  This mirrors the results obtained in Chapter 7.  Similarly, the slice 

in Figure 8.8 is in the same region of data that contained elevated  values 

adjacent to the slice in Figure 8.3.  Figures 8.7 and 8.8 have extremely similar 

contours at the end of the plots, but no slice was made in this region.  The total set of 

slices made in the second iteration is shown in Figure 8.9. 

2
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Figure 8.9:  The total set of slices made based on the conclusions of the second 
iteration.  Each row represents a dependent variable, and the width of the slice 
represents the range of data removed.  The blue slices are the result of the first 
iteration, and the green slices are the result of the second iteration. 
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8.3  Third Iteration 

Representative results of the third iteration are shown in the following figures. 
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Figure 8.10:  The χ2 plot for BDep2 generated by the third iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  While there is a small section of highest peaks, they are not as 
distinct as in previous iterations, and the data set is already very small.  No slices were 
made in this iteration. 
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Figure 8.11:  The χ2 plot for BDep4 generated by the third iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  Much of the data appears disturbed and the peaks are not as clear 
as in previous iterations.  No slices were made in this iteration. 
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Figure 8.12:  The χ2 plot for BDep7 generated by the third iteration of the asymptotic 
detection method.  The straight green line is the improved threshold and the blue line 
is the  values.  Much of the data appears disturbed and the peaks are not as clear 
as in previous iterations.  No slices were made in this iteration. 
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Figures 8.11 and 8.12 do not have peaks as clear as in the second iteration.  

Large portions of the data set appear to contain a disturbance, and there is no obvious 

way to select which specific portion should be sliced.  If all the seemingly disturbed 

data were sliced, very little data would remain.  Figure 8.10 has slightly clearer peaks, 

but the results are still not as conclusive as in previous iterations.  Because the results 

of Figures 8.11 and 8.12 are inconclusive and Figure 8.10 already has such a small 

data set, it was decided that no slices would be made and the iterations would be 

ended. 

 

87 



Texas Tech University, Cade Hodgson, August 2008 

8.4  Slicing Evaluation 

For Plant B, LyondellBasell used the complete data set without slices for 

identification.  Figure 8.13 shows the final set of slices made based on the above 

results.  Overall, the results are qualitatively very similar to the results from Plant A.  

The sections of data with slightly elevated  values which were left unsliced in 

one iteration had more distinct elevations in the next iteration.  This is especially clear 

with the set of slices clustered around sample number 6000.  Very narrow slices were 

made in the first iteration even though a broad region of data appeared possibly 

disturbed.  In the second iteration, it became clear that the rest of data in these broad 

regions also needed to be sliced, so the slices were widened.  Plant B is also similar to 

Plant A in that the iterations were ended because there were no longer distinct peaks, 

and slicing all data above the threshold would have left too little data remaining for 

reliable model identification.  As Figure 8.6 shows, there is arguably not enough data 

in some variables for even a third iteration.  The issue of determining when to stop the 

iterations is discussed in Chapter 9. 
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Figure 8.13:  The total set of slices made in the Plant B data set.  Each row represents 
a dependent variable, and the width of the slice represents the range of data removed.  
The blue slices are the result of the first iteration, and the green slices are the result of 
the second iteration. 
 

The slices in Plant B are clustered around two sample numbers: 2800 and 

6000.  This is similar to the results in Plant A, and it suggests that there is a real 

underlying disturbance which consistently affects multiple variables.  The exact start 

and duration of these slices varies for reasons which are considered in more detail in 

Chapter 9.  Plant B has the unique variable BDep6 which does not have any data that 

appears disturbed and thus requires no slices. 

 

8.5  Model Evaluation 

As with the results of Plant A, the true plant models are not and can not be 

known.  Therefore, it is impossible to say if the models in each iteration become better 
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or worse.  Regardless, it is expected that slicing the data will produce a noticeable 

change in the identified models because the asymptotic detection method identifies the 

most abnormal data.  Although the models do change from iteration to iteration, there 

is no pattern to how they change.  As mentioned, there were no industrial slices 

applied to this data set, so the industrial slicing models are simply the same as the first 

iteration models. 

In some models like the ones in Figure 8.14 there is a consistent and 

approximately equal change in each iteration, similar to Figure 7.14.  In other models 

there is significant change between the first and second iteration but then little change 

between the second and third (Figure 8.15).  Some models have different magnitudes 

and directions of change from the first to second and second to third iterations.  Figure 

8.16 shows an example of this where the second iteration has a slightly smaller gain 

than the original model, but the third iteration has a significantly larger gain than the 

original model.  This behavior is like that of the models from the Plant A data set 

shown in Figure 7.15. 
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Figure 8.14:  Models for BDep4 per BInd5.  There is consistent and roughly equal 
change in the curves for each consecutive iteration.  First iteration=red; second 
iteration=blue; third iteration=pink 
 

 
Figure 8.15:  Models for BDep5 per BInd4.  There is a noticeable change between the 
first and second iterations but negligible change between the second and third 
iterations.  First iteration=red; second iteration=blue; third iteration=pink 
 

91 



Texas Tech University, Cade Hodgson, August 2008 

 
Figure 8.16:  Models for BDep7 per BInd5.  The direction of gain change from the 
first to the second iteration is different than the change from the second to third 
iteration, but the model did change noticeably in each iteration.  First iteration=red; 
second iteration=blue; third iteration=pink 
 

The above figures demonstrate the wide range of behaviors shown by the 

identified models in each iteration.  Clearly, the data that was sliced did have a 

significant effect on some models.  Although slicing data will almost always change 

the models identified to some extent, if the data sliced out is good data that closely 

matches the model, then the new models will be less affected than if the data sliced in 

very corrupted.  The Plant B data set also has some models where there is little change 

between the first, second, and third iterations.  Figure 8.17 shows an example of this 

which is reminiscent of Figure 7.16.  As discussed in Chapter 7, this same dependent 

variable did have significant changes in the models for other independent variables at 

each iteration.  This indicates that in MISO processing, the asymptotic detection 

algorithm can identify disturbances that significantly affect only some independent-

dependent relationships for a given dependent variable. 
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Figure 8.17:  Models for BDep7 per BInd2.  There is minimal change between the 
models in each iteration.  First iteration=red; second iteration=blue; third 
iteration=pink 
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CHAPTER 9 

ANALYSIS AND CONCLUSIONS 

While Chapters 7 and 8 contain the raw results of analyzing the industrial data, 

they do not answer any questions about the efficacy or usefulness of the asymptotic 

detection method.  Chapters 7 and 8 primarily present and describe the results, but 

Chapter 9 analyzes the results in order to draw conclusions that can be applied when 

using the asymptotic detection method with other data sets.  Chapter 9 also discusses 

the strengths, successes, failures, and industrial usefulness of the asymptotic detection 

method. 

 

9.1  Improving the Improved Threshold 

In the simulation work performed by Dong and Riggs (2008), the asymptotic 

detection method effectively sliced out disturbed data.  Once all the disturbed data had 

been removed, all  values were below the improved threshold.  This never 

occurred in the results of Chapters 7 and 8.  In the industrial results, identification was 

stopped because so much data was marked bad that not enough good data remained 

for model identification.  Furthermore, in many cases such as Figures 7.1 and 8.2, the 

improved threshold seemed to be too low, slicing out more data than seemed 

appropriate.  In these situations engineering judgment overruled the raw results, but 

these issues raise a host of questions about the efficacy and usefulness of the improved 

threshold value.  Based on the results presented in Chapters 7 and 8, it appears that the 

2
globalχ
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improved threshold is not useful for industrial data sets.  It is now necessary to answer 

two key questions: “Without the improved threshold, how do I know what data is 

disturbed?” and “How do I know when to stop iterating?” 

9.1.1  Deciding when to stop iterating 

For both Plant A and Plant B, three iterations of the asymptotic detection 

method were performed, and the results of the first two iterations were used to make 

slices in the data.  No action was taken based on the third iteration for two primary 

reasons: 

• The 2
globalχ  values had less distinct peaks, so it was less obvious that a specific 

section of data contained a disturbance. 

• If all data with approximately equal peaks in the 2
globalχ  values were sliced, 

very little data would remain for model identification in the next iteration. 

It is well-known and well-documented that the least squares identification 

algorithm will tend toward identifying the true process model as the amount of data 

approaches infinity, provided the data is from a linear process under open loop with 

stationary disturbances (Ljung 1999).  It is also true that for a perfectly linear system 

with no noise and no disturbance, a very small amount of data can produce very nearly 

perfect models.  Because data from industrial processing plants contains noise, 

nonlinearity, and disturbances, smaller data sets result in less reliable models.  The 

question of how much data is enough then requires a very nuanced answer which 

depends on the control engineer’s judgment and tolerance as well as the nature of the 

plant dynamics, levels of disturbances and noise, nonlinearity, etc. 
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In an industrial setting, the control engineer usually relies on his intuition and 

some judgment about model quality to determine when he has enough data.  The 

suggested technique for determining when to stop iterating is to simply use personal 

judgment and intuition in the same way the duration of the original plant test is 

chosen.  This is the criterion used for the results obtained in this analysis.  Although 

this method is unsystematic, it has large precedent in industrial applications.  If 

desired, the reliability of the model can be quantified statistically, and then these 

results can be used to decide the adequacy of the data.  The statistical confidence 

interval around each model coefficient is a simple and widely understood statistic.  

These confidence intervals could be calculated at each iteration, and when they 

become unacceptably wide or balloon suddenly, iterations should be stopped because 

the identified models are no longer reliable.  While confidence intervals or other 

statistics can be more systematic, most engineers will probably shun them in favor of 

simpler intuition-based techniques. 

A separate but equally important issue is illustrated by Figure 7.17.  In this 

figure, the models are unreliable because a slice was made during the only moves for a 

particular independent variable.  This can occur even if a large volume of data remains 

unsliced.  It is impossible to continue model identification without moves in the 

independent variables.  If the raw results suggest that all moves for an independent 

variable need to be sliced out, the user has three basic options: 

• Stop iterating. 

• Exclude that independent variable from future iterations. 
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• Ignore the slice or reduce its length, and evaluate the results of the next 

iteration. 

When all moves for an independent variable are sliced out, it implies that the models 

for this independent variable do not adequately capture plant behavior.  Therefore, this 

is probably an indication that additional testing is required to identify reliable models 

for this independent variable. 

9.1.2  Alternatives to the improved threshold 

Based on the results such as those of Figures 7.1 and 8.2, it seems that the 

improved threshold is not a reliable indicator of what data should be sliced.  As such, 

the slices made for the Plant A and Plant B data sets largely disregarded the improved 

threshold.  Doing this requires that the improved threshold be replaced by some other 

criterion for identifying where the disturbances occur.  A rigorous analytical 

replacement to the improved threshold would be desirable, but as yet there is no such 

solution available.  It is possible that a test other than a χ2 test (e.g. a Six-Sigma type 

control chart or a CUSUM test) would be more reliable and useful, but this would be a 

fundamental departure from the theoretical framework Dong and Riggs (2008) used to 

develop the asymptotic detection method.  To avoid this, simply stipulate that the 

slices actually made should satisfy the following conditions: 

• Only sections of data with obviously and dramatically elevated 2
globalχ  values 

should be sliced. 

• Only sections of data with several consecutive bad 2
globalχ  values should be 

sliced. 
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• No data should be sliced if the remaining data set would be too small for 

reliable model identification. 

The purpose and implications of the third point are discussed above.  The second point 

is largely moot because each single  value is typically calculated from several 

hundred individual measurements as determined by the χ

2
globalχ

2 sampling number.  Also, 

less significant spikes in the  values can be smoothed out by adjusting the 

sampling numbers if desired.  Applying the first point relies on some definition of 

“obvious” and “dramatic.”  In cases such as Figure 7.2, there is little doubt about 

where the  values are dramatically higher, but in cases such as Figure 7.7 there 

is less difference between the sliced and unsliced peaks. 

2
globalχ

2
globalχ

The best approach is to slice out the obvious peaks, but when in doubt, only 

slice out the very highest peaks and then check the results of the next iteration.  If the 

other peaks are really significant, they will be more pronounced in the next iteration as 

illustrated by Figures 8.2 and 8.7.  If there is no clear peak as in Figure 7.9, stop the 

iterations. 

After extensively studying the results of both the simulated and industrial data 

sets, a heuristic has been developed which largely captures the above principles and 

closely mirrors the slicing decisions made manually in Chapters 7 and 8.  The 

suggested heuristic is 
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Slice out data with  values greater than ½ the maximum  

value in the data set.  Stop iterating when more than 30 % of data set 

would be sliced. 

2
globalχ 2

globalχ

If users are experienced in applying the asymptotic detection algorithm, this heuristic 

can easily be adjusted to satisfy the user’s personal tolerances.  For one, the end 

criterion can be defined as 30% of the data in a single iteration or cumulatively 30% of 

the original data set.  Also, the specific value of “30%” can be adjusted up or down 

depending on the circumstances and the user’s feelings as discussed in subsection 

9.1.1.  Also, a clause can be added that requires a certain number of consecutive  

values be above ½ the maximum  value in order to execute a slice. 

2
globalχ

2
globalχ

With or without these adjustments, the heuristic provides a way to apply the 

algorithm more consistently.  Perhaps most importantly, it is a way that the asymptotic 

detection method can be taught to new users quickly and with minimal training. 

9.1.3  Possible causes of the improved threshold’s failure 

The reason why the improved threshold is inadequate for industrial data is not 

well understood.  The fluidized catalytic cracker used by Dong and Riggs (2008) is a 

rigorous nonlinear simulator, and both colored noise and a variety of disturbances 

were used.  Dong and Riggs (2008) applied the improved threshold successfully under 

these conditions, so the failure of the improved threshold cannot be attributed to any of 

these factors.  After carefully considering the nature of the data and results, the most 

likely causes of the failure have been identified: 
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• Poor controller design- If the industrial controller was not optimally designed, 

then there could be numerous other independent variables which affect the 

process.  These variables could have been used as manipulated variables or at 

least feedforward variables, but instead they become disturbances if they are 

not included.  If this is the case, these variables could constitute a systematic 

underlying disturbance which would explain why the threshold marked such a 

large portion of the data set as corrupted. 

• Greater complexity of systems- While the simulation had exactly two 

manipulated variables and one disturbance, industrial systems have numerous 

independent variables within the scope of the controller and an almost limitless 

number of potential disturbances which will affect the plant to different 

degrees.  Dong and Riggs (2008) have shown that the asymptotic detection 

algorithm is sensitive even to very mild disturbances.  It is possible that in 

industrial systems, there is almost always some very small disturbance present 

such as an upstream composition disturbance, an ambient temperature 

disturbance, or a valve saturating.  Perhaps the improved threshold is simply 

too sensitive for use with the many nonidealities of industrial systems. 

• One feature of the industrial data set that was not present in the simulations is 

feedforward variables.  While manipulated variables under open loop have 

smooth steps that are deliberately changed and usually held for some duration, 

feedforward variables are sometimes noisy and can contain constant and 

irregular movement.  Because of the way the primary residuals are derived, the 
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value of the independent variables are embedded in the residual value 

(Equation 3.12).  The noise in the independent variables could be corrupting 

the ability of the improved threshold to distinguish between good and bad data. 

More investigation is required to determine the exact cause of the improved 

threshold’s failure.  However, these are some of the most likely causes, and there are 

specific reasons for suspecting that these issues are responsible for the failure of the 

improved threshold. 

 

9.2  Slicing Efficacy 

Examining Figures 7.12 and 8.13, the slices in both figures seem to be 

primarily grouped around a few specific sample numbers.  In Figure 7.12 the slices are 

clustered around sample numbers 5000, 15000, and the end of the data set.  In Figure 

8.13 the slices are clustered around sample numbers 6000 and 2800.  Only two 

variables (ADep1 and BDep6) are drastically different.  The fact that the slices have 

some obvious consistency across different dependent variables seems to suggest that 

there is a real, physical reason why the data in these areas is disturbed.  The 

consistency suggests that the disturbances identified are really physically present in 

the process. 

While the slices seem to be clustered around certain times, the durations and 

exact start and end times for each dependent variable vary.  This can be expected 

because a given disturbance will naturally affect different variables in different ways.  

Depending on the dynamics of the various units within the scope of the controller and 
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the physical interactions between them, a given disturbance will affect some variables 

more strongly, sooner, and/or for a longer duration.  For example, opening a bypass on 

a heat exchanger may cause a prolonged disturbance in the temperature control loop 

around that heat exchanger before normal operation is completely restored, but only 

the initial spike may be large enough to be noticeable in a downstream distillation 

column.  By the same logic, some disturbances may be completely filtered out in 

downstream variables in which case some variables will be missing slices that are 

present in other variables as illustrated in Figure 8.13. 

The fact that the asymptotic detection method can find different slices for 

different dependent variables is a strength of the asymptotic detection method.  

Because disturbances will not affect all variables equally, it is preferable not to slice 

all variables equally.  As Figure 7.13 shows, industrial practice is usually to use global 

slices in all variables whenever a disturbance is noted.  This is necessary because the 

complexity of the process makes it almost impossible to know exactly how and to 

what extent a given disturbance will affect each individual variable.  With the 

individual slicing, it is possible to avoid losing data from unnecessary slices.  For 

example, the slices at the end of the data set in Figure 7.12 occur slightly after the last 

slice in Figure 7.13.  The final industrial slice in Figure 7.13 was made because the 

formal plant test was ended before data collection was stopped.  In this case, it appears 

that some data after the end of the formal test was still good data.  The asymptotic 

detection method makes it possible to recover some data that appeared unusable from 

the industrial slices. 
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Another way to assess the validity of the slices made by the asymptotic 

detection method is to compare the slices identified by this method to the industrial 

slices made by experienced engineers familiar with the plant test.  Unfortunately it is 

impossible to say definitively which set of slicing is better.  While the industrial 

slicing is based on real knowledge of actual process events, these slices cannot capture 

unmeasured disturbances which were not noted during the test.  Therefore the 

detection algorithm may rightly identify slices other than the ones applied by the plant 

engineers.  Conversely, the disturbances that were noted by the plant engineers may or 

may not significantly affect the models identified, so the detection algorithm may 

justifiably omit some of the industrial slices.  Despite these uncertainties, it is still 

possible to compare the two sets of slices and draw reasonable conclusions about the 

significance of their similarities and differences. 

For Plant A, it is plain that the slice made at the end of the data set by the 

asymptotic detection method corresponds to the industrial slice at the end of the data 

set.  As mentioned above, this slice was made because the formal plant test was 

stopped, and the “disturbance” was probably that the plant was moved back into 

closed loop control after the open loop test.  The slices made in Plant A by the 

asymptotic detection method around 15000 also seem to correspond to the industrial 

slice near 15000 which was made due to an analyzer failure.  The other industrial slice 

made for an analyzer failure is the one in Figure 7.13 at around 2500, but this 

industrial slice does not have a corresponding slice from the asymptotic detection 

method.  Whether or not these analyzer failures constitute real disturbances depends 
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on which analyzers failed.  It is unknown if the analyzer failures were for the same 

analyzer or different analyzers.  If the analyzer that failed is not used as part of some 

control loop or as one of the dependent variables, then it does not really constitute a 

disturbance that is relevant to the control models. 

The two slices in Figure 7.13 around sample numbers 3,600 and 7,800 do not 

seem to correspond strongly to the slices in Figure 7.12 which are clustered around 

5,400.  The industrial slices at 3,600 and 7,800 were both made for different upsets 

noted in the feed.  These slices could have been omitted by the asymptotic detection 

method because their effect was not significant for model identification.  It is possible 

that such short disturbances did not significantly affect the models, and thus the slices 

are unnecessary.  This is a very reasonable possibility, and it illustrates part of the 

value of the asymptotic detection method.  The control engineers were forced to make 

a slice because they noted a possibly relevant disturbance, but the asymptotic detection 

method was able to determine that this disturbance was not significant, so this data can 

be kept for identification.  Although the ability to independently slice dependent 

variables and to only slice significant disturbances can save data, it should also be 

noted that slices made by the asymptotic detection method tend to be more 

conservative than the industrial slices in that they typically have longer durations.  

This tends to reduce the amount of data remaining for identification. 

The slices clustered around sample numbers 5,400 in Figure 7.12 and the slices 

in Figure 8.13 do not have any corresponding slices in the industrial data.  This is 

perhaps the most obvious example of the utility of the asymptotic detection method.  
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Of course the plant personnel cannot be aware of every unmeasured disturbance that 

occurs.  That is the very essence of what it means to be an unmeasured disturbance.  

However, the asymptotic detection method is able to consistently identify certain 

regions of data that contain unmeasured disturbances. 

The sources of these disturbances are unknown, but once the control engineer 

sees evidence that a disturbance was present, he can go back and examine the 

circumstances of the test to try to determine the source.  In this way, it may be possible 

to identify a specific cause such as nonlinearity or an upstream composition 

disturbance.  If a specific cause is found, it may be possible to improve the controller 

design to account for this by techniques like applying a linearizing transform to a 

nonlinear variable or adding extra feedforward variables that turn out to be significant.  

Slicing out these unknown disturbances is very beneficial simply for model 

identification, but if the asymptotic detection method leads the control engineer to an 

improved controller design, then it is significantly more valuable than originally 

anticipated. 

 

9.3  Potential Industrial Utility 

The above sections and to some extent the previous chapters have focused on 

describing the strengths, successes, weaknesses, and failures of the asymptotic 

detection method.  Taken as a whole, it seems that the asymptotic detection method 

does have potential to be an industrially useful software tool used as one small piece 

of the overall identification procedure.  The asymptotic detection method is able to 
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detect real disturbances in the plant test data without any knowledge of the conditions 

that existed during the plant test.  Although this theoretically makes it unnecessary to 

keep a log of disturbances and abnormal events during the plant test, there is 

potentially significant benefit to keeping this log anyway.  The disturbance log is still 

useful for verifying the detection of significant, known disturbances.  When used 

together, the log and the asymptotic detection method can lead to a deeper 

understanding of which disturbances are and are not significantly affecting the 

process.  This understanding has the potential to improve controller design and long-

term control performance. 

The improved threshold is not useful for diagnosing disturbed data.  However, 

the proposed heuristic can be used to both identify disturbances and determine when 

all significant disturbances have been removed.  The heuristic is very simple to teach 

and requires minimal understanding of the asymptotic detection method to apply. 

The asymptotic detection method alone cannot guarantee good models from a 

given data set.  The control engineer must still use his process knowledge to verify and 

if necessary manipulate the final models, but the asymptotic detection method can give 

the control engineer a better data set to start with.  An experienced control engineer 

will usually still obtain better models than a novice control engineer even if both used 

the asymptotic detection method; however, by using the asymptotic detection method, 

the novice engineer can narrow this quality gap.  In an industrial environment with 

control experience alarmingly concentrated in a few engineers quickly approaching 

106 



Texas Tech University, Cade Hodgson, August 2008 

107 

retirement, any tool that can help new control engineers catch up with their more 

experienced counterparts definitely has obvious value. 



Texas Tech University, Cade Hodgson, August 2008 

CHAPTER 10 

SUMMARY AND RECOMMENDATIONS 

10.1  Summary 

This study was undertaken to determine if the asymptotic detection method is 

robust enough to be useful for identifying disturbances in industrial plant test data.  

The answer is clearly that the asymptotic detection method can be a useful tool when 

used in conjunction with common model identification procedures.  In order to obtain 

results for industrial MIMO controllers, the asymptotic detection algorithm was 

modified to process MIMO data as a series of MISO cases rather than a series of SISO 

cases.  A normalization step was added to the procedure to handle variables with very 

different magnitudes. 

The covariance and χ2 sampling numbers can qualitatively affect the 

appearance of the results, but they do not fundamentally change the evident locations 

of disturbances.  Therefore, the sampling numbers may merely be selected arbitrarily.  

The step response form of the models should be used rather than the impulse response 

form. 

Because the true models are unknown, it is necessary to make educated 

conjectures about the accuracy of the results.  Based on the slicing patterns observed 

and comparison with the slices made by experienced engineers, the following 

conclusions can be drawn: 
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• There is definite consistency in slices across different dependent variables 

which suggests the disturbances identified are real disturbances that were 

physically present in the process. 

• The asymptotic detection method makes unique slices for each dependent 

variable.  This ensures that the maximum amount of good data is kept while 

still removing all the bad data for each dependent variable.  Global slices 

employed by a control engineer are, by comparison a cruder and possibly less 

accurate instrument. 

• The asymptotic detection method is able to find both known disturbances noted 

by the plant test log and unmeasured disturbances which the plant engineers 

could not know about. 

• When using the plant test log and asymptotic detection method together, it may 

be possible to reach a new understanding of what is and is not significantly 

affecting controller performance.  This may lead to improved controller 

configurations and long-term operating benefits. 

However, the full answer to the original question of the industrially utility must also 

acknowledge the limitations of the threshold: 

• The improved threshold is not a reliable indicator of disturbances for industrial 

data.  Instead, the following heuristic is suggested to replace the threshold: 

Slice out data with  values greater than ½ the 

maximum  value in the data set.  Stop iterating 

when more than 30 % of data set would be sliced. 

2
globalχ

2
globalχ
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This heuristic is simple to apply and closely replicates the decisions made by 

thorough evaluation of the results. 

• The reason for the failure of the improved threshold is not known definitively, 

but it is likely related to poor controller design, greater complexity of industrial 

systems, or the presence of noise in feedforward variables. 

The asymptotic detection algorithm is not a replacement for process knowledge and 

control engineering experience.  However, removing disturbances will result in better 

raw models identified which means less manual manipulation of the models is 

required.  The asymptotic detection algorithm can make model identification easier for 

highly experienced engineers, and it can help less experienced engineers close the 

quality gap between themselves and control engineers with greater expertise. 

 

10.2  Recommendations 

Although much knowledge and understanding has been gained from this work, 

questions about the asymptotic detection and how it can best be used remain.  It is 

recommended that future work be applied in the following areas: 

• Further investigate the properties of the improved threshold.  Perhaps with 

more study, the exact cause for the deficiencies of the improved threshold 

could be determined.  If the improved threshold could be re-improved to work 

as well with industrial data as with simulation data, the asymptotic detection 

method may become more reliable and consistent. 
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• Incorporate the asymptotic detection algorithm into the plant test procedure.  In 

plant tests, considerable “extra” data is frequently collected to ensure there is 

enough data for reliable identification after all slices have been made.  Using 

the asymptotic detection method regularly allows the control engineer to know 

how much data will be lost to slicing, so he does not need to take unnecessarily 

large sets of data.  This can reduce test time and cost, and control engineers are 

already used to conducting preliminary model identification at regular intervals 

during the plant test.  More work is required to see how much data is required 

for reliable performance of the asymptotic detection algorithm. 

• Try incorporating statistical measures of model fidelity into the slicing 

determination.  If the user has any statistic which he feels comfortable using as 

a measure of model accuracy, then use this statistic at each iteration to check if 

the slicing is improving the model or not.  If the model becomes worse or has 

no change, this may be an indication to stop slicing. 

• Have practicing control engineers use the asymptotic detection method on 

more industrial systems.  The results presented here are promising, but the full 

range of industrial processes contains such a variety of idiosyncrasies that it is 

impossible to guarantee that all these results can be generalized to any and 

every case.  The asymptotic detection method is still a nascent tool.  The more 

it is used the better it will be understood, so others can continue expanding on 

the work presented in this thesis. 
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APPENDIX A 

LINEARIZATION CODE 

The following code is MATLAB code that was used to linearized the data by 

selecting a desired degree of linearization then applying Equation 4.1. 

function[]=Linearization(DepName,PredName,DL,FIR) 
  
%Dep- dependent variable vector 
%DepID- the file identification number of the dependent vector 
%DepName- string containting the file name of the raw data vector 
%DL- pre-selected degree of linearization 
%DLData- the vector containing the linearized data 
%FIR- a logical value that equals 1 if the linearization should be 
done on 
%     a FIR form of the data and equals 0 if the linearization should 
be 
%     done on the full value data 
%Line#- essentially dummy variables used for reading in the first 
lines of 
%       text in a vector file 
%Pred- the prediction vector 
%PredID- the file identification number of the prediction vector 
%PredName- string containing the file name of the prediction vector 
  
%-------------------------------------------------------------------- 
%Read in the data 
DepID=fopen(DepName); 
Line1=fgets(DepID); 
Line2=fgetl(DepID); 
Line3=fgets(DepID); 
Line4=fgets(DepID); 
Dep=fscanf(DepID,'%g'); 
fclose(DepID); 
  
PredID=fopen(PredName); 
Line1=fgets(DepID); 
Line2=fgetl(DepID); 
Line3=fgets(DepID); 
Line4=fgets(DepID); 
Pred=fscanf(PredID,'%g'); 
fclose(PredID); 
  
%-------------------------------------------------------------------- 
%Convert the data to FIR form 
if FIR==1 
    for i=size(Dep,1):-1:2 
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        Dep(i)=Dep(i)-Dep(i-1); 
        Pred(i)=Pred(i)-Pred(i-1); 
    end 
end 
  
%-------------------------------------------------------------------- 
%Use a pre-selected DL to linearize the data 
DLData(1,1)=Dep(1); 
for i=2:size(Dep,1) 
    DLData(i,1)=(Pred(i)-Dep(i))*DL+Dep(i); 
end 
  
%-------------------------------------------------------------------- 
%Reconstruct the full value data 
if FIR==1 
    for i=2:size(DLData,1) 
        DLData(i)=DLData(i-1)+DLData(i); 
    end 
end 
  
%-------------------------------------------------------------------- 
%Write out the results 
DLID=fopen(strcat(Line2,'DL3.vec'),'w'); 
fprintf(DLID,Line1); 
fprintf(DLID,strcat(Line2,'DL3\n')); 
fprintf(DLID,Line3); 
fprintf(DLID,Line4); 
fclose(DLID); 
dlmwrite(strcat(Line2,'DL3.vec'),DLData,'-append','delimiter','\n'); 
  
if FIR==1 
    display('FIR Linearization Complete') 
else 
    display('You have finished the linearizing process') 
end 
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APPENDIX B 

ASYMPTOTIC DETECTION METHOD CODE 

The following program listing is the Fortran code used to apply the asymptotic 

detection method. 

!  UMDCODE.f90  
! 
!  FUNCTIONS: 
! UMDCODE      - Entry point of console application. 
! 
 
!******************************************************************** 
!  PROGRAM: UMDCODE 
! Cov   -The covariance matrix 
! CovSamp  -Number of data points used in sampling for covariance matrix 
! DL   -The degree of linearization 
! Dummy  -A place-holding dummy variable 
! DummyResid -A temporary vector to calculate the sampled normalized residual at 
each time step for both the covariance matrix and the X2global values 
! EqnNum  -A counter used to keep track of which row of the MV and CV 
matrices are being built (because the row number does not correspond to the sample 
number when slices are used) 
! FIRFlag  -A logical value that equals True if the data should be changed to 
FIR form 
! GoodSliceEnd- A variable storing the sample number of the end of the good slice 
which is currently being used when building the formatted MV and CV matrices 
! GoodSliceNum-The number of good slices; equal to the number of rows in 
GoodSlices 
! GoodSlices -A matrix with two columns, each row represents a slice of good 
data starting at the sample number in the first column and ending at the sample 
number in the second column 
! GoodSliceStart- A variable storing the sample number of the beginning of the 
good slice which is currently being used when building the formatted MV and CV 
matrices 
! i   -An integer counter re-used several times 
! InvCov  -The inverse of the covariance matrix 
! j   -An integer counter re-used several times 
! k   -An integer counter re-used several times 
! MV   -Matrix of independents formatted in least squares form 

116 



Texas Tech University, Cade Hodgson, August 2008 

! MVFileName -Name of the file containing the list of file names of the 
manipulated variable vectors 
! NormFlag -A logical value that equals True if the data should be normalized 
! NumCoeff -The number of coefficients 
! NumCV  -The number of dependent variables in the problem (if >20, change 
file output commands) 
! NumData  -The number of equations written (the number of rows in MV) 
! NumMV  -The number of independents in the problem 
! NumObs  -The number of data points in the total data set, used to read in the 
vectors 
! PhiNormResid-The normalized residual for calculating the improved threshold 
with the raw data and raw predictions 
! PhiResid -The prime residual based on raw data and raw predictions used to 
calculate the improved threshold 
! PrimeResid -The prime residual based on the raw data and linearized 
predictions used for calculating the X2global values 
! PrimeResidLin-The normalized residual based on the linearized data and 
linearized predictions used for calculating the covariance matrix 
! PV   -Vertical vector of dependents formatted in least squares form 
! PVDL  -Vertical vector of linearized dependents formatted in least squares 
form 
! PVDLFileName -A text string with the name of the file that contains the list of 
file names of linearized vectors 
! PVDLPred -Vertical vector of linearized predicted formatted in least squares form 
! PVDLPredFileName -A text string with the name of the file that contains the list 
of file names of linearized prediction vectors 
! PVFileName -A text string with the name of the file that contains the list of file 
names of raw dependent vectors 
! PVPred  -Vertical vector of predicted formatted in least squares form 
! PVPredFileName -A text string with the name of the file that contains the list of 
file names of raw prediction vectors 
! RawMV  -Raw matrix independent data, each MV is in a different column 
! RawPVDL  -Raw vertical vector of linearized dependent data 
! RawPVDLPred -Raw vertical vector of linearized predicted data 
! RawPV  -Raw vertical vector of dependent data 
! RawPVPred -Raw vertical vector of predicted dependent data 
! Thresh  -A vector containing the calculated improved threshold value for each 
dependent variable in the program 
! TimeNow  -A string value that is used to save and display the time at certain 
checkpoints in the program 
! X2global -A matrix which each column containing the set of X2global values 
calculated for a different CV 
! X2Def  -The standard X2 value from a X2 table with the defined confidence 
and degrees of freedom 
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! X2Samp  -Number of data points used in sampling for sliding X2global value 
! 
! 
!******************************************************************** 
 
 PROGRAM UMDCODE 
 
 implicit none 
 
 !***************************************************************** 
 ! Initialize Variables 
 INTEGER :: NumMV=1 
 INTEGER :: NumCV=1 
 LOGICAL :: FIRFlag=0 
 LOGICAL :: NormFlag=1 
 INTEGER :: CovSamp=100 
 INTEGER :: X2Samp=350 
 INTEGER :: NumCoeff=120 
 REAL*8 :: X2Def=796.3 
 INTEGER :: GoodSlices(1,2) 
 DATA GoodSlices(:,1) /1/, GoodSlices(:,2) /26127/ 
 CHARACTER*25 :: MVFileName='MV.txt' 
 CHARACTER*25 :: PVFileName='PV.txt' 
 CHARACTER*25 :: PVPredFileName='PVPred.txt' 
 CHARACTER*25 :: PVDLFileName='DL.txt' 
 CHARACTER*25 :: PVDLPredFileName='DLPred.txt' 
 
 REAL*8, ALLOCATABLE :: RawMV(:,:), RawPV(:,:), RawPVPred(:,:), 
RawPVDL(:,:), RawPVDLPred(:,:), ReadDummy(:) 
 REAL*8, ALLOCATABLE :: MV(:,:), PV(:,:), PVPred(:,:), PVDL(:,:), 
PVDLPred(:,:), Thresh(:), X2global(:,:) 
 CHARACTER, ALLOCATABLE :: MVList(:)*25, PVList(:)*25, 
PVPredList(:)*25, PVDLList(:)*25, PVDLPredList(:)*25 
  
 INTEGER i, j, k, n, NumData, NumObs, EqnNum, GoodSliceNum, 
GoodSliceStart, GoodSliceEnd 
 CHARACTER*8 TimeNow 
 
 COMMON NumMV, NumCV, X2Def, CovSamp, X2Samp, NumCoeff 
 
 CALL Time(TimeNow) 
 PRINT *,'Started at ', TimeNow 
 

118 



Texas Tech University, Cade Hodgson, August 2008 

 ALLOCATE(MVList(NumMV),PVList(NumCV),PVPredList(NumCV),PVDLLi
st(NumCV),PVDLPredList(NumCV),Thresh(NumCV)) 
 
 !***************************************************************** 
 !Read raw data from files 
  
 !Read vector file names 
 OPEN(1, FILE=MVFileName, STATUS='OLD') 
 READ(1, *), MVList 
 CLOSE(1) 
 
 OPEN(1, FILE=PVFileName, STATUS='OLD') 
 READ(1, *), PVList 
 CLOSE(1) 
 
 OPEN(1, FILE=PVPredFileName, STATUS='OLD') 
 READ(1, *), PVPredList 
 CLOSE(1) 
 
 OPEN(1, FILE=PVDLFileName, STATUS='OLD') 
 READ(1, *), PVDLList 
 CLOSE(1) 
 
 OPEN(1, FILE=PVDLPredFileName, STATUS='OLD') 
 READ(1, *), PVDLPredList 
 CLOSE(1) 
 
 !Read MV data 
 DO i=1, NumMV 
  OPEN(1,FILE=MVList(i), STATUS='OLD') 
  READ(1, '(BN, I15 ///)'), NumData 
  IF (i==1) then 
   ALLOCATE(ReadDummy(NumData), RawMV(NumData,NumMV)) 
  END IF 
  READ(1, *), ReadDummy 
  RawMV(:,i)=ReadDummy 
  CLOSE(1) 
 END DO 
 DEALLOCATE(ReadDummy) 
 
 !Read CV data 
 DO i=1, NumCV 
  OPEN(1,FILE=PVList(i), STATUS='OLD') 
  OPEN(2,FILE=PVPredList(i), STATUS='OLD') 
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  OPEN(3,FILE=PVDLList(i), STATUS='OLD') 
  OPEN(4,FILE=PVDLPredList(i), STATUS='OLD') 
   
  READ(1, '(BN, I15 ///)'), NumData 
  IF (i==1) then 
   ALLOCATE(ReadDummy(NumData), RawPV(NumData,NumCV), 
RawPVPred(NumData,NumCV)) 
   ALLOCATE(RawPVDL(NumData,NumCV), 
RawPVDLPred(NumData,NumCV)) 
  END IF 
  READ(2, '(BN, I15 ///)'), NumData 
  READ(3, '(BN, I15 ///)'), NumData 
  READ(4, '(BN, I15 ///)'), NumData 
 
  READ(1, *), ReadDummy 
  RawPV(:,i)=ReadDummy 
  CLOSE(1) 
  READ(2, *), ReadDummy 
  RawPVPred(:,i)=ReadDummy 
  CLOSE(2) 
  READ(3, *), ReadDummy 
  RawPVDL(:,i)=ReadDummy 
  CLOSE(3) 
  READ(4, *), ReadDummy 
  RawPVDLPred(:,i)=ReadDummy 
  CLOSE(4) 
 END DO 
 
 DEALLOCATE(MVList,PVList,PVPredList,PVDLList,PVDLPredList,ReadDum
my) 
 CALL Time(TimeNow) 
 PRINT *, 'Data read done at ', TimeNow 
 
 !***************************************************************** 
 !Perform desired transforms on raw data 
 IF (FIRFlag==1) THEN  
  DO i=NumData, 2, -1 
   RawMV(i,:)=RawMV(i,:)-RawMV(i-1,:) 
   RawPV(i,:)=RawPV(i,:)-RawPV(i-1,:) 
   RawPVPred(i,:)=RawPVPred(i,:)-RawPVPred(i-1,:) 
   RawPVDL(i,:)=RawPVDL(i,:)-RawPVDL(i-1,:) 
   RawPVDLPred(i,:)=RawPVDLPred(i,:)-RawPVDLPred(i-1,:) 
  END DO 
  RawMV(1,:)=0 
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  RawPV(1,:)=0 
  RawPVPred(1,:)=0 
  RawPVDL(1,:)=0 
  RawPVDLPred(1,:)=0 
 END IF 
 
 IF (NormFlag==1) THEN 
  CALL Normalize(RawMV, RawPV, RawPVDL, RawPVPred, 
RawPVDLPred) 
 END IF 
 CALL Time(TimeNow) 
 PRINT *, 'Data transformation done at ', TimeNow 
 
 !*****************************************************************
 !Put the raw data into formatted matrices for actual use 
  
 !Initialize necessary variables 
 GoodSliceNum=1 
 GoodSliceStart=GoodSlices(GoodSliceNum, 1) 
 GoodSliceEnd=GoodSlices(GoodSliceNum, 2) 
 NumObs=0 
 DO i=1, size(GoodSlices, 1) 
  NumObs=NumObs+GoodSlices(i, 2)-GoodSlices(i, 1)+1-NumCoeff 
 END DO 
 
 ALLOCATE(MV(NumObs,NumCoeff*NumMV),PV(NumObs,NumCV),PVPred(
NumObs,NumCV),PVDL(NumObs,NumCV),PVDLPred(NumObs,NumCV)) 
  
 !Create formatted MV matrix 
 EqnNum=1 
 DO k=1, size(GoodSlices, 1) 
  DO i=1, NumMV 
   DO j=1, NumCoeff 
    MV(EqnNum:EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-
NumCoeff,j+NumCoeff*(i-1))=RawMV(GoodSlices(k,1)+NumCoeff-
j:GoodSlices(k,2)-j,i) 
   END DO 
  END DO 
  EqnNum=EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-NumCoeff 
 END DO 
 
 !Create formatted matrices of dependent variables 
 EqnNum=1 
 DO k=1, size(GoodSlices, 1) 
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  DO i=1, NumCV 
   PV(EqnNum:EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-
NumCoeff,i)=RawPV(GoodSlices(k,1)+NumCoeff:GoodSlices(k,2),i) 
   PVPred(EqnNum:EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-
NumCoeff,i)=RawPVPred(GoodSlices(k,1)+NumCoeff:GoodSlices(k,2),i) 
   PVDL(EqnNum:EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-
NumCoeff,i)=RawPVDL(GoodSlices(k,1)+NumCoeff:GoodSlices(k,2),i) 
   PVDLPred(EqnNum:EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-
NumCoeff,i)=RawPVDLPred(GoodSlices(k,1)+NumCoeff:GoodSlices(k,2),i)  
  END DO 
  EqnNum=EqnNum+GoodSlices(k,2)-GoodSlices(k,1)-NumCoeff 
 END DO 
  
 DEALLOCATE(RawMV, RawPV, RawPVPred, RawPVDL, RawPVDLPred) 
 CALL Time(TimeNow) 
 PRINT *, 'Data formatted into matrices at ', TimeNow 
  
 !***************************************************************** 
 !Call subroutine to generate X2global values and improved threshold 
 ALLOCATE(X2global(NumObs-X2Samp,NumCV)) 
 DO i=1, NumCV 
  CALL Time(TimeNow) 
  PRINT *,'Started processing CV ', i, ' at ', TimeNow 
  CALL BadDataID(MV, PV(:,i), PVPred(:,i), PVDL(:,i), PVDLPred(:,i), 
Thresh(i), X2global(:,i)) 
  CALL Time(TimeNow) 
  PRINT *,'Finished processing CV ', i, ' at ', TimeNow 
 END DO 
 
 !*****************************************************************
 !Output results to file 
 OPEN(1, FILE='Thresh', STATUS='New') 
 OPEN(2, FILE='X2',STATUS='New') 
 DO i=1, NumCV 
  WRITE(1, '(1X, G20.8)') Thresh(i) 
 END DO 
 DO i=1, size(X2global,1) 
  WRITE(2, '(1X, 20G20.15)') X2global (i,:) 
 END DO 
 CLOSE(1) 
 CLOSE(2) 
 
 CALL Time(TimeNow) 
 PRINT *,'Finished at ', TimeNow 
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 PAUSE 
 
 !***************************************************************** 
 !Subroutines  
 CONTAINS 
 
 !***************************************************************** 
 !This subroutine actually performs the UMD algorithm and returns the results  
 SUBROUTINE BadDataID(MV, PV, PVPred, PVDL, PVDLPred, Thresh, 
X2global) 
  !Ititialize variables 
  REAL*8 MV(:,:), PV(:), PVPred(:), PVDL(:), PVDLPred(:), Thresh, 
X2global(:) 
  REAL*8, ALLOCATABLE :: PrimeResid(:,:), PrimeResidLin(:,:), 
PhiResid(:,:), PhiNormResid(:,:) 
  REAL*8, ALLOCATABLE :: Cov(:,:), InvCov(:,:), DummyResid(:,:) 
 
  INTEGER NumMV, NumCV, CovSamp, X2Samp, NumCoeff, i, j, k, 
NumRows, NumCols 
  REAL*8 DL, Dummy(1,1), X2Def 
  CHARACTER*8 TimeNow 
 
  COMMON NumMV, NumCV, X2Def, CovSamp, X2Samp, NumCoeff 
 
  NumRows=size(MV,1) 
  NumCols=size(MV,2) 
  DL=0 
   
 
 !***************************************************************** 
  !Calculate the degree of linearization 
  j=0 
  DO i=1, NumRows 
   IF (PV(i)/=PVPred(i)) THEN 
    j=j+1 
    DL=DL+abs((PVDL(i)-PV(i))/(PVPred(i)-PV(i))) 
   END IF 
  END DO 
  DL=DL/j 
  CALL Time(TimeNow) 
  PRINT *, 'DL = ', DL, ' with ', NumRows-j, ' skips at ', TimeNow 
 
 
 !***************************************************************** 
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  !Calculate the covariance matrix 
  ALLOCATE(PrimeResidLin(NumRows,NumCols),Cov(NumCols,NumCols), 
& 
    InvCov(NumCols,NumCols), DummyResid(1,NumCols)) 
  Cov=0 
   
  !Calculate the linearized prime residual 
  DO i=1, NumCols 
   PrimeResidLin(:,i)=MV(:,i)*(PVDL-PVDLPred) 
  END DO 
 
  !Make sure linearized prime residual is unbiased 
  PrimeResidLin=PrimeResidLin-sum(PrimeResidLin)/size(PrimeResidLin) 
 
  !Calculate covariance matrix 
  DO i=1, NumRows-CovSamp 
   DummyResid(1,:)=sum(PrimeResidLin(i:i+CovSamp-
1,:),1)/sqrt(real(CovSamp,8)) 
   DO j=1, NumCols 
    DO k=1, NumCols 
     Cov(j,k)=Cov(j,k)+DummyResid(1,j)*DummyResid(1,k) 
    END DO 
   END DO 
  END DO 
  Cov=Cov/real(NumRows-CovSamp,8) 
  CALL Time(TimeNow) 
  PRINT *, 'Covariance done at ', TimeNow 
 
  !Calculate inverse covariance matrix 
  CALL CholeskyDecomp(Cov, InvCov, NumCols) 
 
  DEALLOCATE(Cov, PrimeResidLin) 
  CALL Time(TimeNow) 
  PRINT *, 'Inverse covariance done at ', TimeNow 
 
 
 !***************************************************************** 
  !Calculate the improved threshold 
  ALLOCATE(PhiResid(NumRows,NumCols), PhiNormResid(1,NumCols)) 
 
  !Calculate the appropriate form of the prime residual then the normalized 
residual 
  DO i=1, NumCols 
   PhiResid(:,i)=MV(:,i)*(PV-PVPred) 
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  END DO 
  PhiNormResid(1,:)=sum(PhiResid,1)/sqrt(real(NumRows,8)) 
   
  !Calculate the improved threshold 
  DO j=1, NumCols 
   DummyResid(1,j)=sum(PhiNormResid(1,:)*InvCov(:,j)) !This is not 
actually a residual, it it just a dummy variable, but DummyResid is the correct size to 
use here 
  END DO 
  Dummy=sum(DummyResid*PhiNormResid) 
 
  Thresh=Dummy(1,1) 
  Thresh=(sqrt(DL**2*Thresh)+sqrt(X2def))**2 
  CALL Time(TimeNow) 
  PRINT *, 'Thresh=', Thresh, ' at ', TimeNow 
 
  DEALLOCATE(PhiResid, PhiNormResid, DummyResid) 
 
 
 !***************************************************************** 
  !Calculate sliding X2global value 
  ALLOCATE(PrimeResid(NumRows,NumCols),DummyResid(1,NumCols)) 
 
  !Calculate primary residual 
  DO i=1, NumCols 
   PrimeResid(:,i)=MV(:,i)*(PV-PVDLPred) 
  END DO 
 
  !Calculate sliding X2global value 
  DO i=1, NumRows-X2Samp 
   Dummy=0 
   DummyResid(1,:)=sum(PrimeResid(i:i+X2Samp-
1,:),1)/sqrt(real(X2Samp,8)) 
   DO j=1, NumCols 
   
 Dummy=Dummy+sum(DummyResid(1,:)*InvCov(:,j))*DummyResid(1,j) 
   END DO 
   X2global(i)=Dummy(1,1) 
  END DO 
 
  DEALLOCATE(PrimeResid, InvCov, DummyResid) 
   
 END SUBROUTINE BadDataID 
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 !***************************************************************** 
 !This subroutine performs the inversion of the covariance matrix (or any other 
symmetric positive definite matrix) 
 SUBROUTINE CholeskyDecomp(A, AInv, NumCols) 
 INTEGER NumCols 
 REAL*8 A(:, :), AInv(:, :) 
 REAL*8, ALLOCATABLE :: CholDiag(:) 
  
 INTEGER i,j,k 
 REAL*8 Tot 
 REAL*8 ANorm, AInvNorm, Cond 
 
 ALLOCATE(CholDiag(NumCols)) 
 
 !Calculate the 1-norm (or infinity norm) of the original matrix 
 ANorm=maxval(sum(dabs(A),1)) 
 OPEN(1, FILE='Cov', STATUS='New') 
 DO i=1, size(A,1) 
  WRITE(1, '(1X, 720G30.15)') A (i,:) 
 END DO 
 CLOSE(1) 
 
 !Perform decomposition (decomposition is in lower triangle of A with diagonal 
elements in CholDiag 
 DO i=1, NumCols 
  DO j=i, NumCols 
   Tot=A(i,j) 
   DO k=i-1, 1 ,-1 
    Tot=Tot-A(i,k)*A(j,k) 
   END DO 
   IF (i==j) THEN 
    IF (Tot<=0) THEN 
     PRINT *, 'The cholesky decomposition failed.  Get a better matrix, 
Stupid!' 
     pause 
    END IF 
    CholDiag(i)=sqrt(real(Tot,8)) 
   ELSE 
    A(j,i)=Tot/CholDiag(i) 
   END IF 
  END DO 
 END DO 
  
 !Inversion of decomposition 
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 DO i=1, NumCols 
  A(i,i)=1/CholDiag(i) 
  DO j=i+1, NumCols 
   Tot=0 
   DO k=i, j-1 
    Tot=Tot-A(j,k)*A(k,i) 
   END DO 
   A(j,i)=Tot/CholDiag(j) 
  END DO 
 END DO 
 
 !Clear upper triangle (lower triangle is inverted decomposition) 
 DO i=1, NumCols 
  DO j=1, NumCols 
   IF (j>i) A(i,j)=0 
  END DO 
 END DO 
  
 !Inversion of original matrix 
 DO i=1, NumCols 
  DO j=1, NumCols 
   AInv(i,j)=sum(A(:,i)*A(:,j)) !This is really A'*A 
  END DO 
 END DO 
 
 !Calculate the 1-norm of AInv 
 AInvNorm=maxval(sum(dabs(AInv),1)) 
 
 !Calculate and display the condition number 
 Cond=ANorm*AInvNorm 
 PRINT *, 'Condition number is ', Cond 
 
 DEALLOCATE(CholDiag) 
 
 END SUBROUTINE CholeskyDecomp 
 
 !***************************************************************** 
 !This subroutine normalizes the raw data to the range [-1, 1] 
 SUBROUTINE Normalize(RawMV, RawPV, RawPVDL, RawPVPred, 
RawPVDLPred) 
  REAL*8 RawMV(:,:), RawPV(:,:), RawPVDL(:,:), RawPVPred(:,:), 
RawPVDLPred(:,:) 
  REAL*8 MaxPV 
  INTEGER NumMV, NumCV 

127 



Texas Tech University, Cade Hodgson, August 2008 

 
  COMMON NumMV, NumCV 
 
  DO i=1, NumMV 
   RawMV(:,i)=RawMV(:,i)/maxval(abs(RawMV(:,i))) 
  END DO 
  DO i=1, NumCV 
   MaxPV=maxval([maxval(abs(RawPV(:,i))), maxval(abs(RawPVDL(:,i))),
 & 
     maxval(abs(RawPVPred(:,i))), maxval(abs(RawPVDLPred(:,i)))]) 
   RawPV(:,i)=RawPV(:,i)/MaxPV 
   RawPVPred(:,i)=RawPVPred(:,i)/MaxPV 
   RawPVDL(:,i)=RawPVDL(:,i)/MaxPV 
   RawPVDLPred(:,i)=RawPVDLPred(:,i)/MaxPV 
  END DO 
 END SUBROUTINE Normalize 
 
 END PROGRAM UMDCODE 
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APPENDIX C 

SIMULATION DATA FOR EFFECT OF SAMPLING NUMBERS 

The following figures show the manipulated variable (A.C1), dependent 

variable (A.C2), and disturbance variable vectors that were produced by the fluidized 

catalytic cracking simulation and used for all results presented in Chapter 5. 

 
Figure A.C1:  Manipulated variable vectors from the simulator.  The top vector is the 
valve position on the air blower to the regenerator, and the bottom vector is the valve 
position on the slide valve for regenerated catalyst flow to the riser. 
 

 
Figure A.C2:  Dependent variable vectors from the simulator.  The top vector is the 
riser outlet temperature, and the bottom vector is the stack gas oxygen composition. 
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Figure A.C3:  Disturbance variable vector from the simulator.  The disturbance is the 
ratio of heavy to light fuel oil in the feed to the unit. 
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APPENDIX D 

SIMULATION DATA FOR THE EFFECT OF MODEL FORM 

The following figures show the manipulated variable, dependent variable, and 

disturbance variable vectors for both the step disturbance and random walk 

disturbance, respectively.  These vectors are the ones used to generate the results in 

Chapter 6. 

 
Figure A.D1:  Manipulated variable vectors for the step disturbance simulation.  The 
top vector is the valve position on the air blower to the regenerator, and the bottom 
vector is the valve position on the slide valve for regenerated catalyst flow to the riser.  
The slide valve position has been scaled by an arbitrary constant which was removed 
by normalization. 
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Figure A.D2:  Dependent variable vectors for the step disturbance simulation.  The top 
vector is the riser outlet temperature, and the bottom vector is the stack gas oxygen 
composition.  The riser outlet temperature has been scaled and shifted by arbitrary 
constants which were removed by normalization. 
 

 
Figure A.D3:  Disturbance variable vector for the step disturbance simulation.  The 
disturbance is the ratio of heavy to light fuel oil in the feed to the unit. 
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Figure A.D4:  Manipulated variable vectors for the random walk disturbance 
simulation.  The top vector is the valve position on the air blower to the regenerator, 
and the bottom vector is the valve position on the slide valve for regenerated catalyst 
flow to the riser.  The slide valve position has been scaled by an arbitrary constant 
which was removed by normalization. 
 

 
Figure A.D5:  Dependent variable vectors for the random walk disturbance simulation.  
The top vector is the riser outlet temperature, and the bottom vector is the stack gas 
oxygen composition.  The riser outlet temperature has been scaled and shifted by 
arbitrary constants which were removed by normalization. 
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Figure A.D6:  Disturbance variable vector for the step disturbance simulation.  The 
disturbance is the ratio of heavy to light fuel oil in the feed to the unit. 
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