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Executive Summary/Abstract 
 

This project is working to develop a general methodology that will take data streams 

(time series of data) and/or simulation models (agent-based or other) and create state-based 

dynamic macro models and perform analysis of the created models to explore critical issues. 

These critical issues include what ranges of parameter values would cause the model to become 

unstable, what is the likelihood of certain critical states occurring and at what recurrence, and 

can we create controls to manage the dynamic system.  Such a formal dynamic model would 

allow for organizations, such as regulators, to explore the impacts of policy changes and 

modifications to existing polices. This research will also have broader applications in other data-

driven systems, such as the internet, telecommunications, healthcare, and the intelligence 

community. Efforts this year were focused on background research, literature review, data 

acquisition, and preliminary methodology analysis. These efforts are still underway and samples 

of the current progress are presented in this report. 

 

Difference from Current State of the Art 
 

 Previous research focuses more on development of a Markov state space or a statistical 

process control system. The effort of this research is to not only detect faults or anomalies within 

a system but to utilize these methodologies in order to classify a system into its state space. This 

would allow for an increased understanding of the system as well as the development of a 

probability matrix for determination of probability of movement between states. In addition, this 

project is working to develop a methodology of auto-detection of a system’s state space in order 

to reduce the amount of time spent developing the state space, provide insight into possibly 

unseen states, and to provide detection of states created after development of the state space. 

 

Results 
 

Literature Review Sample 

 

This review seeks to establish a comprehensive overview of methodologies in 

multivariate statistical process control with an emphasis on development of a state space and 



anomaly detection. Various methodologies are explored with the intent to establish a historical 

background on a current effort to develop an algorithm which can self-detect a state space for a 

time-series, multivariate system and provide information related to state changes, new state 

developments, and anomaly detection. 

Introduction 

 

The ability for a system to self-detect its own state space can have a multitude of 

advantages including a reduction in modeling time, the ability to recognize the development of a 

new state as opposed to an anomaly, and the ability to find states that could have been missed by 

a modeler. 

 

Statistical Techniques 

 

Principal Component Analysis 

 

Principal component analysis (PCA) is a tool for reducing the dimensionality of a dataset 

containing interrelated variables while maintaining as much of the variability as possible. This 

reduction results in a set of principal components which are a set of uncorrelated variables 

provided in order of those which contain most of the variability within the original dataset. While 

PCA does not exclude analysis based on correlation and covariance it focuses more on the 

variability.[1] 

PCA makes up a bulk of the early work in this field of study as can be discovered through 

much of the work provided in this review. In addition, as indicated in the literature provided in 

the bibliography, most new methodologies and improvements on methodologies utilize PCA as 

the datum from which to compare their improvement. 

 

Dynamic Principle Component Analysis 

 

 In their work introducing dynamic principal component analysis (DPCA), Ku et alia 

discuss that one of the limitations associated with both PCA and partial least squares 

methodologies is their assumption that the variables are uncorrelated in time. In order to 

accommodate for this within the methodology they introduce DPCA. Ku et alia indicate that 

while others have suggested time-series methodologies [2]–[4] in considering these dynamic 

processes, these methods are complicated and can be approximated through an extension of 

PCA. The authors then go on to test their proposed methodology using the Tennessee Eastman 

process simulation [5] showing the proposed methodology’s effectiveness. 

 The DPCA methodology augments the data matrix with time shifted duplicates and then 

PCA models are created which incorporate both static and dynamic process characteristics. 

Using their results, the authors also propose that the components related with the smallest 

amount of variations, which are usually denoted as noise in PCA models, are related to static 



and/or dynamic linear relationships that constrain the different measured variables. With this in 

mind, Ku et alia propose a procedure for developing DPCA models that focus attention on the 

auto- and cross-correlation of the components with the smallest singular values. The data block 

is shifted further in time until the auto- and cross-correlation is minimized. DPCA was shown to 

be better than PCA in detecting small disturbances. Other groups have since used and expanded 

on this methodology.[6]–[8] 

 

Methodologies for Overcoming Limitations on PCA Input Data Distributions 

 

 A major limitation to PCA based methodologies involves the assumption that the input 

data are normally distributed. Given that real processes do not follow this assumption, 

methodologies must be created to accommodate for the difference in input data distributions. 

Chen and Liu proposed Mixture Principal Component Analysis (MixPCA) which combined PCA 

and heuristic smoothing clustering techniques. The process develops several PCA models to 

accommodate for the input data’s variation from a normal distribution and then combines these 

into the overall MixPCA model. Normal operating data can then be recognized as that data that 

falls into one of the sub-PCA models.[9] 

 Choi et alia propose a methodology in which a Gaussian mixture model (GMM) is 

trained using an expectation-maximization algorithm to simultaneously approximate the data 

distribution and group similar patterns. [10] In addition to accommodating non-normal input data 

distributions, Choi et alia propose a method for fault detection and isolation utilizing PCA-GMM 

and discriminant analysis (DA). For their fault detection and isolation system, they use PCA-

GMM for detection and then DA-GMM for identification. Faults that were similar to those in the 

training data set can be classified within their appropriate groups and new faults can be classified 

as such as opposed to being inappropriately classified into an existing group. 

 

Methodologies for Using PCA Methodologies on Nonlinear Data 

 

 Principal component analysis is a linear method and can therefore have issues when 

applied to certain systems which contain non-linearity within their datasets. Some research 

groups have developed methodologies for dealing with this assumption within PCA 

methodologies. Dong and McAvoy proposed a non-linear PCA (NLPCA) methodology which is 

based upon the principal curve algorithm and neural networks. The principal curve algorithm is 

used to generate nonlinear principal scores and corrected data while neural networks are used to 

model the nonlinear principal loading function.[11] 

 

  



Independent Component Analysis 

 

Introduction[12] 

 

 Independent component analysis (ICA) is a method of decomposing observed signals into 

linear combinations of statistically independent components. A basic model of ICA is 

 

𝑥𝑖 = 𝑎𝑖1𝑠1 + 𝑎𝑖2𝑠2 + ⋯ + 𝑎𝑖𝑛𝑠𝑛,     𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 = 1, … , 𝑛 

 

where the 𝑎𝑖𝑗 , 𝑖, 𝑗 = 1, … , 𝑛 are all real coefficients and the si are statistically mutually 

independent. The independent components si are latent variables, meaning that they cannot be 

directly observed. In addition, the mixing coefficients, aij, are also unknown. The only 

observable component of the model are the observed signals xi from which ICA allows the 

calculation of the independent components. 

 In the basic ICA model, each mixture and each independent component is a random 

variable. Mixtures that are time signals are a sample of the random variable and time delays are 

neglected (at least in the basic model which is sometimes referred to as the instantaneous mixing 

model). Advanced versions of the ICA model include additions for noise, differences in the 

number of independent components and observed mixtures, and nonlinearity. 

 There are four main assumptions required in the basic ICA model. The first is that the 

independent components are statistically independent as this is the foundational principle of the 

model. Next, the independent components must have nongaussian distributions. In the basic 

model, we must also assume that the unknown mixing matrix is square, though as indicated 

above, advanced ICA models can accommodate for nonsquare mixting matricies. Finally, it is 

assumed that the mixing matrix is invertible. 

 Given the required generality of the model, two limitations on the resulting information 

of the ICA are an indetermination of the variances of the independent components, an 

indetermination of the order of the independent components, and an ambiguity of sign associated 

with the independent components. However, we can use the first of these to make calculations 

slightly easier by fixing the magnitudes of the independent components. In addition, to ease 

calculations without loss of generality, we can assume that both the mixing coefficients and the 

independent variables have zero mean. This can be accomplished by subtracting out the mean 

during preprocessing. It can be proven that this preprocessing will not affect the estimation of the 

mixing matrix. 

 

Methodologies 

 

 Research groups have studied the use of independent component analysis as a 

methodology for multivariate statistical process control.[13]–[16] They indicate it’s superiority 

over principle component analysis through discussion of PCA’s limitation to imposing 



independence up to second order statistics (mean and variance) as compared to ICA’s higher-

order statistics which allow for decorrelation of the data as well as reduction in higher order 

statistical dependencies.[17] 

 

Statistical Process Monitoring with Independent Component Analysis[15] 

 

 Lee et alia proposed a multivariate statistical process control methodology that utilizes 

independent component analysis. While methods based on principle component analysis utilize 

Hotelling’s T2 statistic, this approach introduced the I2 statistic as an alternative for describing 

the state of the data. The authors describe a methodology for order and dimension reduction of 

datasets through the use of a Euclidean norm to sort the rows of a demixing matrix and a 

selection of rows of the matrix based on the rows with the largest sum of squares coefficient 

under the assumption that this coefficient provides insight on which rows have the greatest effect 

on the variation of the mixing matrix. Lee et alia propose development of confidence intervals 

for monitoring the I2 and SPE statistics through the use of kernel density estimation and discuss 

the use of contribution plots to indicate the relative contributions of the different variables. 

 Through their case studies, the authors were able to show that the proposed method based 

on independent component analysis had better monitoring performance than principle component 

analysis. However, there are some considerations when using this method as opposed to 

principle component analysis. First, the computational requirements of ICA are higher than that 

of PCA. But once the control limit of the normal operating data has been determined, the online 

monitoring procedures of ICA are simple because the demixing matrix has already been 

determined. In addition, when using kernel density estimation, assumed that the underlying 

distribution of normal operating data doesn’t change and this may not always be true. 

 

Statistical Monitoring of Dynamic Processes Based on Dynamic Independent Component 

Analysis[14] 

 

 In the same year that they published an article discussing statistical process monitoring 

with ICA, Lee et alia also published an article discussing statistical monitoring of dynamic 

processes using dynamic ICA (DICA). Attempting to remedy the limitation of PCA based 

methodologies which assume that the observations are both statistically independent to past 

observations and follow a gaussian distribution, DICA is intended to take into consideration that 

for many processes, the variables are rarely at steady state and instead are driven by random 

noise and uncontrollable disturbances making the variables have non-zero autocorrelation and 

dynamic properties. 

 DICA is a methodology created to monitor a process with auto- and cross-correlated 

variables. The method applies ICA to the augmenting matrix with time-lagged variables in order 

to remove the major dynamics from the process and to find statistically independent components 

from auto and cross-correlated variables. In testing their methodology on two different case 



studies, the authors found DICA to be capable of detecting faults and process changes in a 

multivariate dynamic process with the added benefit of containing a richer amount of 

information than can be found in a single observation. In addition, ICA has the capability to 

extract the essential factors that are driving a process. However, as with many monitoring 

methodologies, DICA is incapable of distinguishing between faults and ordinary process 

changes. 

 

Techniques that Combine and Improve upon Historical Statistical Techniques 

 

Bayesian Techniques 

 

Multimode Process Monitoring with Bayesian Inference-Based Finite Gaussian Mixture 

Models[18] 

 

In their paper with the same title as this section Yu and Qin propose a multimode process 

monitoring approach based on the finite Gaussian mixture model (FGMM) and Bayesian 

inference strategies. The effort of this research was to address issues in multimode process 

monitoring such as the assumption that the data follows a unimodal Gaussian distribution and 

come from a single operating region which is usually not the case in the applied area of this 

paper (chemical processing). 

The underlying assumption of this method is that the normal processing data at each 

individual operating mode follow a multivariate Gaussian distribution and that the operating 

mode can be treated as a random variable with a prior probability. With this assumption, an 

FGMM is constructed which characterizes the multiple operating regions of the system, each of 

which corresponds to a Gaussian component. In order to train the FGMM, Yu and Qin utilize the 

Figueiredo-Jain (F-J) algorithm.[19] The optimal number of modes is adaptively determined 

from the data based upon the estimated means, covariances, and prior probabilities that are 

estimated from the F-J algorithm. Next, a Bayesian inference strategy is used to compute the 

posterior probability of a monitored sample belonging to each Gaussian component. This allows 

for integration of the Mahalanobis distance metrics for all of the Gaussian hyper-ellpsoids to be 

integrated through the posterior probabilities to create a new Bayesian inference-based 

probability (BIP) index which can be used to detect process faults around different operating 

regions through a BIP control chart. 

This methodology provides a tool for monitoring continuous processes functioning under 

multiple operating conditions without the need for a priori process knowledge. However, like the 

previously discussed SPE and Hotelling’s T2 indicies, the BIP index is also sensitive to data 

autocorrelation due to system dynamics and therefore requires that each normal operating mode 

operate at approximately steady-state. 

 



State Space Modeling 

 

Statistical Performance Monitoring of Dynamic Multivariate Processes using State Space 

Modeling[20] 

 

 In their paper with the same name as this section, Simoglou et alia propose a 

methodology of statistical performance modeling of continuous dynamic multivariate processes 

using state space modeling. However, they were not the first to propose using a state space 

model, Negiz and Cinar proposed using a state space model based on canonical variate 

analysis.[21] In their paper, Negiz and Cinar were able to demonstrate that the CVA state 

representation outperformed the dynamic principle component analysis algorithm presented by 

Ku et alia.[22] And as is indicated elsewhere in this review, CVA is shown to outperform other 

techniques for developing state space models. 

 In a previous work, Simoglou et alia describe a modified T2 statistic based on the 

knowledge that the CVA states have an identity covariance matrix as opposed to an arbitrary 

covariance matrix in which the diagonal elements are calculated in descending order.[23] They 

then made a comparison between the CVA and PLS T2 based monitoring schemes and while 

both methods were able to detect the faults in the system, the CVA method was faster. 

 In this work, the state space models were developed using both CVA and PLS which 

provided statistics based on the past and future latent variables, state, and output residuals. 

Simoglou et alia considered eight monitoring statistics, four of which were based on the past and 

future latent variables calculated using Hotelling’s T2 statistic and four of which were based on 

the state and output residuals of the state space model. Control limits for the statistical 

performance monitoring system were based on the empirical reference distribution and were 

shown to outperform those control limits calculated under the assumption that the distribution of 

the data was theoretically known and that the data was independent and identically distributed 

because the empirical reference distribution accounts for the serial correlation within the 

measurements. 

 This work provided a methodology of state space development and development of 

control limits when serial correlation is present within the data. However, the method does have 

the limitation of being based upon the assumption of linear process behavior. 

 

Hidden Markov Models 

 

Hidden Markov Models Combining Local and Global Information for Nonlinear and Multimodal 

Process Monitoring[24] 

 

 Yu proposed a hidden Markov model (HMM)-based methodology of which combines 

local and global information for nonlinear and multimodal process monitoring. There have been 

other researchers detailing HMM based models but the research in this area is less 



extensive.[25]–[28] The intention of Yu’s work was to address issues inherent in previous 

HMM-based work such as how to apply HMMs to model data with nonlinear and multimodal 

features and how to use HMMs to monitor process states using quantification indications. To 

address these issues, Yu proposes two HMM-based models process monitoring models: 

MDNLLP which develops a quantification indication through the combination of Mahalanobis 

distance (MD) and negative log likelihood probability (NLLP), and BIP which develops a 

quantification indication based on a Bayesian inference-based probability index (see the 

discussion on the models proposed by Yu and Qin [18]) where posterior probabilities of an input 

observation belonging to each Gaussian component and all Gaussian components in one hidden 

state of the HMM are combined. These two models are utilized via control chart for process 

monitoring. Experimental results of the two proposed models show an improvement over PCA-

based models via a higher fault detection rate, lower false alarm rate, and higher sensitivity to 

faults. 

 

Example ARMA Analysis 

 
This example examines a set of data on the electricity usage of Rice Hall located at the 

University of Virginia. The overall data set covers August 1, 2016 until July 30, 2017 and is 

collected at an average of a five-minute interval. In order to limit the data into the scope of the 

example it is focused on just the month of September 2016. From this data there seems to be two 

seasonal effects occurring. The first is a daily increase in electricity usage which can be 

attributed to the workday and the second is a weekly reduction in electricity usage for two of the 

days which can be attributed to weekends. Therefore, the first step in transforming the data was 

to take the difference at a lag of 287. This lag is utilized because there are 30 days and therefore 

30 peaks spread over 8,612 data points (24 hours a day with measurements taken an average of 

every 5 minutes). Next, the difference at a lag of 2153 is used to account for the weekly 

seasonality. This lag is calculated by recognizing that there are 4 weekends during this month 

spread over the 8,612 data points.  

 To fit the residuals, the sample residual ACF and PACF is plotted as shown in Figure 1. 

As can be seen from the geometric decay of both the ACF and PACF of the residuals, the best fit 

for this will be an ARMA(p,q) model. Using the AICC method to autofit the data, ITSM 

provides an ARMA(15,14) model as given by, 

 

𝑋𝑡 − 0.2774𝑋𝑡−1 − 0.005699𝑋𝑡−2 − 0.2093𝑋𝑡−3 + 0.02833𝑋𝑡−4 − 0.5041𝑋𝑡−5

− 0.07360𝑋𝑡−6 + 0.1076𝑋𝑡−7 − 0.6060𝑋𝑡−8 + 0.06796𝑋𝑡−9 − 0.4040𝑋𝑡−10

+ 0.04854𝑋𝑡−11 − 0.2097𝑋𝑡−12 + 0.6338𝑋𝑡−13 + 0.2115𝑋𝑡−14 − 0.1543𝑋𝑡−15

= 𝑍𝑡 + 0.1698𝑍𝑡−1 + 0.1115𝑍𝑡−2 − 0.1349𝑍𝑡−3 + 0.0.03093𝑍𝑡−4

− 0.4496𝑍𝑡−5 − 0.2143𝑍𝑡−6 + 0.4159𝑍𝑡−7 − 0.5784𝑍𝑡−8 − 0.1964𝑍𝑡−9

− 0.1426𝑍𝑡−10 − 0.02095𝑍𝑡−11 − 0.3069𝑍𝑡−12 + 0.4854𝑍𝑡−13 + 0.3677𝑍𝑡−14 

 



A plot of the residuals shows that application of this model does result in a residual of white 

noise. 

 In an attempt to reduce the complexity of the model different values of p and q were 

evaluated for the ARMA model and an ARMA(4,3) was found to be a suitable model. The model 

is given by, 

 

𝑋𝑡 − 0.3360𝑋𝑡−1 − 0.4680𝑋𝑡−2 − 0.3124𝑋𝑡−3 + 0.1383𝑋𝑡−4

= 𝑍𝑡 + 0.1090𝑍𝑡−1 − 0.3787𝑍𝑡−2 − 0.4428𝑍𝑡−3 

 

and a plot of the ACF and PACF of the residuals after application of this model shows that the 

residuals are indeed white noise. A plot of the next ten forecasted values for the electricity based 

upon the ARMA(4,3) model is given in Figure 1 and the tabulated values are provided in Table 

1. 

 

 
Figure 1. Plot of next the ten electricity values based on the ARMA(4,3) model with 95% confidence intervals. 

Table 1. Tabulated values of the next ten electricity values based on the ARMA(4,3) model with 95% confidence intervals. 

 



 

A smoothed periodogram of the data set is provided in Figure 2 in which a 1st order 

Daniell filter has been applied for smoothing purposes. From this plot it can be seen that there 

appear to be two significant frequencies at 0.003 and 0.022. The frequency of 0.003 results in a 

period of around 27.5 hours and the frequency of 0.022 results in a frequency of around 3.78 

hours. The 27.5 hour period, seems to account for the daily change in usage of the building along 

with the excess of more than 24 hours most likely due to the underlying weekend fluctuation as 

well.  The 3.78 hour period is a bit more interesting and could be attributed to a change in 

temperature from the start of the workday to midday and again from midday to the end of the 

workday.  

 

 
Figure 2. Smoothed periodogram of electricity data after application of a 1st order Daniell filter. 

 In order to further study this system, the outside air temperature and the building’s chilled 

water usage during the same time frame were also evaluated. Chilled water usage was chosen 

instead of the electricity usage because this building is heated and cooled with hot and cold water 

respectively. The hypothesis was that these two data sets should be correlated given the usage of 

chilled water for cooling and the need for cooling during the month of September. 

 In analyzing this multivariate system, the series was transformed to stationarity by 

differencing with a lag of 1 and then subtracting the mean. ITSM suggested an AICC autofit of 

order 20. However, an order of 14 was found to be sufficient and a plot indicating the next 10 

forecasted values with 95 % confidence intervals are shown in Figure 3 with their values 

tabulated in Table 2. 

 



 
Figure 3. Forecast of temperature and chilled water usage based upon the VAR model of order 14. 

Table 2. Tabulation of the next 10 forecasted numbers for the multivariate temperature and chilled water usage data samples 

along with 95% confidence bounds. 

 
 

 To analyze the spectral density, the data was first smoothed with a 14th order Daniell 

filter and is shown in Figure 4. From this plot, there appears to be two significant frequencies 

within the temperature data at 0.03 and 2.11, while there appears to be several important 

frequencies within the chilled water data. This seems to correspond with the much higher 

variability within the chilled water data than within the temperature data which could be a result 

of a faulty sensor. 

 



 
Figure 4. Plot of the smoothed spectrum with a 14 order Daniell filter applied. 

 

 An analysis of the univariate electrical data resulted in an understanding that agreed with 

the initial hypothesis. Further examination on the peak with a period of 3.78 hours is currently 

underway. The hypothesis that the chilled water would correlate with the outside air temperature 

was not as defined as originally thought as can be visualized in Figure 5. This may be due to less 

temperature variation over the month of September and further study is being currently pursued 

to analyze the cross-correlation over several seasons. 

 

 
Figure 5. Cross-correlation plot of non-transformed  temperature and chilled water usage sample data. 

 

  



Functionality of Innovation(s) 
 

 The described methodology is still currently under investigation but after development 

this method will provide for faster state space development, discovery of possibly unseen states, 

the ability to recognize state development within a system in real-time, as well as a merger of 

previous research in both state spaces as well as statistical process control. 

Conclusions and Recommendations 
 

 Efforts this year focused on background research, data acquisition, literature review, and 

preliminary development of methodologies. Background research included a compilation of 

previous and current research on state space classification and statistical process control. Further 

research is currently being conducted in these areas as well as in multivariate time series 

analysis. New data sets are currently in acquisition to accompany the previously acquired 

building data set from the University of Virginia. Preliminary analysis of the first acquired data 

set, that of building energy and water use, was started in an effort to begin development of the 

proposed methodology. Current efforts include: 

 

 Completion of background research and literature review including addition of 

multivariate time series analysis within the discussed areas 

 Development of new methodologies 

 Testing of new methodologies 

 Comparison between current state of the art methods and developed method 

 Develop report on new method 

Impact and Uses/Benefits 
 

 This project, when completed, will merge together current and previous research on both 

state space development as well as statistical process control. It will provide an expedited 

method for state space creation, provide insight into possibly unnoticed states, and provide real-

time detection of new state development. 
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