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Abstract 

Mathematical modeling of physical phenomenon is an effective way to 

understand, analyze, and control complex physical processes in the natural science and 

engineering disciplines. In reality, a majority of physical processes are inherently 

nonlinear and time-variant. Linear dynamic models have been used pervasively in control 

engineering practice to model such processes, due to its simplicity. However, if only 

linear models are used, poor model predictions will be resulted since there may exist a 

big mismatch between the linear model and the real process. Unmeasured, time-varying 

external disturbances entering the system may even deteriorate the performance of the 

system. 

In this research, the nonlinear modeling, estimation, and control problems for 

such nonlinear and time-variant processes have been studied. Two application studies are 

investigated. One is the control problem of a highly nonlinear pH neutralization process. 

The other one is the leak detection problem for a natural gas pipeline system using 

nonlinear state estimation methods. 

In the first application, the pH neutralization process is characterized by its high 

nonlinearity and time-varying properties. It has a wide operating range with large 

dynamics, which can be seen from its titration curves. A single nonlinear controller is not 

able to deal with all the possible operating conditions. Therefore, a multi-model 

predictive control (MMPC) strategy has been proposed to control the effluent pH of a pH 

neutralization tank at a setpoint value of 7. The recurrent neural network (RNN) models 
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are used as the predictive models in the MMPC framework. A real-coded genetic 

algorithm with a novel simulated binary crossover operator (SBX-RCGA) is developed to 

tune the structure and the weights of the RNNs  simultaneously. Such a novel design has 

the advantages of global accuracy and fast convergence. An offset-elimination measure 

has been incorporated into the MMPC strategy to compensate steady-state offsets. 

Simulation results show that the proposed strategy is able to reject all the severe 

disturbances  (i.e., from pH=3 to pH=13), with an offset free performance.  

In the second application, an efficient and reliable real-time leak detection system 

has been developed for a single natural gas pipeline system based on a dual unscented 

Kalman filter (DUKF) technique. Two first principle models of the pipeline flow are built. 

The first model, which has a leak introduced at one of the discretized nodes, is used to 

simulate the artificial measurement data. The second one, which does not include any 

leak, is nested in an online observer to predict the pressure and mass flow rate profiles 

under normal operating conditions. The discrepancies between these two date sets at the 

inlet and outlet ends of the pipeline are used to detect, locate, and estimate the leaks. 

Practically, modeling of a real process can never be 100% accurate.  

The uncertainties in the process model need to be considered and addressed properly. 

Therefore, the DUKF technique is proposed in that regard. It provides state estimation, as 

well as parameter estimation. Comparison study with UKF shows the superiority of 

DUKF in increasing the leak detection and location accuracy. 
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Chapter 1 Introduction 

1.1 Background 

The physical process in real world, whether it is a chemical/biochemical process, 

a complex traffic phenomenon, an electrodynamics process, or an aircraft system, is 

typically complex due to their inherent characteristics, i.e. nonlinearity between the cause 

and effect relationship, time-varying property, multi-dimension/multi-variable features. 

Mathematical modeling provides a vital tool to establish the relationship between the 

variables of interest and the inputs and outputs of the system. It describes the dynamic 

behaviors of the system through physical insights, fundamental laws, or empirical 

formula. Models can be broadly classified into two categories: physical models based on 

first principles and empirical models based on observations/measurements, or model-

based modeling techniques and data-based modeling techniques. No matter what form it 

takes, a model contains two distinct parts: a deterministic part describing the main 

behavior of the system, and a stochastic part explaining the randomness in the system, i.e. 

the process noises and measurement noises.  

Why is the stochastic component of a model important and indispensable? As 

explained by Peter S. Maybeck: “No mathematical system model is perfect” [1]. There 

are many sources of uncertainty in modeling a physical system. First of all, a pure 

deterministic model can not provide a completely sufficient description for a real system, 

even with very complicated and sophisticated equations. In many cases, the structure and 

various parameters of the system can not be known exactly. What’s more, the process 
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parameters may shift as operating condition changes. For example, the temperature for 

cell culture growth may shift during different phrases to maintain the optimal growth rate. 

Second, the systems are not only driven by control inputs, but also by disturbances which 

can not be modeled deterministically [1]. Measured or unmeasured disturbances are 

prevailing in all kinds of processes. If a driver wants to drive a car along a certain pre-

determined trajectory, the actual response may be different from what he expects, due to 

slippery road, imprecise control actuator/measurement sensor response, or his inability to 

control the steering wheel exactly. Last, sensors cannot give 100% accurate information 

about a system. Every sensor has its own resolution. Measurement data is always 

corrupted with sensor noises. Some may even be corrupted with sensor biases, which is a 

kind of sensor faults. Therefore, it is essential to incorporate the stochastic component 

into a mathematical model, in order to provide a realistic representation of a real process. 

Modeling forms the basis for effective control, estimation, and monitoring of a 

process. Effective control, estimation, and monitoring of a chemical, biochemical, or 

petrochemical process is very important from the economic and safety point of view. For 

example, the feed rate to a fed-batch fermentation process needs to be controlled at its 

optimal profile to maximize the yield. The flow rate, temperature, and pressure of the 

inlet streams to a distillation column need to be controlled at certain setpoint to maximize 

the production rate and minimize the cost. A pipeline system needs to be monitored to 

detect any suspicious leaks, to prevent considerable economic losses and environmental 

pollution. Process model can take various forms, i.e. a transfer function model, a neutral 

network model, a state space model, or a time series model. It plays different roles in 
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different aspects. In the control aspect, the process model is built up to simulate the real 

process and predict the process output. The error between the real process output 

(measured) and the predictive output is then fed back to the controller to calculate the 

next future control move by minimizing an objective function of the feedback error. In 

this situation, it is very important for the model to have a good prediction capability. 

Questions rise in this case: which kind of models is good at extrapolation? Which form 

of the model and what controller should one use for a specific application?  

In the estimation aspect, the process model is served as an online observer to 

estimate the process states, which may or may not be measurable. Usually, the critical 

variables of a process, which uniquely describe the characteristics and current condition 

of a process, are chosen as process states.  Examples of process state variables are 

concentrations of the reactants in a reactor, temperature of the fluid in a heat exchanger, 

and pressures and flow rates of the fluid flow in a pipeline. Effective control and 

monitoring require continuous and correct information about the process states, but, quite 

often the process states are not all readily available due to lack of sensors, because of 

their high costs and maintenance fees [2]. Therefore, it is necessary to build a model to 

estimate the unmeasured states from limited noisy measurements. Kalman filter [3], first 

proposed by Rudolf. E. Kalman in 1960, is the most well-known method and has been 

widely used for state estimation over the last several decades. State estimation techniques 

have a wide applications in both control and fault detection areas [4]. 

This dissertation is aimed to address the nonlinear modeling, control, and 

estimation problems for complex time-variant processes. Two applications are studied: (i) 
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design an effective control strategy for a highly nonlinear time-varying pH neutralization 

process, and (ii) design an efficient and reliable leak detection and location system for a 

natural gas pipeline system. In the first application, the problem is without knowing the 

species and the concentrations of the wastewater inlet stream, how one can design an 

effective control strategy to maintain the outlet pH at a certain setpoint, by only knowing 

the inlet and outlet pH measurements. To solve this problem, we proposed to use the 

neural network model, a data-based model approach, to model the system, since we can’t 

set up a first principle model without knowing the species and concentrations of the inlet 

stream. A nonlinear model predictive control (NMPC) strategy was further used to 

control the system, due to its superiority in control nonlinear and time delay processes [5]. 

In the second application, different numerical methods for solving the distributed 

parameter system (DPS) were evaluated and compared. A dual unscented Kalman filter 

was then applied to design an efficient online observer for the leak detection purpose. 

Related work on the proposed methods is reviewed in the following section. 

1.2 Literature Review on Related Work 

1.2.1 Neural Network Model 

In the last several decades, neural networks (NNs) have been widely used in the 

areas of process modeling, control, estimation, and fault detection and diagnosis [6-11]. 

In practice, first principle models and linear models often fail to provide an accurate 

model due to the nonlinearities and uncertainties intrinsic to many systems [6]. Data-

based modeling approach (DBMA) has becoming a very popular modeling technique in 

industry, since it relies only on the statistical analysis of available measurements, and no 
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need to build up a complicated and cumbersome physical model. NN, as an efficient 

DBMA, provides a very powerful tool for modeling nonlinear processes. With one 

hidden layer, NN is able to approximate any nonlinear function with arbitrary accuracy, 

provided that it has a sufficient number of neurons [12]. Furthermore, it is capable of 

processing incomplete and imprecise information effectively [6]. In industrial, 

measurement data is usually missing, incomplete and imprecise, and thus this property of 

NN makes it a very appealing modeling tool for modeling real processes based on data. 

In addition, NN is also superior than other DBMAs, for example, autoregressive 

integrated moving average (ARIMX) model, partial least square (PLS)-based model and 

principle component analysis (PCA)-based model [6, 13, 14] in the following aspects: (i) 

it doesn’t require a priori knowledge of the structure of the complex systems, (ii) it 

provides a more accurate forecast performance, (iii) it is less sensitive to error term 

assumptions and has a better capability for tolerating noise and stochastic components, 

and (iv) it provides an easy model development and validation step, which is otherwise 

costly in traditional time series modeling methods.  

NN was originally developed to simulate the functions of human brain. The 

network is trained, like a human brain, to recognize patterns, classify data, and forecast 

future trend of a process. An architecture of a typical NN model is shown in Figure 1.1.  

Typically, a NN is constructed of three layers: an input layer, a hidden layer, and an 

output layer. The number of the neurons in the hidden layer and their associated weights 

are needed to be tuned, in order to accurately represent a certain real process.  
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Figure 1.1. An architecture of a typical neural network model 

The mathematical model of a NN is given below: 

           net j = wij
i=1

n

å xi          (1.1) 

           



l

j

jj netfwy
1

)(                                                                                             (1.2)  

where ix  is the i
th

 input, n is the total number of inputs, ijw  is the NN weight 

connecting the i
th

 input to the j
th

 hidden node, jw is the output weight connecting the j
th

 

hidden node to the output,  l is the total number of hidden nodes, jnet is summed input  to 

the j
th 

hidden node, f is the activation function, and y is the output. It is assumed a single 

output for the NN here. 

 Since the early 1990s, many researchers have explored the capability and 

effectiveness of NNs for modeling nonlinear complex processes. Chen and Billings used 

NNs for modeling complex nonlinear dynamic systems [9]. They compared the 

advantages and disadvantages of different types of NNs, i.e., multi-layer perceptron 
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(MLP), radial basis function network (RBFN), and functional link network (FLN), using 

real and simulated data. Zhang and Morris used a fuzzy neural network modeling 

technique to model the nonlinear dynamic behavior of a pH reactor [15]. Fuzzy rules are 

applied to partition the input space into several sub-regions and reduced-order linear 

models are used in each such region. The proposed fuzzy NN technique is superior than 

conventional ‘black-box’ NN models in that both process knowledge and system input-

output data are used, which provides proper guidance in correct input space partitioning, 

while conventional NNs only utilize the information of system input and output data. 

Thompson and Kramer proposed a hybrid scheme, which combines first principle 

knowledge with a NN model, to predict the biomass and secondary metabolite in a fed-

batch penicillin fermentation [16]. The proposed hybrid scheme is able to enhance the 

generalization capabilities of a pure NN model by incorporating a prior knowledge of the 

system. It is able to provide more reliable predictions, while requires less process data. 

Applications of NNs in control and fault detection areas have also been studied 

extensively. The use of neural networks in a model predictive control (MPC) framework 

to design an effective controller for nonlinear dynamic systems is a very powerful 

method and have been widely investigated [17-21]. For example, Lazar and Pastravana 

designed a NN-based predictive controller for governing the dynamics of nonlinear 

systems [19]. NN facilitates the development of nonlinear models and can provide rapid 

and reliable model predictions to control algorithm. Satisfactory simulation results have 

been demonstrated on a nonlinear process. However, the effectiveness of the proposed 

technique for a real-time implementation needs to be further investigated.  Yuzgec et al. 
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used a dynamic NN based-MPC structure for an industrial baker’s yeast drying process  

[21]. They compared the performances of recurrent neural network (RNN), external 

recurrent network (ERN), and feedforward neural network (FNN) in modeling the yeast 

drying process. It was found that the RNN and ERN have shorter response time, 

compared to FNN. Genetic algorithm (GA) was used to solve the optimization problem in 

MPC. However, binary-coded GA is used, which may require more computational time 

to execute the operations of tediously long binary-coded chromosomes. NNs are also 

very popular for designing adaptive controllers [22-25]. A theoretic work on a NN-based 

adaptive control algorithm for an unknown feedback-linearizable discrete-time system 

was reported by Chen and Khalil [23]. Layered NNs were used to identify some unknown 

nonlinear functions, which represented a linearizing feedback controller. Theoretical 

performance of the adaptive controller was derived and simulation results verified the 

theoretical results. However, some unrealistic assumptions were made in solving the 

problem and the bias component in NN was ignored. Polycarpou and Ioannou developed 

a stability theory based on Lyapunov synthesis for modeling, identifying and controlling 

nonlinear continuous-time dynamical systems using NNs  [22]. They also examined their 

theory for various NNs in a common framework, and the overall stability of the proposed 

control scheme was proved. NNs are also favored in developing effective fault detection 

strategies [11, 26-28]. In the application of fault detection, the pattern recognition and 

classification functions of NN are normally used. Hush et al. designed an effective fault 

detection scheme based on NNs for detecting faults in the viscous damper bearing of a 

helicopter drive shaft [27]. They first defined the discriminated features of the faults, and 

then, developed two pattern classifiers based on RBF and MLP to test the existence and 
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types of faults, respectively. Both the advantages and limitations of using NN for fault 

detection were explored. Maki and Loparo designed a two-stage multilayered 

feedforward NN for detecting and diagnosing faults in industrial processes [26]. The 

robust two-stage method first detects the dynamic trend of each measurement, and then 

detects and diagnoses the faults subsequently. The effectiveness of the proposed method 

was tested on an industrial nonlinear continuous stirred tank reactor (CSTR) and it is 

applicable to transient operating conditions. 

1.2.2 Nonlinear Model Predictive Control  

Model predictive control (MPC), also known as moving horizon control, or 

receding horizon control, refers to a class of control algorithms that compute a sequence 

of optimal future control moves in order to optimize the future behavior of a process. In 

the past several decades, MPC has achieved great popularity and has been proved 

successful in tremendous industrial applications due to its strong capability of easy 

handling of linear or nonlinear process constraints and its suitability for high-order and 

time delay systems [29]. MPC, originally designed to meet the specific control need of 

power plants and petroleum refineries, now has been successfully used in a wide range of 

applications ranging from food industry, automotive to aerospace.  Several excellent 

books and review papers summarize and give a good introduction to the theoretical 

properties and practical implementation issues of the MPC technology [30-35].  

Generally, MPC is classified as linear MPC (LMPC) and nonlinear MPC 

(NMPC). LMPC refers to a class of MPC schemes in which linear models are used to 

predict the system dynamics. Since early 1970s, LMPC has experienced a booming 
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development because the conventional proportional-integral-derivative (PID) controller 

was not able to meet the increasingly stringent requirements on product quality and 

environment regulation [36]. LMPC can handle constraints on inputs and states, and deal 

with multivariable systems in an optimal way [30]. LMPC has found successful 

applications in many areas, especially in process industry. By now, theories for LMPC 

are quite mature and the important issues for LMPC, i.e., development of theoretical 

basis for multivariable constrained control problem, online real-time implementation, and 

closed-loop stability have been well addressed [32]. 

However, most realistic processes are inherent nonlinear. LMPC is inadequate to 

provide satisfactory control performances for highly nonlinear systems and mildly 

nonlinear systems with large operating regimes [37]. To overcome the limitations of 

LMPC, considerable attentions have been given to NMPC since 1990s [38]. In NMPC, a 

more accurate nonlinear process model is used for process prediction and optimization. A 

nonlinear constrained optimization problem is solved at every sampling time instant to 

optimize the future process behavior. Although NMPC offers potential for improving 

process performances, the theoretical and practical issues associated with NMPC are 

much more difficult to cope with, compared to those of LMPC, such as, the closed-loop 

stability. In NMPC, stability is guaranteed for the finite horizon optimal control problem 

by using a terminal constraint [39]. Originally, the terminal state is required to be set at 

the origin to meet the stability criteria. A terminal state penalty function for termination 

in the area around the origin has also been widely used to guarantee the controller 

stability. Several MPC schemes with guaranteed stability for nonlinear dynamical 
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processes have been studied: NMPC with zero state terminal equality constraints [40-42], 

NMPC scheme with a terminal state penalty and a terminal inequality constraint [43-45], 

NMPC with mix constraints and state/output feedback [46], and NMPC with on terminal 

constraint [47, 48]. 

The success and popularity of MPC in industrial applications is owed to its 

intuitive way of addressing control problems. The major steps involved in implementing 

the MPC strategy are summarized as follows [49]: 

 The explicit use of a process model to predict the future responses of the 

system over a prediction horizon 

 The establishment of a cost function including a reference tracking error 

term and a penalty term on future control moves. 

 An optimization algorithm for minimizing the above-established objective 

function subject to a given set of constraints, in order to calculate a 

sequence of optimal future control output signals. 

 A receding control strategy, according to which only the first future 

control move from the calculated optimal control sequence is implemented 

at each sampling time. 

A structural concept of the MPC algorithm is shown in Figure 1.2. At each 

sampling time instant t, the future process predictive outputs are calculated using the 

process model over a specific time horizon, called the prediction horizon (denoted as 
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pN in the Figure 1.2).  After that, a finite horizon optimal control problem is solved by 

minimizing the objective function subject to the desired constraints, to yield an optimal 

sequence of future control outputs, over a certain time horizon, called the control horizon 

(denoted as mN in the Figure 1.2.). Only the first future control move is applied to the 

process while the rest of the calculated sequence is discarded. This optimization 

procedure will re-start at the next time instant with the information of new measurements. 

A major characteristic of MPC is its easy incorporation of process constraints into 

the control problem formulation by simply carrying out an optimization algorithm to 

meet the requirements of these constraints [50]. Process constraints can severely 

deteriorate  

 

Figure 1.2. Schematic description of the model predictive control concept[51] 

the performances of the system, or can even make the system become unstable if left 

untreated. Areas where MPC is well-suited and have a superior advantage are 
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summarized below: 

 Processes with large number of manipulated and controlled variables (MV 

and CV). (Multivariable, strong coupling) 

 Processes have linear/nonlinear constraints on MV and/or CV. 

(Constrained process)  

 Process with large time delay, inherent nonlinearity, inverse response and 

varying control objectives. (difficult dynamics) 

1.2.3 Kalman Filter 

Process states refer to the critical variables of a process, uniquely describing the 

condition of a process at any given point of time. They are the prerequisite components 

and have significant influences in designing an effective estimation and control strategy. 

For example, the states of a chemical reactor may be defined as the concentration, flow 

rate, pressure, and temperature of its reactants. Continuous and accurate information of 

the process state variables can help enhance the final product quality and minimize the 

raw material cost. However, in practice, continuous and accurate online measurements of 

all the states are rarely available. Therefore, it is necessary to estimate the states from the 

limited available measurements. State estimators, also called the state observers, serve 

this purpose of reconstructing the immeasurable but important state variables from other 

easily available measurements [2]. Kalman filter (KF), first proposed by Rudolf E. 

Kalman in 1960 to provide a recursive solution to a discrete-data linear filtering problem, 

is the most popular state estimation method [3]. Since then, numerous research efforts 



Texas Tech University, Weiting Tang, May 2013 

 14 

have been made to explore its potential for applications in different areas. Several good 

books and excellent papers give a good introduction to KF and its various forms [1, 52-

57]. 

KF is well-known as the best linear unbiased estimator (BLUE), which 

recursively updates the unknown states of a dynamic system from the noisy 

measurements in a way that minimize the variance of the estimation error [58]. KF is a 

two-step predictor-corrector algorithm. In the prediction step, a priori estimate of the 

current state is predicted from the previous estimated state. In the correction step, the 

priori estimate of the state is corrected by the new available measurements. These two 

steps are solved in a recursively way, so only the previous state need to be storage. KF is 

computational more efficient than other optimal estimators, i.e., the Bayesian estimator, 

which requires the storage of the entire past observed data. 

KF is the best optimal estimator for linear systems, but it cannot deal with 

nonlinear systems. The Extended Kalman filter (EKF), which is a nonlinear version of 

KF, involves a linearization step that linearizes about the estimates of current mean and 

covariance [55]. Over the last several decades, EKF has been successfully applied to a 

wide area of applications ranging from power system to automotive, aerospace system 

[59-62]. However, there are some inherent drawbacks associated with EKF [53]: (i) 

Linearization is invalid if the error propagation is nonlinear and invalid linearization may 

cause the system to be unstable, (ii) The derivation of the Jacobian matrices can be 

complex and cause implementation difficulties for large and complex systems, and (iii) 

EKF only provides a first-order accuracy of the estimates. To increase the accuracy of 
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EKF, various forms of EKF were proposed, i.e. the second-order EKF and iterated EKF 

(IEKF) [63]. However, the use of second-order EKF may be prohibited due to its high 

computational complexity. And IEKF is only suitable for the case when nonlinearity only 

exists in the measurement equation [53]. 

Unscented Kalman filter (UKF), a new version of KF, was first proposed by Julier 

and Uhlmann in the mid-1990s to overcome the limitations of EKF. UKF is based on the 

idea that it is easier to approximate the probability density function than to approximate 

the nonlinear function itself. It adopts a deterministical sampling technique to select the 

sampling points (also called sigma points) that represent the mean and variance of the 

random state variables. The sigma points are then propagated directly through the 

nonlinear function and the propogated sigma points can capture the true mean and 

covariance of the nonlinear system up to a second-order accuracy. A primary advantage 

of UKF is that it does not require a linearization step. Nowadays, UKF has been used as 

an effective alternative to EKF for highly nonlinear systems.  

1.3 Scope and Objectives 

Accurate modeling of nonlinear dynamic systems is the basis for effective control 

and estimation of the processes. Data-based modeling techniques is most popular and is 

widely used in industry applications, because it is usually very hard to build an accurate 

first principle model for nonlinear time-varying systems due to the large uncertainties in 

the process. The pH neutraliztion process as a benchmark for nonlinear modeling and 

controller design is investigated in this research. The pH neutraliztion process is 

characterized by its inherent high nonlinearities. The process gain of such a process 
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changes dramatically in different operating regions. This process consists of relatively 

sensitive regions, where high process gains are dominant and relatively insensitive 

regions, where low process gains are more general. A single controller is not enough to 

provide effective control for such a process with large gain changing. A multiple 

controller strategy based on multiple local models is proven to be an effective technique 

for such a nonlinear and high gain-varying process.  

The investigation of effective techniques for fault detection on natural gas 

pipelines is another topic in this disseration.  Different fault detection methods have been 

reviewed and studied. The model-based fault detection methods are the most suitable 

method for detecting and diagnosing faults under both steady and transient states. The 

error between the signals got from normal operating condition and those got from faulty 

condition is usually used as a fault signiture for detecting faults. The sensor 

measurements reflect the state values under a faulty condition, and estimates from a state 

estimator reflect the state values under a normal condition. Therefore, the core problem in 

designing a fault detection and diagosis system is the design of an efficient online state 

estimation technique.   

The specific objectives of this dissertation are: 

 To model the pH neutralization process, use multiple dynamic recurrent 

neural network models.  

 To train the structure and connecting weights of the RNNs simultaneously, 

use a global optimization technique. 
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 To design multiple model predictive controllers based on the RNN models 

developed above, with offset-free control performances. 

 To build a first principle model of the natural gas pipeline, which are then 

served as an online observer for estimating the state variables under 

normal operating condition. 

 To evaluate and compare the different numerical methods for solving the 

governing partial differential equations (PDEs). 

 To design an effective online state estimation technique, which estimate 

both the states and parameters of the process, to compensate the effect of 

parameter mismatch. 

1.4 Contributions of This Dissertation 

In this thesis, the research efforts have made the following technical contributions 

in the field of modeling, estimation, and control of nonlinear time-variant complex 

processes.  

Multi-model predictive control for pH process 

 Derived a first principle model of a pH neutralization process to generate 

dynamic data, which mimic the data from an industrial wastewater 

neutralization process. 

 Divided the entire operating region into two sub-regions and built a 
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separate RNN model for each of these two sub-regions. 

 Developed a global real-coded genetic algorithm with a novel simulated 

binary crossover operator (SBX-RCGA) to train the structure and 

connecting weights of the RNNs simultanuously 

 Designed a multi-model based model predictive control stragety for 

effective control of the nonlinear pH neutralization process 

Leak detection based on nonlinear state estimation 

 Derived a first principle model of the natural gas pipeline based on some 

simplistic assumptions 

 Evaluated and compared the performances of different numerical schemes 

in solving the governing PDEs. 

 Applied a dual unscented Kalman filter (DUKF) state estimation 

technique to estimate both the states and parameters of the system. 

1.5 Organization of The Dissertation 

The dissertation is organized as follows. 

In chapter 2, the basic concepts of neural network and genetic algorithm (GA) is 

presented. Different neural network structures, activation functions, and learning 

algorithms are introduced. The basic four genetic operators in GA are also studied. 
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In chapter 3, application of the neural network-based multi-model predictive 

control to a pH neutralization process is studied. Multiple recurrent neural network 

models are used to model such a process. A novel global real-coded genetic algorithm is 

proposed to train the network structure and network weights simultaneously. The multi-

model predictive control strategy is applied to provide an effective control of the highly 

nonlinear pH neutralization process with a large varying dynamics. 

In chapter 4, the existing leak detection and location techniques for gas pipeline 

systems are reviewed and compared. Causes for pipeline leaks are discussed. 

Performance criteria for evaluating the performance of a leak detection system are also 

provided.  

In chapter 5, the modeling and simulation of both a single pipeline and a pipeline 

network is presented. The pipeline model is consists of a couple of nonlinear hyperbolic 

PDEs. Three different numerical methods for solving the governing PDEs are evaluated 

and compared in terms of their numerical accuracy and computational efficiency. The 

selected scheme is further tested on its capability to capture the effects of pipeline leaks. 

In chapter 6, application of an efficient online state estimation for leak detection 

and location in a single natural gas pipeline is studied. The well-known state estimation 

method—Kalman filter and its various forms are introduced. A dual unscented Kalman 

filter is proposed to design an effective and reliable leak detection system. Comparison 

study with UKF shows the superiority of DUKF in providing the most accurate state 

estimates in the presence of parameter mismatch.  
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In chapter 7, the main results of this dissertation are summarized. 

In chapter 8,  future research directions are outlined. 
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Chapter 2 Neural Network and Genetic Algorithm 

2.1 Neural Network 

As introduced in Chapter 1, neural network is a very powerful modeling 

approach, inspired by the nature selection concept. With one hidden layer, NN is able to 

approximate any nonlinear function with arbitrary accuracy [24]. In this chapter, the basic 

concepts and implementation steps of NN, different types of NN structures and learning 

algorithms are introduced. A global optimization technique -- the genetic algorithm, for 

training NN is also discussed. 

2.1.1 Basic Concepts and Implementaion of Neural Network 

A structural diagram of a FNN is shown in Figure 2.1. 

1. The basic network component is the node (processing element). The nodes 

in different layers are called input node, hidden node, and output node, 

respectively.  

2. The nodes transfer the inputs to the outputs through the connecting 

weights, the activation function f in the hidden layer, and the output 

function g in the output layer. 

3. Three steps are required in developing a NN: the training/learning step, the 

validation step, and the generalization step [64]. 
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Figure 2.1. A structure diagram of a feedforward neural network 

In general, two data sets are generated for developing a NN. The majority part of 

the first data set  (normally 70%) is used for training the NN. The rest part of the first 

data set is used for validing the NN. The partitioning of this data set can be sequencely or 

randomly. As for the second data set, it is used for testing its generalization ability. 

Training step: Train a neural network from the training data set to have a proper number 

of hidden nodes and approciate connecting weights to represent the correct input-output 

mappings. 

Validation step: Test how well the neural network could recall the predicted responses 

for the data from the same data set as the training data.  

Generalization step: Test how well the neural network could predict responses from data 

set that is not used in training. 

The number of hidden nodes is tuned through a trial-and-error method. The more 

the hidden nodes, the lower the training error. However, a lower training error does not 

imply a lower validation and generalization error. Once the optimal hidden nodes 
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number is exceed, the training error keeps decrease, while the validation and 

generatlization errors increase. This phenomenon is called the overfitting. A well-trained 

neural network should present the input-output mapping with good validation and 

generalization capability. Thus, overfitting should be avoid. A reasonable network size 

can avoid overfitting as well as save computational time.  

2.1.2 Neural Network Structures 

In the last several decades, various structures of neural network have been 

developed for signal processing, pattern recognition, control, and so on [65, 66].  The 

topology of a neural network refers to how its nodes are connected. Two main structures 

of NN are: feedforward neural network (FNN) (see Figure 2.1.) and recurrent neural 

network (RNN) (see Figure 2.2.). It is well known that FNNs are static mappings and 

they cannot represent dynamic mapping without external feedbacks through delays. The 

RNNs are dynamic mappings. They have internal feedback loops and thus are able to 

model dynamical processes without the aid of any external feedbacks [67, 68]. Other 

structures include radial basis function network (RBFN), and self-organizing maps 

(SOM). 

2.1.2.1 Feedforward Neural Network 

FNN directly propagates the inputs through the network to the outputs, without a 

recurrent circle, which is distinguished from RNN. The mathematical model of the FNN 

shown in Figure 2.1. is as follows [69]: 

From input layer to hidden layer, 
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where ijw  is the weight connecting the thi  input node to the thj  hidden node, jw  

is the weight connecting the thj  hidden node to the output node, jnet is the summed 

weighted inputs to the thj  hidden node, jh is the output of the thj  hidden node, jb is a 

bias term connecting to the hidden node, f is the hidden layer activation function, ynet is 

the summed weighted input to the output node, g is the output function, n is the total 

number of inputs, l is the total number of hidden nodes, x is the input, and y is the output.  

Advantages of FNN [70]: 

 Simple topology and thus easy to understand 

 Fast computational speed, as a result of no internal reccurency 

Disadvantages of FNN: 

 Not able to represent dynamic system without external feedback  
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2.1.2.2 Recurrent Neural Network 

In RNN, the time-domain behavior of a system can be modeled through internal 

feedback recurrent cycle. The modeling of the process through RNN not only makes use 

of the information of current inputs, but also uses the information of historical process 

states and inputs. Thus, RNN is a good option for modeling dynamic systems based on 

input-output data. The mathematical modeling of the RNN shown in Figure 2.2. is given 

below: 

 

Figure 2.2. A structure diagram of a recurrent neural network 

From input layer to hidden layer, 
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From hidden layer to output layer, 
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where jzw is the recurrent weight and )1( th  is the hidden output at previous 

time instant. Other variables are the same as those defined before.  

Advantages of RNN: 

 RNN is suitable for modeling time-dependent (dynamic) processes 

 The recurrent nature of RNN enables it to provide more accurate model 

predictions 

Disadvantages of RNN: 

 The recurrent components of RNN introduce extra tuning parameters and 

thus increase the complexity of the resulting network. More computational 

time is required. 

2.1.3 Activation Function 

Neural network transfers its weighted inputs through functions to the outputs. 

These functions are often called the activation functions. They calculate the output 

response of a neuron. Activation function introduces nonlinearity into neural network. It 

is the capability to approximate nonlinear function that makes NN so powerful. Various 

types of activation function are developed. Some of the most commonly used activation 
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functions are: linear function, sigmoid function, hyperbolic tangent function, and radial 

basis function [71]. 

Linear function 

The linear activation function is given by 

axxf )(           (2.9) 

where a is a constant multiplied by the net input to from the output. Linear 

function is commonly used in the output layer, which means the output of the NN is a 

linear combination of the neuron outputs from all the hidden nodes. The linear activation 

function is shown in Figure 2.3. (a). 

Sigmoid function 

This function is given as follows: 

xe
xf
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Sigmoid functions are usually S-shaped curves (shown in Figure 2.3. (b)). This 

function is easily differentiable and thus can help save computational effort. It is widely 

used and is most advantageous to multilayer network trained by back-propagation 

algorithm[72]. It applies to applications whose desired output values are in the range of 

[0, 1]. 

Hyperbolic tangent function 
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The activation function of hyperbolic tangent function is defined as follows: 
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This function provides similar scaling to sigmoid function. However, it has a 

greater numeric range of [-1, 1]. Therefore it often used in place of the sigmoid function 

for applications whose desired values are between -1 and 1. The hyperbolic tangent 

activation function is shown in Figure 2.3. (c). 

Radial basis function 

Radial basis function (RBF) uses the standard Euclidean distance measure 

between x and center kc to define a Euclidean summation kD (k=1,…,L), 
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where L is the number of nodes in hidden layer, N is the dimension of x, and kc is 

the thk  center. In RBF, each hidden node is also called a center.  

The RBF activation function transforms the Euclidean summation kD (k=1,…,L) 

to give an output for each node. Typically, Gaussian function is used in RBF. 
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where kh  is the RBF activation function output and k is radius of the center, also 
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called the width of the Gaussian function. The center and radius are two key parameters 

for RBF. The radial basis function can be seen in Figure 2.3. (d). 

Remark 1: No matter what form of the activation function is selected, the input and 

output data sets need to be normalized to the desired range of the selected activation 

function. This is a pre-processing step before training any neural network model. 

 

Figure 2.3. (a) Linear activation function, (b) sigmoid activation function, (c) hyperbolic 

tangent activation function, and (d) radial basis activation function. 

2.1.4 Learning Algorithm 

After an appropriate neural network structure and its activation function are 

chosen, leaning/training a neural network is an actual process of adjusting the number of 

hidden nodes and the values of connecting weights. First, the proper network size needs 
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to be determined. Then, the network weights can be tuned using an optimization 

procedure. The number of hidden nodes, which is an adjustable free parameter for tuning 

the network size, determines the complexity of the system [73]. Too large a network (too 

many hidden nodes) may increase the training accuracy, but can be computational 

expensive and may lead to an over-fitting problem as discussed in section 2.1.1. Too 

small a network (too few hidden nodes) may not be able to generate a model with a 

desired accuracy. Therefore, a trade-off between the model accuracy and computational 

effort needs to be balanced. The size of the neural network is usually tuned by a trial and 

error method, based on the principle of avoiding the over-fitting problem. Learning 

algorithms discussed below are mainly aimed at tuning the network weights. Among 

these algorithms, some can also be used for tuning the size of neural network.  

Learning algorithms for neural network can be broadly classified into two 

categories: supervised learning and unsupervised learning [74].  

Supervised learning: An external “teacher” (target output) is provided for training neural 

network. The classification of the data is pre-determined. The aim is to learn the correct 

input-output mapping from the given input and targeted output data. Supervised learning 

is mainly used for machine learning.  

Unsupervised learning: No external “teacher” is provided. Only input data is given. The 

classification of the data is unknown. It is used mainly for data clustering or dimension 

reduction. K-means and self-organizing map are the most popular unsupervised learning 

algorithms. 
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In this work, we are interested in training neural network using target input and 

output data. Thus, only the supervised learning algorithms are discussed. The most 

popular supervised learning algorithms are back-propagation algorithm (BP), Levenberg-

Marquardt algorithm (LM) and Expectation-Maximization algorithm (EM). BP is a 

gradient descent method and requires the activation function is differentiable. It is mostly 

used in FNN. LM, also known as damped least square method, founds its primary 

application in least square fitting problem [75]. EM is an iterative algorithm to find the 

maximum likelihood estimates of the parameters of a statistical model when equation 

cannot be solved directly [76]. 

However, none of these algorithms yields a global solution. They are easy to be 

trapped into a local minimum. In addition, these algorithms can only be used for training 

model parameters, but not the model structure. The structure of the model (in this thesis it 

refers to the complexity of the network, i.e., the number of hidden nodes) has to be pre-

determined. However, with only the information of the input and output data, it is very 

difficult for one to determine how complex the network should be so as to learn the 

nonlinear mapping accurately.  Hence, a global algorithm with the capability to learn both 

the structure and weights of the neural network needs to be developed. Genetic algorithm 

is a well-known global optimization technique. It is employed in this thesis to tune the 

structure and weights of the NN model, simultaneously. The detail of this method will be 

discussed in chapter 3. 

2.1.5 Multi-Model Approach 

In practice, many processes are highly nonlinear and have a wide operating region 
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with rapid varying dynamics. It is very difficult to construct a global model from the 

input-output data of such processes. Multi-model approach is an effective method for 

modeling highly nonlinear process by dividing the entire operating region into piecewise 

regions [77]. It is a “divide-and-conquer” technique. A local model is designed for each 

sub-regime. The main advantages of the multi-model approach are listed below [78]: 

 It is a hybrid modelling technique, allowing linear and nonlinear models to 

be integrated into the modelling framework at the same time. 

 Multiple modeling approach makes it possible to design a specific 

controller for each sug-regime, according to its characteristics. 

 Fewer input data is used to for training the local neural network models, 

compared to the global one. 

 However, as its name applies, an apparent problem rise for how to partition the 

input space in an optimal way such that each sub-regime best represents the local 

dynamic. There are mainly two methods for constructing neural multi-models [64]: 

 Hard partitioning: use a priori knowledge of the process to decompose the 

input space into local operating regimes. 

 Soft partitioning: use unsupervised learning algorithms in the forms of 

clustering and SOMs to partition the input domain, or use fuzzy rules. 

Each partitioning method has its own advantages and disadvantages, as well as 

suitable areas for application. The hard partitioning method is suitable for applications 
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where an explicit prior knowledge of the process is available. While the soft partitioning 

method allows the data from neighboring regimes to affect the model in one local regime, 

thus a more complex and robust model can be constructed. Since more data are 

incorporated to build the model, it is more computationally costly compared to the hard 

partitioning method. Its applications are mainly found in systems where clustering of 

input space is not clear and processes where their data is coupled.  

In the application presented in chapter 3, multi-model neural networks is used for 

modeling a pH neutralization process, both hard and soft partitioning methods are used 

and compared for constructing multiple neural networks. Simulation results show that 

soft partitioning is not necessary in this particular case, since it does not improve the 

controller performance, but rather, costs more computational efforts. A priori knowledge 

exists in the pH neutralization process to partition the input space into two local regimes. 

Hence, hard partitioning method is good enough for this specific application. 

2.2 Genetic Algorithm 

Genetic algorithm (GA) is a global optimization algorithm inspired by the natural 

selection concepts. It searches for an optimal solution from multiple directions on the 

search domain [79]. While the traditional gradient-based methods search for a solution 

only from one single direction. So, GA has more probabilities to escape from a local 

minimum. The elementary factor in GA is called the chromosome/individual, which 

represents for the possible solution to the problem of interest. In this work, the 

chromosome is comprised of all the hidden nodes and their associated weights as shown 

in Figure 3.4 (b). Each chromosome has an associated fitness value which indicates the 
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appropriateness of the solution that it stands for. The basic idea of GA is to evolve a 

population of randomly selected chromosomes towards better solutions by applying its 

four genetic operators: initialization, selection, crossover, and mutation. 

Normally, there are two ways to encode the candidate solutions into 

chromosomes: (i) binary-coded genetic algorithm (BCGA) and (ii) real-coded genetic 

algorithm (RCGA). In the traditional BCGA, all the variables of interest are encoded as 

binary digits, which are then jointed into a binary-coded chromosome. After going 

through the four basic evolutionary operators mentioned above, the final binary 

chromosome is decoded into real numbers. For problems with large number of variables, 

huge computational time will be required in the conversion of the bit strings to real 

values and vice versa. To the contrary, RCGA uses real-coded representations 

straightforwardly, which makes it time-efficient. Besides that, RCGA has a lot of 

advantages, which include: (i) natural to represent the genes as real numbers directly and 

has a clearer physical meaning, (ii) avoid of loss of precision, since no conversion 

between bit strings and real numbers is needed, (iii) The length of the chromosome 

reduces to as the same as the number of variables, and this feature enables it to represent 

a larger domain than BCGA. Hence, for many practical engineering problems, RCGA is 

more suitable than BCGA. 

The basic concepts of the mostly used four operators in RCGA: (i) initialization, 

(ii) binary tournament selection, (iii) simulated binary crossover, and (iv) mutation, are 

explained in the following section. 
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2.2.1 Initialization 

Chromosome is the most fundamental element in GA. It is generated by encoding 

a possible solution into a chromosome through binary coding or real value coding. For 

example, for training a neural network with three layers, with one input node, three 

hidden nodes and one output node. There are total six unknown parameters to be 

estimated, which include three input weights and three output weights. The six unknown 

parameters are the solution to the problem and are encoded as a chromosome. If binary 

coding is used and three binary digits are used for encoding one variable, a chromosome 

with a total length of 18 binary digits will be generated. If real value coding is used, a 

chromosome with a length of six variables will be generated. An initial population of the 

chromosomes that represent the possible solutions to the problem are needed to be 

generated, which then go through the basic genetic operators to yield a global solution to 

the problem. The common proper population size is between 30 and 50. 

2.2.2 Binary Tournament Selection 

 In GA, the selection operator helps in driving the evolution to proceed towards 

the optimal region by increasing the average fitness value of the population at every 

succeeding generation. A selection mechanism is a process that favors the selection of 

better chromosomes in the population based on their fitness values [80]. Individuals with 

higher fitness values have more chances to be selected to reproduce. All the selected 

individuals are put into the mating pool, which are then used to breed new offsprings. 

The new resulting offsprings form the basis of the next generation. A great many of 

selection methods have been developed. Among the most popular ones are: the roulette-
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wheel selection and the binary tournament selection. However, the roulette-wheel 

selection scheme suffers from the following disadvantages: (i) there is no guarantee that 

the best solution will be selected, and (ii) the computational effort may be costly [81]. In 

recent years, BTS has been increasingly chosen as a preferable selection mechanism in 

GA due to its simplicity and efficiency [82]. 

BTS is a process that includes several rounds of tournament and the number of the 

round depends upon the size of the population. At each round, two individuals are 

selected randomly from the tournament to compete against each other, with only the 

winner of the competition proceeding to the next level of the tournament. The winner will 

also be inserted into the mating pool. Initially, the entire population is in the tournament. 

As the tournament proceeds, the size of the tournament shrinks gradually until there is 

only one individual left in the tournament. While, the size of the mating pool maintains 

the same as that of the original population. In the case that two chromosomes have the 

same fitness value, niche sharing are used as a tie-breaker.  

2.2.3 Simulated Binary Crossover 

Simulated binary crossover, a self-adaptive crossover operator which uses a 

probability distribution to create children solutions is adopted in this paper. SBX is 

designed based on the search characteristics of the single-point crossover operator used in 

BCGA [83]. There are two features of SBX that enable it to have self-adaptive power: (i) 

the spread of the children solutions is proportional to that of the parent solutions, and (ii) 

near parent solutions are more likely to be created as children solutions than those far 

from parents [84]. Self-adaptation is a very important feature of natural selection. Self-



Texas Tech University, Weiting Tang, May 2013 

 37 

adaptation in evolutionary search algorithm makes it closer to natural evolution and more 

flexible [85]. Although the one-point crossover in BCGA and the SBX in RCGA have the 

similar search power, the self-adaptive property of SBX enables RCGA to solve some 

practical problems that BCGA is not able to solve, such as [83, 84]:   

    • the problems where the lower and upper bounds of the global optimum are 

not known a priori,  

    • the problems where arbitrary accuracy is required for the optimal solution,  

    • the multi-modal and multi-objective problems in continuous search space.  

 Coding of the problem variables in BCGA requires the knowledge of the lower 

and upper bounds on each problem variable. If the true optimal solution does not lie 

within the boundary range, BCGA will fail to search for the global optimum [84]. While 

RCGA does not need a priori knowledge of such a boundary range. In BCGA, the 

solution precision depends on the length of the bit string used for coding and the required 

population size is of the order of the bit string length [85]. Thereby, increase in precision 

will cost huge computational effort in BCGA. On the other hand, RCGA can achieve any 

precision in the problem variable since real numbers are directly used in RCGA. Hence, it 

is able to find the optimal solution with arbitrary accuracy, without any extra effort. 

Moreover, the self-adaptive power of RCGA with SBX makes it more flexible for 

problems with multiple solutions. It has been shown that the RCGA with a SBX operator 

is particularly useful for multimodal and multiobjective function optimization problems 

in continuous search space [83]. 



Texas Tech University, Weiting Tang, May 2013 

 38 

A brief introduction to the SBX is given as follows. SBX generates children 

solutions based on a specified probability distribution which is designed to have similar 

properties to those used in a single-point crossover in BCGA. This probability 

distribution is constructed base on a spread factor  , which is defined as the ratio of the 

spread of the children solutions to that of the parent solutions [83]: 
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 where, t
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kx2,  are two parent solutions at generation t, 11, t
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two children solutions at generation t+1. 

The probability distribution function is defined as follows:  
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 where  , a non-negative parameter, called the distribution index, has a 

straightforward effect on controlling the spread/diversity of the children solutions [84]. A 

large value of   implies that near parent solutions are more likely to be created, while for 

a small value of  , solutions distant from parents are more favorable [84]. 

The advantage of building a probability distribution function as a function of the 

spread factor   is to allow a connection between the created children solutions and their 

parent solutions. So, the diversity of the children solutions is directly controlled by the 
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diversity of the parent solution [83, 85]. It has been shown that if distant parent solutions 

are chosen, offsprings far away from parents are likely to be generated. On the other 

hand, if parents are chosen to be close to each other, children solutions close to parents 

are more possible to be created [84]. 

The procedure to create the children solutions from the parent solutions using 

SBX is listed as below [83]: 

    • Create a random number iu   [0, 1]  

    • Calculate the 
i

u  by equating the area under the probability curve from 0 to 

i
u  to the random number iu ,  
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 and solve for 
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u  from the above equation yields:  
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    • After obtaining the value of 
i

u , calculate the children solutions as follows:  
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2.2.4 Mutation 

Mutation is a genetic operator that changes one or more gene values from its 

initial value, as shown in Figure 2.3. A major usage of mutation is to mutate parameter 

values, as its use in fixed-length chromosome. However, in variable length chromosome, 

mutation can also be used for mutate the structure of the chromosome (i.e. the length of 

the chromosome), by adding or deleting genes from chromosome. The later one is called 

the structure mutation, which is used in the application study in chapter 3.  

100101  

                

110101  

            Figure 2.3. A schematic diagram of mutation 

2.3 Conclusion 

The basic concepts and components of neural network and genetic algorithm are 

introduced in this chapter. Neural network is a very powerful data-based modeling 

technique and can be used to approximate any nonlinear function with arbitrary accuracy, 

provided that sufficient number of hidden nodes are given. It is primarily applicable to 

processes where a prior knowledge of the process is not available and for processes 

having incomplete and noisy data. A drawback of neural network is that it requires the 

training data to cover the entire operating condition to give a good generalization 
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capability. Extrapolation outside the region covered by the training data does not 

guarantee to be satisfactory. The basic principle and the basic four genetic operators of 

genetic algorithm are also introduced in this chapter. Training of neural network is 

formulated as an optimization problem and the genetic algorithm is used to solve this 

problem. The application of this technique will be discussed in detail in the next chapter.  

 

 

Chapter 3 Neural Network-Based Multi-Model Predictive Control for a Nonlinear 

Time-Varying pH Process 

3.1 Introduction 

For many years, there has been a growing interest in controlling the behavior of 

nonlinear dynamic processes. Several control algorithms have been developed for 

efficient control of such processes [86-91]. However, with increasing demand in the 

quality of the product and strict ecological regulations, there is a constant need for the 

development and improvement of control algorithms for nonlinear processes. Control of 

pH is a well-known nonlinear control problem in chemical industries, wastewater 

treatment, and biological processes [5, 77, 92-94]. In fact, in the chemical and biological 

industries, many continuous and semi-continuous processes are carried out at a very 

specific non-neutral pH levels. To comply with the environmental regulations, 

wastewater effluent must be effectively neutralized prior to proper disposal [91, 94]. 
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Hence, it is very important to control the pH neutralization process to achieve the desired 

goal. However, pH control is a challenging task due to the following reasons:(i) steady 

state titration curves show the presence of highly nonlinear relationship between the pH 

and the amount of acid/base added to the system, (ii) the pH process has a wide operating 

range with variable dynamics and (iii) the dynamics of the process change with a small 

change in the feed conditions of flow rate and composition. The process may further be 

complicated by the presence of single or multiple buffers and large time delays in sensors 

[5]. 

Control of a pH neutralization process is used as one of the benchmark nonlinear 

problems for testing the potential of several nonlinear control algorithms. Many control 

algorithm of varied complexity have been proposed for control of a continuous pH 

neutralization process. Initial control algorithms were based on the linear control theory 

[88, 95]. Although promising, such strategies have been found to be unrobust in the 

presense of external disturbances and plant-model mismatch. Moreover, such linear 

models are only applicable to a small area of operating conditions [77, 96]. Later control 

algorithm were based on the nonlinear model of the pH neutralization process [94, 97-

99]. However, the use of a single nonlinear model for the pH neutralization process is not 

effective due to the rapid changing input-output mapping in presence of even small 

external disturbances. This problem was addressed to some extent in previous research 

through the application of linear and nonlinear adaptive controllers [5, 89, 100]. 

However, beside nonlinearity, sensor time delay also exists in the pH neutralization 

process [5]. The effect of time delay is that the current control action will not affect the 
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process output (the effluent pH) until the time delay elapses. The key point to control 

such a process is to predict the future process outputs so that the effect of time delay can 

be restrained or eliminated in advance. Therefore, model predictive control present a 

unique opportunity in control of the continuous pH neutralization process. Furthermore, 

severe nonlinearities of the pH neutralization process call for a multi-model strategy for 

effective control of such a process. Over last two decades, several attempts have been 

made to develop a multi-model predictive control strategy for the pH neutralization 

process [101, 102]. Hammerstein, Wiener, neural network, and fuzzy logic based models 

were used in the MPC framework to control the pH neutralization process [90, 103, 104]. 

Among these modeling techniques, neural network is the most promising one for building 

multiple models based on the process input-output data, because of its advantages [70]: 

(i) it has a strong generalization/extrapolation capability, (ii) it is able to tolerate noises 

and random components, (iii) it does not require a priori knowledge of the process, and 

(iv) its easy implementation of model development and validation. Various training 

algorithms have been developed to train neural networks. The backpropagation (BP) 

training algorithm is the most popular and has been widely used for training neural 

networks. However, BP is a gradient-based algorithm, and thus is very easy to get stuck 

in a local minima. In recent years, many researchers have made efforts to develop a 

globle training algorithm for neural network [105-107]. Genetic algorithm (GA) is well-

known as a global optimization algorithm based on natural selection and the genetic 

reproduction mechanism. Montana and Davis successfully used GA to train a 

multilayered feedforward neural network over a large and complex search domain. Since 

then, a bunch of good research work have been reported for training neural network using 
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GA [108-110].  

In this work, a detailed study of the characteristics of the pH neutralization 

process is presented. Based on what, an effective control strategy which has the following 

features: (i) computationally tractable and effective multiple models giving global 

optimum results and (ii) predictive control algorithm which uses these multiple models to 

effectively control the pH neutralization process under plant-model mismatch, is 

proposed to achieve satisfactory control performances.  

3.2 Problem Statement 

A common problem faced in wastewater neutralization industry is that the pH of 

the wastewater effluent stream need to be controlled at a certain specific range in order to 

meet the stringent environment regulations. However, the species and concentrations of 

the species in the wastewater inlet stream are usually unknown. The only information 

about the process available to us is the pH of the inlet stream, which can be measured. 

However, one pH value can be resulted from hundreds and thousands of combinations of 

the species and concentrations, as illustrated in Figure 3.1. By knowing only the inlet pH 

value, there is no way for us to determine what flow rate of acid/base should we use to 

neutralize the inlet stream to a desired setpoint value.  
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Figure 3.1. Titration curves for wasterwater inlet stream with different concentrations 

From the titration curves (TC) in Figure 3.1., we can see that the pH process has 

both sensitive (high gain-varying) and insentive (low gain-varying)  regions. The steep 

TC is resulted from the reaction of two strong species and the relatively flat TC is 

resulted from the reaction of two weal species. The insensitive property of TC is also 

known as buffering, which is a property associated with all the weak acids/bases, to resist 

the change in pH. Different concentrations of weak acids/bases yield different buffer 

capacities, which are unknown and vary with time. Such a buffering effect also makes the 

pH process gain significantly and thus make the pH controller design very difficult [94].  

To address the buffering problem in pH neutralization process, the multi-model 

control strategy appears to be the most suitable remedy measure. It is a divide and 

conquer method, which design a local controller for each sub-region according to the 

local region’s characteristic. For each local region, let us consider a nonlinear continuous 

time system: 
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)())(),(()( twtutxftx                                                                                     (3.1) 

)())(()( tvtxhty                                                                                              (3.2) 

where nnf : and mnh :  are smooth functions, nx   is a vector of 

n state variables, u  is the process input, my  is a vector of process outputs. The 

control problem of such a process can be formed as follows [104]: 

dttuyxFtuyxJ

T

uu 
0

),,,(min),,,(min          (3.3) 

where F is a cost function satisfying the optimality criteria. The objective is to 

design a controller that asymptotically stabilizes the closed-loop system in such a way 

that the process output, )(ty p , optimally follow the desired reference trajectory, )(tyr . 

This nonlinear optimization problem in a MPC framework is addressed using a moving 

horizon method. At each time instant, the open-loop prediction of the process model and 

the desired reference signal are calculated. The optimal sequence of the future control 

outputs, )(tu , are calculated by minimizing the given performance index J. Only the first 

element of )(tu is implemented. At the next sampling time instant, the horizon is shifted 

one sample and the optimization procedure is re-started with the new available 

measurements. 

3.3 Modeling of the Wastewater Neutralization Process 

 In industry, the inlet to wastewater treatment plant may contain various 

components, e.g. different kinds of acid and base. In this paper, a neutralization tank 
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consisting of a mixture of a strong base (NaOH), a weak base )( 3NaHCO , and a weak 

acid )( 3COOHCH , was used to simulate the industrial wastewater neutralization process. 

A first principle model (shown as Eqs. (3.4)-(3.9)) in the form of differential algebraic 

equations was built on the acid-base titration curves for testing the proposed control 

algorithm. A strong acid )( 42SOH  stream or a strong base (KOH) stream was introduced 

to neutralize the wastewater inlet stream depending on the pH of the inlet. It was assumed 

that a single effluent stream exited the tank with a pH maintained at a setpoint value of 7. 

The inlet pH was varied in simulation experiments by manipulating the concentration of 

each component in the inlet stream. The pH of the inlet and effluent stream were 

measured. The level of the tank was maintained constant. Zero accumulation was 

assumed for the continuous pH process. A schematic diagram of the pH process is shown 

as Figure. 3.2. A rigorous approach based on the work of McAvoy et al. was used to 

derive the nonlinear dynamic model for the continuous pH neutralization process [111]. 

Material balances over the acid and base in the continuous wastewater neutralization tank 

are shown below:  
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 where the subscripts A , B , 1B , 1A , 2B  and IN  denote 42SOH , KOH , NaOH , 

COOHCH3 , 3NaHCO , and inlet, respectively; x  is the outlet concentration, c  is the 

inlet concentration, D  is the dilution rate, F  is the flow rate, and TV  is the volume of the 

tank. 

 

Figure 3.2. A schematic diagram of the continuous wastewater neutralization process 

 The system of chemical reactions in the reactor and corresponding equilibrium 

constants are given by Eqs. (3.10)-(3.15). A charge-balance was applied to all these 

reactions to calculate the tank hydrogen ion concentration ( ][ H ) and tank pH ( tpH ) 

given by Eqs. (3.16) and (3.17). 
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 where 1k , 2k , 3k , 4k , and wk  represent for the equilibrium constants for 

][ 32COH , ][ 3

HCO , ][ 42SOH , ][ 4
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After the development of the first principle model of the wastewater 

neutralization process, simulation of the system was carried out using Matlab. The data 

collected from this model was used for demonstration of the proposed control algorithm 
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for nonlinear processes. The details of the proposed methodology are provided in the 

following section.  

3.4 The RCGA-RNN-MPC Algorithm 

 In this work, the neural network-based multi-model predictive control 

(NNMMPC) strategy was designed by a RCGA-RNN-MPC algorithm. The predictive 

model of the pH process was identified with two RNNs based on the pH of the inlet 

stream. One is for 7fpH  and the other is for 7fpH , where fpH  denotes the feed 

pH. And then, a RCGA-  GA scheme with a modified VLC-SBX operator was applied 

to optimize the two RNNs. Subsequently, the well-tuned RNN models were implemented 

in a MMPC framework. The details of each part of the RCGA-RNN-MPC algorithm are 

explained in the following subsections. 

3.4.1 Predictive Model Identification with Recurrent Neural Networks 

In this work, recurrent neural network was employed to model the dynamic pH 

neutralization process. RNN has internal feedback loops and therefore can capture the 

process dynamics effectively without any external feedback through delays. It has been 

shown that RNN can provide good control performance in presence of unmodeled 

dynamics [68]. 

The nonlinear process model identified with a RNN structure can be assumed to 

be in the following form:  

        )]()...(),()...(),()...([=1)( duy nkdkdnkukunkykyky                (3.18) 
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 where u  is the input, y  is the output, d  is the disturbance, and un , yn , dn  are 

their orders, respectively; k  is the thk  time instant, and  is a nonlinear mapping. 

In this work, the aim of training RNNs with a set of input-output data is to 

determine the optimal number of the hidden nodes and calculate the optimal connecting 

weights between layers, simultaneously, by minimizing the following cost function:  

                                   2

1= ||)(ˆ)(||= kykyJ N

k                                                 (3.19) 

 where )(ky  and )(ˆ ky  are the plant output and the model predictive output at 

time instant k, respectively, and N is the number of sample points. 

It should be noted here a good trade-off between the network size and accuracy 

needs to be balanced. Although neural network with large number of hidden nodes can 

provide more accuracy, it is very computationally expensive. Hence, RNNs which can 

provide accurate results as well as with a properly small size are in great demand. In this 

work, a RCGA-  GA scheme with a modified VLC-SBX operator (SBX-RCGA- GA) 

is proposed to tune the structure (refers to the number of hidden nodes here and the same 

as those appear in the following sections) and the connecting weights of the RNNs, 

simultaneously. This novel SBX-RCGA-  GA scheme is explained in detail in the 

subsequent section.  

3.4.2 The SBX-RCGA- GA Scheme for Tuning RNNs 

As discussed in chapter 2, GA is a global optimization technique. The variable-

length version of GA was employed in this work to tune the structure and weights of the 
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RNN, simulatuously. In this specific application, RCGA, rather than BCGA, was used for 

training RNN, since the RNNs need to be tuned have a large number of hidden neurons 

and the associated weights.  

The following forms of the four basic genetic operators in RCGA were used: (i) 

variable length chromosomes for initialization, (ii) binary tournament selection (BTS) for 

reproduction, (iii) a modified VLC-SBX for real-coded crossover, and (iv) structure 

mutation merged into the modified VLC-SBX operator to tune the length of the 

chromosomes (the structure of the RNNs) for mutation. The flowchart shown in Figure. 

3.3 provides the sequence of the steps involved in the proposed RCGA. The details of the 

four genetic operators are given below. 
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Figure 3.3. Flowchart of the RCGA-μGA algorithm. 

3.4.2.1 Variable Length Chromosome 

Traditionally, chromosomes are initialized with fixed length, which indicate that 

all of the RNNs have the same structure. However, in this work, variable length 

chromosomes were used. A schematic diagram of the RNN and its associated VLC 

representation is shown in Figure 3.4. VLC enables each chromosome to have different 

number of hidden neurons. Therefore, it can help in tuning of the neural networks with 

different structures. As illustrated in Figure 3.4 (b), the length of a single node encoded in 

VLC is equal to the total number of its associated weights, which includes the input 

weights, the output weights, and the recurrent weights. From this figure, we can also 

observe that each node is coupled with its associated connecting weights, which 

facilitates addition or deletion of the neurons. Moreover, Deb et al. reported that variable-

length coding is able to provide more precision than fixed-length coding [84]. Hence, 

VLC was adopted here for easy tuning of the number of hidden nodes and their 

associated weights, simultaneously. 
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Figure 3.4. (a) A schematic diagram of the RNN and (b) VLC representation of a RNN 

After initializing a population of variable length chromosomes, the fitness 

functions of these chromosomes are evaluated. In this work, the fitness function is taken 

as the inverse of the mean square error (MSE) between the target output and the 

predictive output:  
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 where f  is the fitness value and other parameters are as the same as those 

defined before. Higher value of fitness value implies better individual (solution). 

The selection operator used in this work is the binary tournament selection, which 

has already been discussed in section 2.2.2. 

3.4.2.2 Modified VLC-SBX 

In this work, a modified SBX with VLC was proposed. The novel design of the 

VLC-SBX operator has three desirable characteristics: (i) capability of tuning of the 

structure and weights of the NN together, rather than tuning the weights only, (ii) 

adaptive selection of the parents based on a self-defined Gaussian distribution (GD) (g), 

and (iii) Combination with structure mutation. These adorable properties not only enable 

it to tune the structure and the weights of the RNNs simultaneously, but also make it 

converge to a near optimal solution quickly, and thus lower the probability to be trapped 

into a local optimum.  

As discussed in section 2.2.3, in SBX, the spread of the parent solutions has 

directly effect on controlling the spread of the children solutions. In this novel design, a 

self-defined GD was created in a way such that its width decreases as the generation 

increases. Therefore, in the early stage of the evolution, parents away from each other are 

favored to breed offsprings far away from each other, which helps maintain the diversity 
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of the population and prevent premature convergence. While in the late stage, parents 

close to each other are more likely to be selected to create children near to each other, and 

thus facilitates local fine-tuning. 

On the other hands, structure mutation was merged into the modified VLC-SBX 

design. Structure mutation [112], as its name implies, is used to adjust the length of the 

chromosome by adding or deleting hidden nodes according to some probability 

distribution. In this application, structure mutation added or deleted hidden nodes based 

on the self-defined GD. The advantage of using this distribution include allowing big 

structure adjustment to occur in the early generations. Because its width is wide at the 

beginning, there is a high probability that more nodes are being added or deleted. While 

small structure adjustment is more likely to take place in the late stage, because the width 

of the self-defined GD becomes smaller as generation increases. Therefore, small number 

of hidden nodes will be added or deleted. In summary, integrating VLC-SBX with 

structure mutation allows adaptive tuning of the structure and weights of the RNNs, 

simultaneously. 

The detailed computation procedure of the modified VLC-SBX can be seen from 

the flowchart shown in Figure. 3.5 and is described as follows: 

Step 1: Initiate a parents pool (L) by choosing the parents with distinct fitness 

values from the mating pool generated by BTS. 

Step 2: Create a self-defined Gaussian distribution (g), as follows, 
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                  MaxGen

gen
widwidwidg minmaxmax )(=                                 (3.21) 

 where maxwid  is the possibble maximum width of the GD, minwid  is the possible 

minimum width of the GD, gen  is the current generation number, and MaxGen is the 

maximum number of the generation. Then, normalize g  as 'g . 

Step 3: Generate a random number p. If p <  cp  ( cp  is the crossover probability), 

proceed to the next step, otherwise directly pass the two parents as two children solutions 

for the next generation and go to step 7. 

Step 4: Calculate the normalized distances ( 'd ) between any two arbitrary parents 

in the parents pool (L). (Calculate the spread of any two parents.) 

Step 5: Find ))((= ''

ij absmind dg  , and the corresponding parents i  and j  will 

be selected to breed offsprings. (The two parents whose spread is closest to g will be 

selected.) 

Step 6: Define a generation ratio G (G = gen/MaxGen). If G   thresG , the parent  
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Figure 3.5. Flowchart of the modified VLC-SBX 

with higher fitness value will go through structure mutation and the mutated parent will 
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perform SBX with the other selected parent to create children solutions, according to Eqs. 

(2.18) and (2.19). Otherwise, the two parents will not go through structure mutation and 

directly go through the VLC-SBX operator. 

Step 7: Repeat step 3-6, until the maximum iteration number reaches.            

Remark 1: The parent pool (L) is made up of parents with distinct fitness values. 

Because we want to avoid of selecting two parents which are the same to breed 

offsprings. There are a lot of duplicate parents in the mating pool generated by the BTS. 

Since BTS favors the parents with high fitness values, they have more chances to be 

selected more times and to be put into the mating pool.  

Remark 2: Since the SBX deals with VLCs here, the minimum length of the two 

parents minl  = min(
i

parentlength , 
j

parentlength ) need to be calculated first. Then, for the first 

q (q = mlmin/ , m is the length of each node) nodes of the two parents, each node will go 

through SBX, according to the Eqs. (2.18) and (2.19). based on a crossover probability 

cp . Subsequently, the rest part of the parent with longer length will remain the same and 

is passed to its corresponding offspring.  

Remark 3: The reason why the parent with higher fitness value is selected to do 

structure mutation is to enlarge the search space and create more diversities. Therefore, 

premature convergence can be avoided in the early stage of the evolution. And the 

maximum iteration number here is equal to half of the size of the population, because two 

children solutions are generated at each iteration and the population size should maintain 

the same at each generation.  
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3.4.2.3 Elitism 

 Elitism is a technique to preserve the best chromosome (an elite) found 

previously and pass it from generation to generation, until a better elite is created. Then, 

the previous elite will be replaced by the newly created one. It is very important to use 

elitism in GA, since it is a stochastic optimization process. Archiving the best 

chromosome as an elite and updating it at each generation help prevent losing the best 

found solution. 

3.4.2.4 Micro Genetic Algorithm 

In this work,  GA was introduced to fine tune the near-optimal solution found 

by the RCGA with the modified VLC-SBX operator.  GA is a small-scale but whole 

version of GA with the only difference that  GA has a small population. The hybrid 

RCGA- GA scheme is a very effective method to find a global solution. It can be seen 

as a nested iterative process where RCGA is implemented in the outer loop to find a near 

optimum quickly and  GA is carried out in the inner loop for local fine-tuning [82]. 

Two main characteristics of  GA make it suitable for local fine-tuning: (i) a 

small population enables it to quickly converge to a global optimal solution and (ii) 

abundant diversities can be created by generating random population members frequently 

[82]. Normally, the population size of  GA is chosen to be five. Here, we use a 

population size of six, since the SBX operator deals with a pair of parents each time. The 

pseudo-code of the  GA used in this paper is shown as follows,  

While (gen<MaxGen)  
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generate five perturbed chromosomes from the elite plus the original elite to form 

an initial population of size six 

fitness evaluation  

binary tournament selection  

while ( oldelitefnewelitef ____  ) 

            modified VLC-SBX  

            fitness evalutation  

end  

update the elite  

end  

where newelitef __  represents the fitness value of the new elite and 

oldelitef __ represents the fitness value of the old elite. The inner while loop will keep 

running until a better elite is found. Hence, it is guaranteed that at each iteration in  GA 

the training error is decreasing to avoid being trapped into a local minimum. A drawback 

associated with this scheme is that when it approaches to the global solution region, it is 

computationally expensive to keep the error decreasing at each iteration. 

3.4.3 Nonlinear Model Predictive Control Formulation  

3.4.3.1 Basic Formulation of MPC 

 Model predictive control for control of nonlinear processes has been studied by 

several researchers [113, 114]. In a typical MPC framework, a dynamic model is used to 

predict the future process response over a finite number of time steps P (prediction 

horizon). The predictions are then passed to an optimizer to calculate the future input 
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moves, )|( kku , )|1( kku  , ..., )|1( kMku  , by minimizing the deviation of the 

predicted model output )|(ˆ kjky   from a reference trajectory )|( kjkr  . The MPC 

controller is implemented in a moving horizon framework, that is, only the first future 

control move, )|( kku , is implemented at each sampling instant. And the optimization 

process is repeated at each control instant, taking into account the new available data. 

Given the availability of the well-tuned RNNs developed in the previous section 

and the known future set-point trajectory, the optimization problem in MPC can be 

formed as follows [114]:  

 

21

1=

2

1=
)|1(),...,|(

||)|(||)(||)|(ˆ)|(||)(min kjkujQkjkykjkrjW M

j

P

j
kMkukku

 

      (3.22)
 

 s.t.  

 11,...,=,)|(  Mjukjkuu maxmin                                             (3.23)
 

 11,...,=,)|(  Mjukjkuu maxmin                                      (3.24)
 

 where  

                  )|1()|(=)|( kjkukjkukjku                                   (3.25) 

 )( jW  and )( jQ  are positive semi-definite diagonal weighting matrices, and 2||.||  

denotes the 2-norm. The weighting matrices W and Q, as well as the prediction horizon P 

and control horizon M are tuning parameters which must be well-tuned to yield a 

satisfactory control performance. 



Texas Tech University, Weiting Tang, May 2013 

 63 

The prediction horizon P corresponds to the future time intervals used to calculate 

the predictions from the predictive model. The control horizon M corresponds to the time 

intervals used to compute the future control sequences. Some selection criteria of the 

prediction horizon and the control horizon have been given by Agachi et al. [115]. 

Usually, the prediction horizon P is set to include the majority portion of the process 

response, i.e., the open loop settling time. However, a too-large value of P may lead to a 

sluggish control and cost a lot of computational effort. Moreover, the problem with large 

accumulative errors during long prediction horizon may also rise. A too-small value of P 

may not be enough to see the entire dynamics of the system, and thus may lead to instable 

control. Thus, a proper value of P needs to be determined to yield a good control 

performance, by taking into account all the factors mentioned above. For control horizon 

M, it is commonly to be set to a value smaller than the prediction horizon. Large values 

of M may lead to an aggressive control and are computationally expensive. Typical 

values of M are between 1 and 4.  

3.4.3.2  Multi-model Predictive Control 

 As discussed in section 2.1.5, multi-model approach is an effective method to 

capture the dynamics of nonlinear processes by dividing the entire operating region into 

piecewise relatively linear regions [77]. Models and controllers are designed separately 

for each of the sub-regions. At each sampling instant, a switching scheme is used to 

select the most appropriate controller for the current operating condition. Design of a 

good switching strategy is the key to the multi-model approach. The multi-model 

predictive control (MMPC) is a very effective control strategy for control of the highly 
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nonlinear pH neutralization process. In this work, two nonlinear model predictive 

controllers (NLMPCs), namely, the base MPC controller (designed for the base region 

fpH > 7) and the acid MPC controller (designed for the acid region fpH < 7) were 

designed to control the complex pH process effectively, by switching between each other 

based on the pH of the feed. A schematic diagram of the MMPC strategy can be seen in 

Figure 3.6. The two NLMPCs were designed offline and the online controller switching 

scheme was based on the feed pH. 

3.4.3.3  Offset-free MPC 

 In practice, there always exists a plant-model mismatch due to model 

uncertainties and unmeasured disturbances. The existence of plant-model mismatch may  

 

Figure 3.6. Block diagram of MMPC strategy combined with feedforward control 

cause steady-state offsets to exhibit. In order to deal with this problem, a corrective term 

is added to all the predictions of the model output. It is assumed that the discrepancy 

between the model predicted output and plant output is due to additive disturbances in the 
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output. The predictive model output with a mismatch correction term is given as follows:  

 Pjkdkjkykjky p 1,2,...,=),(ˆ)|(=)|(ˆ                                   (3.26) 

 1)|(ˆ)(=)(ˆ  kkykykd                                                                      (3.27) 

 where )|( kjkyp   is the thj  prediction from the model over the prediction 

horizon P at time instant k  given the input information up to time instant k , )|(ˆ kjky   

is the thj  model prediction at time instant k  after adding the corrective term, )(ˆ kd  is the 

estimated disturbance at time instant k , )(ky  is the measured process output at time 

instant k, 1)|(ˆ kky  is the model predicted output at time instant k  given the input 

information up to time instant 1k . 

It is possible to compensate slightly varying unmeasured disturbances, by adding 

this mismatch correction term to the predictive model [116]. However, this strategy can 

not guarantee a steady-state offset-free performance in the presence of modeling errors 

[117]. In order to overcome this problem, an effective measure that uses the nonlinear 

integration of the offset error has been proposed by [118]. A brief description of this 

method is given below. In this method, the additive disturbances are assumed to be have 

first-order dynamics,  

                                        )),((=)(ˆ ttetd ssc


                                                   (3.28) 

 where )(ˆ td  is the estimated unknown disturbance, )(tess  = )(tyr  - )(tym  is the 

steady state offset error defined as the discrepancy between the desired output 
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)(tyr  and the measured output )(tym , and c  is a nonlinear continuous function of the 

offset error. Euler’s method is adopted to approximate the differential Eq. (3.28) with a 

step size equal to the sampling time T ,  

                                    )()(=1)( kekdkd ss                                            (3.29) 

 where  

                                      dttessc

Tk

kT
))((=
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                                             (3.30)
 

 The function   can be any continuous nonlinear function. In this work, it is 

chosen to be as the same as that used in [118], which is a sigmoidal-tanh function of the 

offset error )(tess  having the following form,  

                             1]
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                                  (3.31)

 

 where 1K  and 2K  are positive constants. 1K  specifies the range of variation of 

  and 2K  determines the rate of variation of  . 

3.5 Results and Discussions 

 To test the effectiveness of the proposed methodology, simulation studies were 

carried out on a complex wastewater neutralization process. A schematic diagram of the 

wastewater neutralization process is shown as Figure. 3.2. The control objective is to 

maintain the pH of the effluent stream at 7 by manipulating the titrating acid/base flow 
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rate, in the presence of external disturbances in the feed concentrations and model-plant 

mismatch. To achieve this objective, simulation were carried out in three steps: (i) two 

sets of titration curves were generated for training a separate RNN for each of the sub-

regions, namely, the acid region ( fpH  (feed pH) < 7 ) and the base region ( fpH > 7), (ii) 

two RNN models were tuned by employing the proposed RCGA- GA scheme with a 

modified VLC-SBC, based on the data sets generated in step (i), and (iii) two offset-free 

nonlinear MPC controllers were developed based on the above well-tuned RNN models. 

3.5.1 Titration Curve Generation 

 As shown in Figure. 3.2., a neutralization tank was considered in which an acid 

( 42SOH ) stream or a base (KOH) stream was introduced to neutralize the wastewater 

inlet stream, consisting of a mixture of a strong base (NaOH), a weak base ( 3NaHCO ), 

and a weak acid ( COOHCH3 ). The nominal conditions for the pH tank are given in 

Table 3.1. Two sets of titration curves were generated by varying the concentrations of 

the three inlet components. One is for the base region (as shown in Figure. 3.7. (a)) and 

the other is for the acid region (as shown in Figure. 3.7. (b)). As can be seen from Figure. 

3.7., these two sets of titration curves were generated such that they were able to cover 

almost all the possible operating ranges. Therefore, the RNN models trained based on 

these data sets are able to represent almost all the process dynamics. To simulate the real 

plant, measurement noises with a standard deviation of 0.01 were added to the titration 

curves. The data was compressed by deleting some redundant points in the titration 

curves, in order to reduce the computational burden. The elimination procedure was 
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performed by first finding an inflection point, and then defining two thresholds before 

and after the inflection point. If the slope of a point was less than the threshold, that point 

will be deleted. In this specific application, the threshold before the inflection point was 

chosen to be 0.005 (less points should be removed in the dynamic phase) and the 

threshold after the inflection point was set to be 0.015 (more points need to be deleted in 

the steady state phase). After compression, the total data points in the set of titration 

curves for the base region were reduced by 77%. For the set of titration curves generated 

from the acid region, the total data points were reduced from 50%. 

Table 3.1. Nominal conditions for the pH neutralization process 

 

 

Figure 3.7. (a) Titration curves generated at the range of 7fpH  and (b) Titration 

curves generated at the range of 7fpH . 
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3.5.2 Training the Recurrent Neural Network Models 

 Two RNNs were trained to simulate the dynamic behaviors of the pH 

neutralization process by using the two data sets generated above. 80% of the data 

samples were used for training and 20% of the data samples were used for validation. The 

input vector to the dynamic RNN models consisted of three previous values of the feed 

pH ( fpH ), three previous values of the dilution rate (D), and three previous values of the 

tank pH ( tpH ): 
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))(()( kuRNNky                                                                                             (3.33)      

 where )(ky  is the RNN output and RNN(ˑ) is the nonlinear RNN model. )(ky  

represents the current value of the tank pH )(kpHt . In the RNN model, the hyperbolic 

tangent activation function was used due to its larger data range over the sigmoid 

activation function. To meet its data scale, all the input and output variables were scaled 

between -1 and 1. The time delay of 3 in the input data was chosen such that enough 

dynamic data were provided for training the RNNs while the computational speed for 

training the RNNs was reasonably fast. 
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The two RNNs were trained by the proposed RCGA-  GA scheme with a 

modified VLC-SBX. The well-tuned parameter values for the modified VLC-SBX 

algorithm are given in Table 3.2. The maximum generation number was chosen to be 50, 

which yields a satisfactory trade-off between the training accuracy and computational 

time. The threshold of the generation ratio was set to be 0.6, meaning that the  GA will 

be introduced at generation 30 to fine-tune the near-optimal solution. And, the length of a 

single neuron is equal to 11, since 9 input weights, 1 recurrent weight, and 1 output 

weights were associated with each hidden node.  

Table 3.2. Parameters for the modified VLC-SBX method 

 

Figure 3.8 shows the training error evolution of the proposed method Vs that of 

the SGA. The black line in the two sub-figures denotes the minimum training error at 

each generation. The minimum training error keeps decreasing at every generation due to 

the elitism technique used. The best found solution was archived as an elite and passed 

through generations without being interrupted, until a better solution was found. In Figure 

3.8. (a) and (b), the red dash line with triangles denotes the training error obtained from 

the modified VLC-SBX and the common arithmetic crossover, respectively. Fluctuations 

in this error were observed, due to the stochastic property of the genetic operators. There 
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is no gaurantee that the solution obtained at the next generation is better than the one got 

at the previous generation. Figure. 3.8 (a) shows the training error evolution of the base 

model trained by the proposed SBX-RCGA method. It was observed that the RCGA with 

a modified VLC-SBX operator was able to find a near-optimal solution (MSE = 0.0273)  

 

Figure 3.8. (a) Training error evolution of the proposed SBX-RCGA and (b) training 

error evolution of the SGA. 

Table 3.3. Training MSE of SBX-RCGA and SGA 

       

effectively in the first 30 generations. In the last 20 generations,  GA was introduced to 

fine-tune the above-found near-optimal solution. A global solution (MSE = 0.0226) was 

found at the end of the generations.  

For the purpose of comparison, standard GA (SGA) was also implemented. The 

difference between the proposed method and the SGA method is that the crossover 
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operators used in these two methods are different, while other genetic operators were 

maintained the same. In SGA, the arithmetic crossover was used. Figure. 3.8. (b) shows 

the training performance of SGA. It can be observed that the SGA was not effective 

compared to the proposed method for finding a near-optimal solution. It only brought the 

MSE of the solution down to 0.0824 after the first 30 generations.  GA was also applied 

for local fine-tuning after the first 30 generations in the SGA method. The MSE of the 

solution found by the SGA at the end of the generations was 0.0255, which was larger 

than that obtained by the proposed methodology. Table 3.3. summarizes the MSEs 

obtained from these two methods. This comparison study shows the superiority of the 

proposed method over the SGA, since it can find a near-optimal solution more 

effectively, and also yields a better final solution with a lower MSE. The error evolution 

of the acid model shows the similar results and is not shown here. 

The performances of the proposed methodology were also compared with those of 

the adaptive fuzzy radius basis function (AFRBF) method proposed by Alexandridis et al. 

[119]. The training and validation results of the base and acid RNN models obtained from 

both the proposed method and the AFRBF method are shown in Figures. 3.9. and 3.10., 

respectively. The training and validation data was taken from the same data set consisted 

of all the titration curves generated in section 3.5.1. The training and validation data were 

splitted in a sequential way, i.e., the last point of every five points was taken out to form 

the validation data set and the rest of the data was formed as the training data set. Again, 

the comparison results favor the proposed methodology. Both the training and validation 

results obtained from the proposed method showed slight superior performance than 
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those obtained from the AFRBF method for both the base and acid models. Twenty 

simulation runs were performed using the proposed methodology, the SGA method,  

 

Figure 3.9. (a) Base model training results by the proposed SBX-RCGA, (b) base model 

results by AFRBF, (c) base model validation results by the proposed SBX-RCGA, and 

(d) base model training results by AFRBF. Blue solid line: real outputs and red dash line: 

predicted outputs. 

and the AFRBF method. The average results for these three methods were tabulated in 

Table 3.4. It can be observed clearly from Table 3.4. that, for the acid model, the 

proposed SBX-RCGA yielded the most accurate model and required the least number of 

hidden nodes, as well as cost the least computational time. For the base model, although 

the SGA produced the RNN model with the smallest size and required the least 
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computational time , it was not as accurate as that generated by the proposed SBX-RCGA 

method. The proposed method gave the most accurate results with a reasonable size of 

RNN, for the base model. It should be pointed out that the computational cost of GA is 

usually high for complex systems with large number of parameters and the AFRBF is a 

computational-efficient method. However, the opposite results were reported in this 

work. This is because if the training error evolution was not calculated in the AFRBF 

algorithm, it was pretty fast. If the training error was calcualated at each iteration, its 

computational cost became the same order of magnitude of that of GA and showed a 

slight higher cost than GA. 

 

Figure 3.10. (a) Acid model training results by the proposed SBX-RCGA, (b) acid model 
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training results by AFRBF, (c) acid model validation results by the proposed SBX-

RCGA, and (d) acid model training results by AFRBF. Blue solid line: real outputs and 

red dash line: predicted outputs. 

 

 

Table 3.4. Comparison performances of the three methods for training RNNs 

 

 

3.5.3 Multi-model MPC Performance 

 The disturbance rejection performance of the NNMMPC control strategy was 

tested on the pH neutralization process by introducing multiple step-change disturbances 

in the feed pH. Extremely large disturbances (from fpH = 3.6 to fpH = 13.1) were 

introduced. Random noise of a standard deviation (STD) of 0.01was introduced in the 

feed concentrations by adding an uncorrelated white noise sequence using the randn 

command in MATLAB. Two NLMPCs were designed for control of the pH process. For 

the base controller, the control horizon, M=3, and the prediction horizon, P=5, were 

found to yield a good trade-off between the control performance and the computational 

time. However, for the acid controller, the same parameter setting of M=3 and P=5 did 

not work very well and large oscillations were observed in the face of huge disturbances 

in the feed. It was observed that the acid model was more sensitive to the noise and large 

accumulative error was produced during the long prediction horizon. Decreasing the 
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prediction horizon help mitigate the oscillations. A good parameter setting of M=2 and 

P=3 was found to yield a desirable acid controller.  

For the purpose of comparison, three NLMPC controllers were also implemented for 

control of the pH neutralization process. An intermediate controller was designed to 

control the area around 7=pH , where the most steepest area of the titration curves is 

located. This intermediate controller worked by adding both 42SOH  and KOH  to the 

process. The control performance of the three NLMPCs was shown in Figure. 3.11. (b). It 

is observed from Figure. 3.11. that the additional intermediate controller did not help 

improve the control performance, but rather, deteriorated the control performance and 

cost more computational effort. More overshoots were observed in the performance of 

the three NLMPC controllers due to more frequent switching between the controllers. 

Therefore, it was concluded that the third controller was not necessary and two NLMPCs 

were enough for controlling the pH process, effectively. The mean square errors (MSE) 

of the performances of the two controllers and the three controllers can be seen in Table 

3.5. 

The regulatory response curves for the NNMMPC with and without integral 

action, in response to the multiple step-change disturbances in the feed pH are shown in 

Figure. 3.12. Steady state offsets were observed for the NNMMPC without integral 

action due to the plant-model mismatch caused by unknown disturbances and model 

uncertainties. These offsets can be eliminated by estimating the unknown disturbances  
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Figure 3.11. (a) Disturbance rejection performance of two NLMPC controllers and (b) 

disturbance rejection performance of three NLMPC controllers. 

via nonlinear integration of the offset error as introduced in section 3.4.3.3. The optimal 



Texas Tech University, Weiting Tang, May 2013 

 78 

values for the tuning parameters 1K  and 2K  for the base controller were found to be 0.1 

and 0.8, respectively. And, 0.05=1K  and 0.01=2K  were found to be optimal for the 

acid controller. Figure. 3.12. shows the great performance of this technique to nullify the 

effect of the unmeasured disturbances on the control variable. The MSEs of the 

performances with and without intergal action can be found in Table 3.5. 

         

Figure 3.12. NNMMPC disturbance rejection performance with and without integral 

action. 

In most industrial processes, large overshoots are not allowed. Feedforward 

control was applied in this work to reduce overshoots. Feedforward control made use of 

the measured inlet and desirable setpoint pH values. Besides, the concentration of the 

manipulated variable (titrating reagent) was also known, the desired amount of the 

titrating reagent ( 42SOH / KOH ) needed to be added to the process to neutralize the inlet 

stream can be calculated. Figure. 3.13. shows that the feedforward control was able to 

reduce the overshoots caused by large disturbances significantly. The MSEs of 
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NNMMPC with and without feedforward control can be seen in Table. 3.5. 

                    

Figure 3.13. NNMMPC disturbance rejection performance with and without feedforward 

control. 

Table 3.5. Preformance index (MSE) of comparison studies 

 

Disturbance rejection performances of the NNMMPC strategy were compared 

with those of the nonlinear gain scheduling controllers (NGSCs) [120] by measuring the 

dynamic responses of the control variable in response to multiple step-change 

disturbances in the inlet stream. Three sub-NGSCs were designed for each of the acid 

region and the base region. The three sub-regions were divided by using a fuzzy c-means 
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clustering technique based on the information of the inlet pH values: (i) low pH region, 

(ii) medium pH region, and (iii) high pH region. The optimal control parameters for the 

each of the sub-NGSC are listed in Table 3.6. cK is the controller gain and IT is the 

integral time. Figure 3.14. shows the disturbance rejection performances of both the 

NNMMPC method and the NGSCs method. It can be observed clearly from Figure. 3.14. 

that the NNMMPC algorithm showed superior disturbance rejection performances, 

compared to the NGSCs. The proposed NNMMPC algorithm was able to drive the 

control variable to the designated setpoint in the face of all the large disturbances, with 

only small oscillations due to the measurement noises. Whereas, the NGSCs were not 

able to handle the huge disturbances, effectively, and large oscillations were observed. 

Moreover, only two nonlinear controllers were required to control the entire operating 

region in the NNMMPC strategy. While, six local controllers were needed to control the 

entire operating region by using the NGSCs method. The MSE of these two methods are 

tabulated in Table 3.7. 

 

Table 3.6. Optimal parameters of nonlinear gain scheduling controllers 
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Figure 3.14. (a) Disturbances rejection performance of NNMMPC and (b) disturbances 

rejection performance of NGSC 

 

Table 3.7. Performance comparison of NNMMPC and NGSC 

 



Texas Tech University, Weiting Tang, May 2013 

 82 

3.6 Conclusions 

 In this work, the feasibility and effectiveness of the proposed NNMMPC strategy 

was tested on a nonlinear continuous pH neutralization process. Simulation results show 

the effectiveness of the multi-model approach in dealing with such a highly nonlinear 

process. The SBX-RCGA-  GA scheme with a modified VLC-SBX operator was able to 

tune the structure and the connecting weights of the RNN models simultaneously and 

yielded a global solution. Comparison studies with the SGA and the AFRBF methods 

showed the superiority of the SBX-RCGA-  GA scheme for training the RNN models, 

in terms of both the training accuracy and computational efficiency. Offset-free control 

performances were achieved by incorporating the integral action into the NNMMPC 

control strategy. The control performances were further improved by merging 

feedforward control with NNMMPC to reduce the overshoots caused by large 

disturbances. The disturbance rejection performances of the proposed approach were also 

compared with those of the NGSCs. Better performances of the proposed methodology 

over the NGSCs were observed. 
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Chapter 4 Leak Detection and Diagnosis Methods for Natural Gas Pipelines 

4.1 Introduction 

  Since its discovery thousands of years ago, natural gas has become an 

indispensable energy source throughout the world for industrial and home use due to its 

high-unit calorie and cleanness [121]. Pipeline system, as the cheapest, the most efficient 

and environment-protection way to transport natural gas, is a dominant transportation tool 

for deliverying and distributing natural gases to comsumption sites [122]. As the demand 

of natural gas for both domestic and international use has increased dramatically over the 

last decade, millions of miles of pipelines are responsible for transporting and distributing 

natural gases all over the world. The operation of natural gas pipelines is of primary 

concern from safety, environmental and economic points of view. Pipeline leaks can pose 

serious hazard to human lives, cause environmental disaster, as well as cost tremendous 

economic losses to pipeline companies, if not detect and repair quickly. Therefore, it is 

essential to design an efficient and reliable leak detection system to detect and locate 

leaks quickly and accurately.  

4.1.1 Causes of Pipeline Leakages 

The causes of pipeline leaks can be ascribed to several factors, such as mechnical 

damage, corrosion, cracks, defects in the pipe joints, climate factors, sudden excessive 

changes of pressure caused improper operation action, or lack of proper maintenance 

[121, 123]. A brief introduction of the main causes for the pipeline leaks is given below.  
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Mechanical Damage : is one of the most important causes for pipeline leakages. 

It happens when heavy construction equipment dents the pipe, scrapes off its coating, or 

erodes the metal. 

Corrosion : is another hassling problem for the pipeline industries. Corrosion is a 

delitescent enemy. It is very hard to be detected and located until it causes obvious 

damages. Metal corrosions are triggered by the electrial differences between the pipe and 

its surrounding soils. 

To address these inevitable problems in pipeline system and minimize the 

consequent economic losses and environmental problems, powerful and efficient pipeline 

leak detection and diagnosis systems are in a great demand. A leak detection system by 

itself can not help prevent the failures of a pipeline system. But it can help reduce the 

probability that a failure occurs by monitoring the intergrity of a pipe system 

continuously, and thus help minimize the consequences from pipeline leaks if they occur. 

The most important issues involved in leak detection and diagnosis are: 

 Understanding the criteria that an effective leak detection and diagnosis 

system should meet.  

 Detection of the presence of leak indicated by the abnormal pattern in the 

data.  

 Diagonis of the leak location and leakage size.  

4.1.2 Nomenclature 
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Fault detection and diagosis (FDD) has become a popular topic in chemical 

process industries (CPI) over the last several decades, because it deals with the most 

important issue – the safety issue. However, to understand and compare different 

methods to design an effective and reliable fault detection system, one needs to first 

understand the basic concepts of FDD. This is mainly due to the terminology in FDD is 

obscure and inconsistent. Therefore, it is necessary to give the defination of the most 

frequently used terminology in FDD here. The following commonly accepted definitions 

are given by the SAFEPROCESS Technical Committee [124]. 

Fault: An unpermitted deviation of at least one characteristic property/variable of 

the from the acceptable, usual, standard condition.  

Failure: A permanent interruption of a system’s ability to perform a required 

function under specified operating conditions. 

Malfunction: An intermittent irregularity in the fulfillment of a system’s desired 

function. 

Monitoring: A continuous real time task of determining the conditions of a 

physical system, by recording information, recognizing and indicating anomalies in the 

behavior. 

Error: A deviation between a measured or computed value (of an output variable) 

and the true, specified or theoretically correct value. 

Disturbance: An unknown and uncontrolled input acting on a system. 
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Residual: A fault indicator, based on deviation between measurements and model 

equation based computations. 

Symptom: A change of an observable quantity from normal behavior. 

Leak: An unintented release of materials from a pipeline. 

Leak detection: Determination of leak present in a system. 

Leak diagnosis: Determination of the location, size, and time of detection of a 

leak. Follows leak detection. 

4.1.3 Leak Detection System Performance Criteria 

For the purpose of assessing and comparing various leak detection approaches, it 

is necessary to define a set of selection criteria that can be used to evaluate the 

performances of leak detection systems.  Some of the key standard criteria/requirements 

are defined as follows [125-127]: 

Detectability: Detectability of the leak detection system is defined as the 

system’s ability to locate the leak and determine the size of the leak. The leak detection 

system should reponse fast to the occurance of a leak.  

Accuracy: Accuracy is defined as a measure of how close the estimated leak 

location and magnitude to the actural leak location and magnitude, whether they are 

within the acceptable degree of tolerance or not. 

 Sensitivity: Sensitivity refers to the minimim leak magnitude that a system can 
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detect. A desirable leak detection system should be sensitive to small leaks, but 

insensitive to background noises. 

Reliability: Reliability is defined as a measure of the system’s ability to give 

accurate decision about the possible existence of a leak in a pipeline. It is directly related 

to the false alarm rate. If the false alarm rate is high, the detection system may be less 

reliable. 

Robustness: Robustness is a measure of the ability of a leak detection system to 

continue to work and provide useful information under any operating conditions. These 

conditions may include the cases where instrumentation or communication fails, 

measurements corrupted by noise, or uncertainties present in the process.  

Applicability: A desired leak detection system should be able to adapt changes in 

the external input and structural changes. For example, some leak detection system 

should be able to apply to both single and multiple phase, like the one operated in off-

shore.  

Operability: The leak detection system should be able to operate under all 

operaiing conditions, including start-up, transient state, and shut-down.  

However, on one method is universally applicable and no single system can meet 

all these performance criteria. Every leak detection approach has its own strenths and 

weaknesses. If a high level of reliability is prefered, some degree of sensitivity must be 

sacrificed at the expense, and vice versa. Therefore, it is very important to understand the 

specific operating condition of the systems, in order to design an effective leak detection 
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system that meets all the desired performance requirements.  

4.2 Existing Leak Detection and Diagnosis Methods  

In general, leak detection methods can be broadly classified into two categories: 

(i) hardware-based methods and (ii) software-based methods. Hardware-based methods 

are those that require special sensor devices to be installed externally on the surface of 

the pipelines or those that require some tracer devices/chemicals to be inserted into the 

pipeline for inspection. The software based methods make use of the measured pressure, 

flow rate and temperature information to set up a mathematical model of the process or to 

performance some statistical analysis [127]. A brief review of these methods is given 

below. 

4.2.1 Hardware-Based Methods 

Various hardware-based methods have been developed. Among the most popular 

ones are: acoustic emissions, smart pigs, cable sensors, gas sampling, and soil monitoring 

[127, 128]. 

Acoustic Emissions: Escaping fluid creats a acoustic signal as it flows through a 

perforation in the pipeline. This signal can be received by the acoustic sensors placed 

around the pipe. The advantages of this method include: (i) is able to detect and locate the 

leaks and (ii) can detect the leaks without interfering the normal operation of the 

pipelines. However, this technique requires a lot of sensors to be installed around the 

pipeline. Also, it is hard to detect small leaks since small leaks do not produce enough 

acoustic essimions. 
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Smart pigs: Smart pigs are intelligent robotic devices that are impelled down into 

the pipelines to evaluate the interior of a pipe. They can measure things like pipe 

thickness, corrosion, or any other defects that may pose a potential risk to the safety 

operation of a pipeline. The "smart pigs" includes magnetic flux leakeage (MFL) pigs, 

electromagnetic acoustic tranducer pigs, and so on. Smart pigs can provide a high 

accuracy for leak detection. However, this technique is very costly since a lot of smart 

pigs needed to be propelled down to the entire pipeline system. 

Cable sensors: These sensors utilize some polymer materials which will swell in 

volume or change their electrical properties in the presense of hydracarbon, thus cause 

measurable changes in the electrial properties of these sensors. The speed and accuracy of 

this method depends on the distance from the leak site to the nearest cable sensor. 

Moreover,this method can not determine the location of the leak and is very expensive 

since a lot of sensors are required. 

Gas sampling: This method makes use of a flame ionization detector housed in a 

remote handheld or vehicle mounted probe to detect leaking natural gas. The advantages 

of this method include that it can detect very small leaks and immune to false alarm. 

However, this approach detects leaks in a very slow rate and also very costly. 

Soil monitoring: This method involves first inoculating the pipeline with a small 

amount of tracer chemical which is nontoxic and highly volatile. In case of a leak, this 

tracer chemical will flow out of the pipeline. And then, the leaks can be detected by 

analyzing the concentration of the vapor phase and tracer substances in the soil 

surrounding the pipeline. High sensitivity and low false alarms are two strengths of this 
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method. However, this technique is also very expensive since the tracer chemicals need 

to be added continuously. 

Advantages and Disadvantages of Hardware-Based Methods 

Hardware-based leak detection technologies typically provide accurate leak 

location and identification and have high sensitivities and are capable to detect small 

leaks.  However, they usually need extra sophisticated instrumentations, which require 

high capital investments and maintenance costs, as well as intensive human 

involvements. In addition, hardware-based methods can only provide periodically 

monitoring on the integrity of the pipeline systems, and thus may result in a delay in the 

event of a leak occurring, which in return, may cause huge economical losses and 

environmental pollution.  

4.2.2 Software-Based Methods 

Compared to hardware-based method, software-based method can provide 

continuous online monitoring over pipeline systems. It allows rapid detection of leaks 

and is very cost-efficient. Nowadays, more and more attentions have been paid to 

develop an effective and reliable software-based leak detection and location system for 

natural gas pipeline systems (NGPS). Software-based leak detection methodologies can 

be further divided into three main categories: (i) mass balance methods, (ii) pressure-

based methods, and (iii) advanced computer-based methods. A detailed introduction of 

each type of these three methods is given below.  

4.2.2.1 Mass Balance Methods 
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The mass balance methods are based on the principle of conservation of mass. For 

a pipeline, the difference between the amount of fluid that enters and exits the pipe over a 

given time must be equal to the change in linepack over the same time period [125]. The 

mathematical form of the principle is given below:  

                                         LPoutin VVV  =
                                                         (4.1)

 

where  

intervaltimefixedaoverpipelinetheenteringvolumecorrectedormassVin =
 

intervaltimesametheoverpipelinetheexistingvolumecorrectedormassVout =
 

intervaltimesametheoverlinepackinchangeVLP =  

 An imbalance in the above equation beyond a predefined threshold implies a leak 

existing in the pipeline. In practice, there are always some imbalance in mass due to 

measurement errors, noises, and linepack calculation errors. So this technique requires 

high accuracy of the measurement instrumentions.  

4.2.2.2 Pressure-Based Methods 

Pressure/Flow Monitoring Technique 

This technique detects leaks by identifying a high rate of changes in pressure 

and/or flow rate. It monitors the pressure/flow trends in a tabular or graphical format on a 

central monitoring station (CMS). Monitoring these trends facilitates identifying an 

abnormality from the normal fluctuations. However, since normal operation can also 

generate rapid and large changes in pressure and flow rate, false alarms are pervalent in 
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this method. Several modifications are proposed to overcome this shortcoming. They 

include checking both the pressure and flow rate violations when there is any abnormal 

event. An alarm will be initiated only if both of the violations are satisfied. 

Negative Pressure Wave Method 

The principle behind the nagative pressure method is that a leak will produce a 

sudden pressure drop at the leak site which generates two negative pressure waves, 

propagating toward the upstream and downstream. Two types of sensors, namely, 

pressure sensors and sound sensors are installed along the pipeline to receive the nagative 

pressure waves upon they reach the upsteam and downstream end. The leak location can 

be determined if the travelling time from the leak site to upstream and downstream is 

available. The mathematical form for calculating the leak location is given as follows:  

                                     
2

)(*
= 21 ttad

L


                                                      (4.2)
 

 where Lis the distance between the leak site and sensor where the negative 

pressure wave is first detected, d is the distance between the upstream and downstream 

sensors, a is the acoustic velocity of the fluid, 1t  is the time of the wave arrived the first 

sensor, and 2t  is the time of the wave arrived the second sensor. 

Pressure Point Analysis  

Pressure point analysis (PPA) detects leaks by checking that the statistical 

property of a series of pressure measurements taken from a pipeline are different before 
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and after a leak occurs . The evidence that the mean of the data set taken after a leak is 

significantly lower than that of the data set taken before a leak indicates the existence of a 

leak. The PPA method is very simple and do not require a lot of instruments. However, 

its application is limited to the case where the linepack size is small and the pipeline is 

mostly operated in a steady state condition. 

4.2.2.3 Advanced Computer-Based Methods 

A variety of advanced computer-based fault diagnosis methods range from model-

based methods to artificial intelligence and statistical approaches have been developed 

for leak detection and diagnosis [129]. To diagnose any faults, two steps are 

indispensable: (i) residual generation and (ii) residual evaluation [126]. Various residual 

generation methods are available depending on the different types of a priori knowledge. 

A priori knowledge (for fault diagnosis) is defined as the set of failures and relationships 

between the observations (symptoms) and the failures [126]. Based on the different types 

of a priori knowledge for a pipeline system, the advanced computer-based leak detection 

and diagnosis methods can be broadly classified into three categories: (i) model-based 

leak detection methods, (ii) knowledge-based leak detection methods, and (iii) statistical 

analysis techniques. 

Model-Based Leak Detection Methods 

Model-based methods require an explicit mathematical model of the system either 

in a first principle form or in a black-box form [126]. The most popular and important 

methods included in this class of approach are state estimation/state observer. 
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State estimation/state observer: The basic idea behind state estimation/state 

observer is to estimate the unmeasurable state variables based on the measured input and 

output signals [126, 129, 130]. In this method, it assumes that the structure and the 

parameters of the model are both known. The output error between a measured process 

output and an estimated model output is deemed as a residual. Threshold or statistical test 

can be used for residual evaluation. Depending on the circumstances, one may select 

linear or nonlinear, fixed or adaptive observer/filters for fault detection. 

Knowledge-Based Leak Detection Methods 

Knowledge-based approaches for fault detection and diagnosis has received 

considerable attentions from industry over the last decade as Tzafestas pointed out [131]. 

This approach does not require a mathematical model of the process, only a series of 

measurement data is needed. The most commonly used knowledge-based approaches for 

leak detection are expert system and artificial neural network. 

Expert system: An expert system performs reasoning using heuristic knowledge 

rather than precisely formulated relationships. It has the advantages of easy development 

and be able to reason under uncertainty and to explain the reasoning. However, its 

application for leak detection has several limitations such as lack of generality and poor 

handling of novel situations since the expert rules are very system-specific [126, 132]. 

Neural network: Neural network find its application in fault detection because of 

its ability of pattern recognition and classification. Neural networks are able to learn 

diagnostic knowledge from measured signals taken before and after a leak occurs. One of 

the advantages of neural network is that it does not require a precise priori knowledge of 
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the process. However, researchers also pointed out that neural network need high 

accurate measurements in order to calculate the exact evolution of faults, which make 

them undesirable for on-line fault detection and diagnosis [132, 133].  

The main disadvantage of knowledge-based method is that it does not have any 

physical understanding of the underlying system, and thus it is not able to adapt new 

condtions.  

Statistical Analysis Techniques 

Like the knowledge-based methods, statistical analysis techniques for fault 

detection only require the availability of a large amount of historial process data. A priori 

knowledge can be transformed and extracted from the process data. This is known as 

feature extraction [126]. Two main categories of statistical analysis techniques, namely, 

the multivariate statistical techniques and statistical classifiers, for fault diagnosis are 

discussed below. 

Multivariate statistical techniques: Multivariate statistical techniques such as 

princple component analysis (PCA) and partial least square (PSL) are powerful feature 

extration methods. Both of them can help reduce the dimension of the original huge data 

set and provide explanation for the variations in the process variables [126, 134]. PCA is 

based on an orthogonal decomposition of the covariance matrix of the process variables. 

It is useful in finding the dominant factors that describe the major trends of the process. 

PLS is a biased regression approach that reduces the dimensions of both process variables 

and product quality variables to be analyzed. One limitation of the conventional PCA is 
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that it is not suitable for time-varying process due to its inherent time invariant property. 

Statistical classifiers: Fault diagnosis can be viewed as a problem which combine 

the instantaneous estimates from classifier using the knowledge about the statistical 

properties of the failure modes of the system. Classifiers like Bayes classifier and 

Euclidean distance based classifier can be used for fault diagnosis. 

Statistical analysis techniques require a large amount of measurement data. They 

may not be applicable when the measurements are not available. Furthermore, this 

method may detect leak in a late stage since abundant measurements need to be collected. 

4.2.3 Leak Diagnosis Methods 

Leak diagnosis determines the type of fault and also provides the information 

about the fault such as the fault size, location and time of detection. Diagnosis is based on 

the observed analytical and heuristic symptoms and heuristic knowledge of the process. 

Fault diagnosis methods can be broadly classified as classification methods and inference 

methods [135]. 

4.2.3.1 Classification Methods 

 Classification methods usually include two steps. First, a template of the normal 

operation is learned from the relationship between inputs and outputs under a normal 

operation condition. Then, the observed signals are compared with the normal reference 

to determine the presence of a fault.  

4.2.3.2 Inference Methods 
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 In some practical processes, we may know the basic relationships between faults 

and symptoms, or at least partially know. Symptom-causalities can be found using this a 

priori knowledge. And then, the symptom can be used to direct the search for a fault 

based on the sypmtom-causalities. 

4.3 Overview of Previous and Related Works 

 One of the earliest and most popular leak detection methods for gas pipelines is 

the mass balance method [136]. In this method, a leak is detected when the error between 

the inlet mass flow rate and outlet mass flow rate excesses the pre-defined threshold, after 

accounting for the line packing term, as well as for the uncertainties in the packing term. 

This method can only detect a leak, but cannot locate it. Negative pressure wave [137, 

138] is another popular method for detecting leaks in NGPS. In this method, the negative 

pressure wave generated from a leak propagates toward both ends of the pipeline and the 

pressure sensors record the time difference. The leak location can be calculated by using 

the recorded time difference and the pressure wave velocity. This method is simple and 

doesn’t need to set up a mathematical model. However, it highly depends on the accuracy 

of the sensors and the leak should be big enough to generate the detectable negative 

pressure signals. Beck et al. reported a new technique which can detect both pipeline 

features (junctions, bends and valves) and leaks by performing a cross-correlation 

analysis of the measured reflected pressure wave [139]. Although this method gives 

accurate result, a lot of sensors are required for long distance detection. An approach to 

detect boiler leaks by using an improved PCA method was proposed by Sun et al. [140]. 

It is claimed that this method is able to reduce false alarm rate, but it takes a long time to 
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detect leaks (approximately 7.2 hours). Urbanek et al. proposed a wavelet-based filtering 

technique for leak detection in gas pipelines [141]. Their method can deal with signals 

with high noise level. However, the effectiveness of this method has only been tested for 

a short-distance pipeline (20m).  

Model-based leak detection methods for NGPS, as an effective alternative to the 

signal processing methods, have received more and more attentions from researchers in 

the last decade. Unlike methods solely based on statistical analysis on measurements 

(black box), method-based methods use a dynamic model to estimate the complex 

pipeline internal flow features and then compare them with the available measurements to 

identify a faulty event. A lot of research work has been done in this area. Billmann and 

Isermann applied a nonlinear adaptive state observer and a special correlation technique 

to detect and locate small leaks in gas and liquid pipelines, based on the flow and 

pressure measurements at both end of the pipeline [142]. In this method, a central 

difference scheme was adopted to approximate both the temporal and spatial derivatives 

and a big grid size of 9 km was used. The stability of this method for smaller discretized 

distance was unreported. Benkherouf and Allidina used an extended Kalman filter (EKF) 

to estimate the leak rate and location [143]. The unknown leak parameters were put as 

augmented state variables. In this method, only leaks at the discretized nodes can be 

detected. Liu et al. applied an adaptive particle filter (APF) to the same system as that 

used in the above paper, to improve performances [144]. However, their method is only 

applicable to steady states. A nonlinear multiple-model state estimation scheme was 

proposed by Emara-Shabaik et al. to detect and locate leaks in gas pipelines [123]. This 
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method estimated the leak parameters in a forward way (assuming the leak location was 

known, and compared the case where there is a mismatch in the location with the case 

where there is no mismatch in the location.) Normally, it is not easy to locate leaks in a 

forward way, especially if the number of discretized nodes is large. In addition, only the 

results for a 10% leak were reported. Reddy et al. presented a series of two papers for 

leak detection in gas pipeline networks, by using an efficient state estimator based on a 

transfer function model [145, 146]. Their method has been validated using both 

laboratory-scale experiments and real field tests, and it is applicable to both single 

pipelines and pipeline networks. The drawback of this method is that it only gives 

satisfactory performances for leaks larger than or equal to 5% of mass flow rate, under a 

transient condition. A new approach based on linear parameter varying (LPV)  model was 

proposed by Lopes dos Santos et al. for leak detection in high pressure gas pipelines 

[147]. In their method, two Kalman filter leak detectors were modeled as a LPV system, 

and then, run simultaneously to locate leaks. It was reported that this method has a low 

accuracy due to the long sampling period, which is an inherent limitation of the 

equipment. Wang and Carroll designed a real-time online pipeline observer, which can be 

used for both state estimation and parameter training [148]. The recursive least square 

method was used for parameter estimation and the calculation of a Jocabian matrix 

(sensitivity matrix) involved in this method can be very computationally expensive for 

large and complex systems.  

In this work, an efficient and reliable method for leak detection and location in 

gas pipelines based on dual unscented Kalman filter (DUKF) was proposed. The 
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proposed method used two unscented Kalman filters (UKF) (a state estimator and a 

parameter estimator) running simultaneously to provide accurate estimations of the 

pipeline internal flow rates and pressures, which were then compared with the available 

mass flow rate measurements at the two ends of the pipeline to locate a leak. The main 

advantages of the proposed methodology include: (i) it is applicable for both steady and 

transient states, (ii) it doesn’t require a linearization step for state estimation, and thus 

increase accuracy, (iii) it uses both state and parameter estimations to provide a more 

accurate prediction of the pipeline internal flow parameters, and (iv) it uses a moving 

time window technique for leak detection and identification, which help mitigate the 

effect of noise, and therefore help reduce false alarm rate. The performance of the 

proposed methodology is evaluated on a 90 km long natural gas pipeline system using 

Matlab simulations.  

4.4 Conclusions 

In this chapter, the causes of leaks in natural gas pipelines were first reviewed. 

Then, the terminology used in fault detection and diagnosis and the performance criteria 

for evaluating the performance of a leak detection system were given. It was concluded 

that no single monitoring system could meet all the desired performance standards. One 

should design a leak detection system according to the specific needs and conditions of 

the system, by emphasizing some of the preferable performance standards. The existing 

leak detection and location methods are also reviewed. Hardware leak detection and 

location methods often provide accurate results. However, they are usually very costly 

and require high maintenance fees. Besides that, it only provides periodically monitoring 
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over the pipeline. Traditional software-based methods, such as, the mass balance-based 

methods and the pressure-based methods, either may not be able to locate leaks or are not 

applicable to transient pipeline flow conditions. Model-based leak detection and location 

method is the most sophisticated method and is able to provide continuous real-time 

monitoring over the pipeline. Dual unscented Kalman filter is a new state estimation 

technique and has the capability to increase the estimation accuracy by taking into 

account the parameter uncertainties of the process. It is a great potential model-based 

method for pipeline leak detection and location. 

 

 

 

 

 

 

 



Texas Tech University, Weiting Tang, May 2013 

 102 

Chapter 5 Modeling and Simulation of Transient Flow in Complex Gas Pipeline 

Networks 

5.1 Introduction 

As discussed in the previous chapter, model-based leak detection and location 

technique is the most suitable method for detecting and diagnosing leaks under both 

steady state and dynamic operating conditions.  A transient model of the gas flow in 

pipelines needs to be built up for supporting real-time operations and monitoring of gas 

pipeline systems. The continuity and momentum equations, together with the state 

equation, constitute the governing equations for the transient flow in gas pipelines. This 

system is characterized as a distributed parameter system (DPS), whose variables are 

functions of both time and space. The success implementation of an online monitoring 

system based on a DPS requires the numerical scheme for solving the DPS to have two 

desired properties: (i) it should provide sufficient numerical accuracy and (ii) it should be 

computational efficient to be implemented in real-time. In this chapter, we evaluate and 

compare the performances of different numerical methods for solving a single pipeline, 

as well as a pipeline network.  

Several scholars have conducted research on developing efficient numerial 

methods for solving the governing partial differential equations (PDEs) of the transient 

gas pipeline flows. Tranditional methods include explicit and implicit finite difference 

method (FDM), and method of characteristics (MOC) [149]. More sophisticated methods 

were also developed in the last decade. Ke and Ti proposed an electrical analogy method 
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for transient analysis of isothermal gas flows in pipe networks [150]. This method is 

superior over conventional methods in terms of computational efficiency and 

convergence. However, the isothermal assumption is violated in some situations and a 

temperature efficiecy factor need to be tuned heuristically. An efficient transfer function 

method was also developed to simulate the dynamic flows in gas pipelines [145, 151]. 

However, in this method, a big error may be introduced if a large sampling time is used. 

Behbahani-Nejad and Shekari proposed a reduced order modeling approach for solving 

the transient flow in gas pipelines [152]. Their method can provide the same accuracy as 

that got from the conventional FDM, and is more computationally efficient. However, a 

stability issue may be arise, if a large time step is used in the linearized finite difference 

equations. Herran-Gonzalez et al. used two numerical schemes (MOC and Crank-

Nicolson method) to solve the two simplified models derived from the original governing 

equations based on different assumptions [153]. The effect of the inclination term was 

considered and an easy-to-implement MATLAB-Simulink library was developed to 

implement their method. However, the validity of this method on different operating 

conditions need to be tested. Chaczykowski used method of lines (MOL) to get the 

numerical solution of the governing PDEs [154]. 

Comparision studies on the effectiveness of different numerical schemes for 

solving PDE systems were also investigated. Osiadacz compared different numerical 

techniques and the main features of their underlying assumptions for solving the 

governing equations of a DPS [155]. Emara-Shabaik et al. conducted extensive 

researches on comparing the performances of the implicit centred-time alternating-space 
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(CTAS), the implicit centred-time centred-space (CTCS), and the MacCormack 

predictor-corrector method (MC), in terms of their numerical accuracy, speed of 

response, and settling time, in order to determine their suitability for real-time monitoring 

of gas pipeline systems [156]. It was concluded that MC is the most accurate and efficient 

method. However, in their work, the comparison studies were only conducted for a single 

pipeline system.  

In this paper, three numerical methods (FDM, MOL, MOC) are also compared to 

determine their suitability for designing an online gas pipeline monitoring system. These 

three numerical methods are not only being test on a single pipeline, but also on a 

complex gas pipeline network with varying demands at two delivery points. The main 

objective of this research study is to provide measures to select the best numerical 

scheme to put in an online state estimation framework for the leak detection purpose. The 

ability of the best selected scheme to recover clean states from the noisy measurements is 

demonstrated through a simulation study.  

5.2 Development of the Pipeline Simulation Model  

5.2.1 Mathematical Modeling of Transient Gas Pipeline Flow 

Under isothermal condition, the transient flow in a gas pipeline is described by 

two fundamental equations: mass balance and momentum balance, together with an 

equation of state. The energy balance is dropped, because it is assumed that there is 

enough time for the gas flow to reach thermal equilibrium with the constant-temperature 

surroundings of the pipeline. It is also assumed that the isothermal gas flow is one-
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dimensional with a velocity much less than the acoustic velocity. Further, the pipeline 

under consideration is horizontal and with a constant cross-sectional area. With these 

assumptions, the gas pipeline model can be derived as follows [136]: 

Mass balance:                                             0=
x

v

t 
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Momentum balance:              0=sin
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Equation of State:                                        2= czRT
p
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where c is the acoustic velocity, λ is the friction factor given by the Darcy-

Weisback formula. The convective acceleration term, 
x

v
v



 , in the momentum equation, 

is relatively small compared to other terms, and thus is negligible. The gas density ‘ρ’ 

and velocity ‘ν’ measurement data are normally not readily available in gas industry. 

Therefore, it is better to express the gas pipeline model in terms of pressure and mass 

flow rate, by substituting Eq. (5.3) into Eqs. (5.1) and (5.2): 
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where p is the pressure, q is the mass flow rate, A is the cross-sectional area, D is 

the pipeline inner diameter, g is the gravity acceleration, φ is the inclination of the 
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pipeline (φ=0 for a horizontal pipeline, which is the case in this paper), c and λ are the 

same as those defined before. Derivation of the pipeline model can be seen in appendix.  

Eqs. (5.4) and (5.5) constitute a set of two hyperbolic PDEs. To close this PDE 

system, suitable initial conditions for p(x,t), q(x,t) and two boundary conditions need to 

be given: 

Initial conditions: 
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Boundary conditions: 








LptLxp

ptxp
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),0( 0
                                                        (5.7)                  

where L is the pipe length, )( pf x and )(qf x are the initial pressure and mass flow 

profiles along the pipeline at t=0.  Since the pipeline is at rest at t=0, the mass flow rates 

of the gas flow are uniform along the pipeline, which means 0)( qqf x  . 

To put the above model into an online state estimation framework, a suitable 

numerical scheme must be selected. Such a numerical scheme must be able to provide 

sufficient numerical accuracy as well as computational efficiency. The performances of 

three numerical techniques: finite difference method, method of lines, and method of 

characteristics, are compared in the following section.  

5.2.2 Numerical Schemes for Solving PDE systems 

5.2.2.1 Finite Difference Method  

In this scheme, the pipeline is divided into n equal-spaced segments. At 
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each discretized node, the time derivatives of the pressure and mass flow rate are 

approximated by backward differences, and the space derivatives of the pressure and 

mass flow rate are approximated by central differences. By doing so, the partial 

derivatives in Eqs. (5.4) and (5.5) can be expressed as follows [156]: 
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Substituting Eq. (8) into Eqs. (4) and (5), we can get 
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k is the discretized node index, t is the current time instant, and θ is the scheme 

selection parameter. Different θ values give different numerical schemes: 

 If θ=0, an explicit forward-time central-space (FTCS) scheme is selected.  
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 If θ=1, an implicit backward-time central-space (BTCS) scheme, also 

called the implicit Crank-Nicolson scheme, is selected. 

 If θ=1/2, a central-time central-space (CTCS) scheme, also called the 

alternative Crank-Nicolson scheme, is selected. 

In this paper, the CTCS scheme is used, since it provides the most accurate 

approximation for both time and space derivatives, of second order accuracy.  

Eqs. (5.9) and (5.10) give the pipeline model at the thk  discretized node, to solve 

all the pressures and mass flow rates at every nodal point, Eqs. (5.9) and (5.10) should be 

put into a matrix form, as follows, 

))(()()1( tXCtBXtAX                         (5.12)                                                                         

where the state variable is comprised of all the nodal pressures and mass flow 

rates: 
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and the system matrices are given by: 
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where nnI   is the identity matrix with dimension nn , 1n is the null vector with 

dimension 1n . The P matrices are different from those defined in [157], although we 

both use a fixed P-P(pressure-pressure) boundary condition. The P matrix given by [157] 

is suspicious to have problems. And here, we give the correct forms of the P matrices. 1P  

shows that a fixed P-P boundary condition is used. And, 2P  shows that the neumann 

boundary conditions for the flow rates at the both ends of the pipeline are approximated 

by a second order central difference method. 

5.2.2.2 Method of Lines  

In FDM, both time and space derivatives are approximated by finite difference 

equations. But, in MOL, only space derivatives are approximated by finite differences. 

The time derivatives are left continuous. MOL requires the PDE system to be a well-

posed initial value problem in the time dimension, since an ODE solver is used to 
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integrate the transformed system. In this work, to solve the governing Eqs. (5.4) and (5.5) 

of our system by using MOL, two steps are involved: 

 Spatial derivatives at all the interior discretized nodes are approximated by 

a fully implicit Crank-Nicolson sheme; Spatial derivatives at the boundary 

nodes are approximated by a second-order central-difference formula. 

 The resulting ODEs are integrated by using the Runge-Kutta method, 

which are implemented in Matlab using the ode45 command. 

Through the above two steps, the original PDE system (Eqs. (5.4) and (5.5)) can 

be converted to the following ODE system: 
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Arranging the above equations into a matrix form, we can get 
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(5.21)                

where i is the spatial discretization index , “¯” represents a vector, N is the total 

number of the discretized nodes, and i

Lq represents the introduced leak rate at node i. 

By solving the above set of ODEs using the ode45 command in Matlab, we can 

get the pressures and mass flow rates at each discretized node along the pipeline. 

5.2.2.3 Method of Characteristics 

Method of Characteristics (MOC) is a powerful and well-known technique to 

solve hyperbolic PDEs. In MOC, the PDEs are first converted to ordinary differential 

equations (ODEs) along the characteristics lines. Then, after integration, the resulting 

equations are solved numerically by finite difference techniques [158].  

To apply MOC, the pipeline is fisrt divided into N equal reaches. A diagram of 

the discretization in both position (x) direction and time (t) direction is shown in Figure 1. 
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Figure 5.1. An amplified nodal representation.  

  A detailed description of the MOC algorithm is described below [158, 159]. 

By multiplying Eq. 5.5 by an unknown constant r , adding it to Eq. 5.4 and 

rearranging,  
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 From the definition of a total derivative, we have  
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 By comparing Eq. 5.22 with Eq. 5.23, we can find that if r is chosen such that,  
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 so  
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 the two partial differential equations become two ordinary differential equatiions:  
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 Substituting Eq.(5.26) into Eq.(5.27), two independent total differential equations 

are obtained:  
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 After integrating Eqs (5.28) and (5.29), the following finite difference equations 

are obtained:  
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 where ),(=, jiji txpp , ),(=, jiji txqq , xixi 1)(= , tjt j = . x  and t  are 

mesh sizes in axis x and axis y, respectively. At boundaries, )(=
01, jpj tfp  and 

)(=, jpjN tfp
n .

          

5.2.2.4 Comparison of the Three Numerical Methods 

FDM 

 A set of algebraic equations is solved simultaneously at every time step 

 Heavy computational burden are required for large and complex systems 

 Stability issues arise for large time step 

MOL 

  Allow standard, general purposed software developed for solving ODEs to be 

used 

 Suitable for real-time implementation   

MOC 

  Each conduit section and boundary condition can be analyzed separately at every 

time step 

 Suitable for large systems with complex boundary conditions 

 Computationally expensive for nonlinear systems 

A suitable numerical scheme with the capability to track real-time dynamic 

behaviors of the system resulting from fast transients due to normal operations, as well as 

being accurate enough to capture the effects resulting from a faulty condition, i.e., a small 
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leakage, is very important for real-time monitoring of the pipeline integrity. Therefore, in 

this work, the above-introduced numerical schemes are evaluated and compared for their 

numerical accuracy, response time, and ease of implementation. 

5.2.3 Performance Criteria for the Three Numerical Schemes 

To facilitate the evaluation of the accuracy of each method, the L1 norm of the 

error also known as the average relative error is used as a performance index. Its 

formulation is given as follows: 
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where ss

iX represents the real steady state value of pressure ( ss

ip ) or mass flow 

rate ( ss

iq ) at the thi  node, t

iX  represents the calculated steady state value of pressure or 

mass flow rate at the thi  node, and N is the total number of states. 

The true steady state values of the pressures and mass flow rates at all the nodal 

points along the pipeline are calculated from the steady state solutions of transient 

pipeline model described by Eqs. (5.4) and (5.4). In the steady state, these two equations 

become: 
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Thus, at the steady state, the mass flow rate of the gas flow is constant along the 

pipeline, while the steady state profile of the pressure is decreasing as Lx  . The steady 

state values of the pressures ( ss

ip ) at all the discretized points are calculated using a linear 

interpolation technique, based on the two known boundary pressure values. The steady 

state value of the mass flow rate is obtained by integrating Eq. (5.34) along the entire 

length of the pipeline as follow, 
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5.2.4 Results and Discussions 

The physical model of such a problem is nonlinear as given by Eqs. (5.4) and 

(5.5). Thus, one could not simply rely on the known order of the accuracy of these 

numerical schemes. It is necessary to test the accuracy of each method for solving the 

PDE model via numerical simulations. In conducting such numerical simulations, both a 

horizontal straight pipeline and a pipeline network with varying demand are considered. 

The pipeline parameters for the single pipeline and pipeline network are listed in Table 

5.1. and 5.2, respectively. 

This simulation study was carried out using Matlab
® 

R2009a on a 3.00Ghz Intel 

Core 2 Duo CPU with 3GB of RAM. In both single pipeline and pipeline network cases, 

the pipeline was simulated by imposing pressure boundary conditions at the upstream and 
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Table 5.1. Pipeline configuration of a single pipeline  

 

downstream ends of the pipeline.  Assuming the pipeline was started from rest at time 

t=0, the initial conditions were calculated from the steady state solution of the pipeline 

model. For t>0, initial conditions for each time step calculation were taken from the last 

set of the model predicted outputs.  

5.2.4.1 Single Pipeline  

In the single pipeline case, a straight pipeline with a total length of 90 km was 

simulated. To evaluate the accuracy and computational efficiency of the three numerical 

schemes, different grid sizes (∆x=1.5km, 3.0km, and 4.5km) and different time steps 

((∆t=2s, 5s, 10s and 15s) were used for simulation. In addition, a transient flow condition 

was created by introducing a step function to the inlet pressure from 50 bar to 60 bar at 

time 0t , in order to test the abilities of the numerical methods to track fast process 

transient behavior. The pipeline transient model was simulated for a period of 3500 s.  

Pressure and mass flow rate profiles along the pipeline 

Figure 4.3 shows the computed pressure profiles along the pipeline at different 

time instants by using the three numerical methods. Similarly, the computed flow rate 
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profiles solved at different time instants are shown in Figure 4.4. These two simulations 

were carried out by using a grid size of 3 km and a time step of 5 s. These two figures 

illustrate the time evolvement of the pressure and mass flow rate towards a new steady 

state, in response to the transient introduced at 0t . From these two figures, we can see 

that the pressure and flow rate profiles got from FDM and MOL are almost the same, 

since they both used central finite differences (CFD) to approximate the spatial 

derivatives. The results got from MOC are slightly different from those got from FDM 

and MOL, due to the different way that MOC uses to solve the governing PDEs. In 

MOC, at every nodal point, the pressure and flow rate are solved by using the previous 

calculated information from the node next to it. While in FDM and MOL, the nodal 

pressure and flow rate are calculated by using the information from the second node 

before it, due to the use of CFD. However, the final solutions of the pressures and flow 

rates along the pipeline obtained from these three methods are quite close. The relative 

errors of the three method can be seen in Table 5.1.  

Transient responses of pressure and mass flow rate 

Figure 5.3 and 5.4 show the time responses of pressures and mass flow rates at 

locations x =21km, x=45km, and x=69km. These results indicate that the three numerical 

methods are capable of providing numerically stable solutions for the transient gas 

pipeline flow problem. The speeds of response of the three methods are almost the same. 

They all converge to the steady state around st 2500 . 
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Figure 5.2. Pressure profiles along the pipeline at different time instants solved by FDM, 

MOL, and MOC 
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Figure 5.3 Flow rate profiles along the pipeline at different time instants solved by FDM, 

MOL, and MOC 

Table 5.2.  Performances of the three numerical schemes 
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Figure 5.4 Transient pressure responses at x=21km, x=45km, and x=69km, obtained by 

FDM, MOL, and MOC 

Table 5.2 shows the numerical accuracies and computational costs of the three 

numerical methods using different mesh sizes and time steps.  From this table, it is clear 

that MOC is slightly superior in the numerical accuracy to FDM and MOC. However, it 

is the most computational expensive method. Because a couple of nonlinear algebraic 

equations given by Eqs. (5.30) and (5.31) need to be solved at each discretized node and 

at each time interval. Furthermore, a fix relationship between x and t , i.e., tcx  ,  
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Figure 5.5. Transient mass flow rate responses at x=21km, x=45km, and x=69km, 

obtained by FDM, MOL, and MOC 

has to be satisfied in MOC. A wrong time step size can cause the system to become 

unstable. As for FDM and MOL, the orders of accuracy of these two methods ( 510 ) are 

the same to that of MOC. They are also very accurate. From the table, we can also 

observe that FDM is faster than MOL. Because in FDM, only linear matrix operations are 

required (as shown in Eq.). While in MOL, at each time step, the Runge-Kutta method is 

used for solving the converted ODEs (implemented in Matlab by using the command 

ode45). However, one big problem associated with FDM is that it becomes unstable for 

large time steps. As in this specific application, the system diverges for time step 

st 10 . Hence, MOL is the most suitable numerical scheme for solving the governing 

PDEs of the transient flow in gas pipelines, for the purpose of designing a real-time 

pipeline monitoring system. It provides a good trade-off between the numerical accuracy 
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and the computational efficiency.  

It is also observed that the numerical accuracy increases as the grid size decreases 

for each of the three methods. Decreasing the time step is not necessary to increase the 

numerical accuracy, but it does increase the computational burden. For MOL, different 

time steps have no effect on the accuracy of the method. Because the time derivatives are 

left continuous in MOL and an ODE solver is used to solve the model. Hence, it can be 

 

Table 5.3. Performances of the three numerical methods with different time and space 

discretization sizes 

 

concluded that these three numerical methods are more sensitive to the grid size and 

insensitive to the time step. Stability issues arise for FDM and MOL, if wrong step size is 

used. 

Simulation of the pipeline model with a leak 
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As the numerical scheme is used for designing an online pipeline monitoring 

system, it is necessary to test the capability of the numerical scheme to capture the effect 

of a leak on the system states (pressures and mass flow rates). Assuming a leak is 

introduced at a control volume x , the pipeline model with a leak can be derived as 

follows [156]: 
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A leak with a magnitude of 5% (of the total mass flow rate) was introduced in the middle 

point of the pipeline at time st 2000  while the transient is still developing (see Figure 

5.7.). Figure 5.6. shows the effects of the leak on the pressure and mass flow rate profiles 

along the pipeline. It clearly observes that the pressure at the leaking site is lower than its 

nominal value. Hence, both the upstream and downstream pressure profiles are lower 

than their values under normal operating condition. As a result, the mass flow rates at the 

upstream locations from the leak site increase, while the mass flow rates downstream 

decrease. It is not difficult to understand that the downstream mass flow rate decreases, 

due to the losses of mass from the leakage point. While the increase in the upstream mass 

flow rate is rising from the fact that the pressure at the upstream end of the pipeline is 

fixed as a boundary condition, and thus a decrease in the pressure at the leakage site 

causes a larger pressure drop between the upstream end and the leak location, which in 

return, leads to an increase in the upstream mass flow rate.  
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Figure 5.7 shows the effects of the leak on the time responses of the pressures and 

mass flow rates at a point upstream of the leak (x = 30km) and a point downstream of the 

leak (x = 60km). These results also verify the above observation that after a leak is  

 

Figure 5.6. Effects of leak on pressure and mass flow rate profiles  
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Figure 5.7. (a) Flow rate at a point upstream of the leak, (b) Flow rate at a point 

downstream of the leak,  (c) Pressure at a point upstream of the leak, (d) Pressure at a 

point downstream of the leak.  

introduced, the upstream flow rate increases and the downstream flow rate decreases, 

while for the pressure, both upstream and downstream pressure decrease. 

The effects of the leak with different sizes on the steady state pressure and mass 

flow rate profiles are illustrated in Figure 5.8. Leaks with magnitudes of 2%, 5%, and 

10% are introduced at the half location of the pipeline (x=L/2). It can be observed from 

the figure that the higher the leak magnitude, the higher the pressure drop at the leakage 

point, and the higher the flow rate discrepancies at the both ends of the pipeline. It is 

noticed that there are some small fluctuations around the steady state mass flow rate 
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profiles. This is because the accumulated numerical errors at the end nodes, which are 

propagated through the pipeline due to the use of central finite differences. The leak 

magnitude can be estimated from the net difference between the upstream flow rate 

discrepancy and the downstream flow rate discrepancy. 

 

 

Figure 5.8. (a) Pressure profiles for 2%, 5%, 10% leaks at x=L/2 and (b) Flow rate 

profiles for 2%, 5%, 10% leaks at x=L/2 

Next, the effects of leaks at different locations but with the same magnitude (5%) 

are shown in Figure 5.9. It is clear that a pressure drop is resulted at the leaking point, no 

matter where it locates. The magnitude of the pressure drop is effected by the magnitude 
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of the leak, but not varying with the leak location. While the discrepancies in mass flow 

rate at the upstream and downstream ends are influenced by the location of the leak. The 

closer the leak location to the upstream end, the higher the mass flow rate discrepancy in 

the upstream end, and the lower the mass flow rate discrepancy in the downstream end. 

Similarly, the closer the leak location to the downstream end, the higher the downstream 

mass flow rate error, and the lower the upstream mass flow rate error. This figure is a 

very good indicator of how to estimate the leak location from the distribution of the mass 

flow rate discrepancies at the upstream and downstream ends of the pipeline. This 

important leak location method is used for locating leaks in chapter 6 and will be 

explained in detail in that chapter.  
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Figure 5.9. (a) Mass flow rate profiles for 5% leaks at x=L/4, L/2, 3L/4 and (b) Pressure 

profiles for 5% leaks at x=L/4, L/2, 3L/4 

The above simulation results are obtained using a P-P (Pressure-Pressure) 

boundary condition, which is commonly used in literatures
9,10,13

. Interpreting it in a 

physical term is that the supply pressure at the pipeline inlet and the discharge pressure at 

the pipeline outlet are fixed. However, it may have implementation issues in reality. A 

more practical boundary condition (P-Q) is used, which means the supply pressure at the 

pipeline inlet and the discharge flow rate at the pipeline outlet are maintained at 

constants. The simulation results are shown in Figures 5.10-5.14. 

Figure 5.10 shows the computed pressure and mass flow rate profiles along the 

pipeline at different time instants. A transient was introduced by increasing the delivery 

flow rate from 133 kg/s to 200 kg/s at the outlet node and maintaining this demanding 

rate as constant. From this figure, we can observe that as the demanding rate increases at 
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the outlet, the pressure decreases at the downstream end. This figure shows how the 

pressure at the downstream end and the flow rate at the upstream end change, as the 

pressure at the inlet and flow rate at the outlet are fixed as boundary condition. 

 

Figure 5.10. Pressure and mass flow rate profiles along the pipeline at different time 

instants 
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Figure 5.11. Transient pressure and mass flow rate responses at location x=21km, 

x=45km, and x=69km 

Figure 5.11 shows the transient responses of pressures and mass flow rates at 

three different locations x=21km, x=45km, and x=69km by using the P-Q boundary 

condition. Flow rates increase at all these locations due to the increase in the flow rate at 

downstream end, while all the pressures at these locations decrease, which is correct 

according to the Darcy’s law. 

A leak of 5%, that is, equal to 10 kg/s, was introduced at the middle point of the 

pipeline (x=45km). Figure 5.12 shows the effects of the leak on the time responses of the 

pressures and mass flow rates at a point upstream of the leak (x = 21km) and a point 

downstream of the leak (x = 69km). These results show that after a leak is introduced, the 

upstream flow rate increases, while for the downstream flow rate, it decreases initially, 

but increases eventually due to the increase introduced in the flow rate at the downstream 

end. For the pressure, both upstream and downstream pressures decrease.  
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Figure 5.12. (a) Mass flow rate at a point upstream of the leak, (b) Mass flow rate at a 

point downstream of the leak,  (c) Pressure at a point upstream of the leak, (d) Pressure at 

a point downstream of the leak.  

 

 



Texas Tech University, Weiting Tang, May 2013 

 133 

 

Figure 5.13.  (a) Mass flow rate profiles for 5% leaks at x=L/4, L/2, 3L/4 and (b) Pressure 

profiles for 5% leaks at x=L/4, L/2, 3L/4 

The effects of leaks at different locations but with the same magnitude (5%) are 

shown in Figure 5.13. It is clear that a pressure drop is resulted at the leaking point, no 

matter where it locates. The magnitude of the pressure drop is effected by the magnitude 

of the leak, but not varying with the leak location. It is also observed that leak causes an 

increase in the flow rate upstream of the leak and a decrease in the flow rate downstream 

of the leak, no matter where it is located. Since the downstream flow rate is fixed as 

constant, the flow discrepancy in the upstream end is more visible.  
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Figure 5.14. (a) Pressure profiles for 2%, 5%, 10% leaks at x=L/2 and (b) Flow rate 

profiles for 2%, 5%, 10% leaks at x=L/2 

Figure 5.14 shows the effects of leak with different magnitudes on the steady state 

pressure and mass flow rate profiles at the small location. Leaks with magnitudes of 2%, 

5%, and 10% are introduced at the middle point of the pipeline (x=L/2). It is observed 

from this figure that the higher the leak magnitude, the higher the pressure drop at the 

leakage point, and the higher the flow rate discrepancy at the upstream end of the 

pipeline.  
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5.2.4.2 Pipeline Network 

A natural gas pipeline network shown in Figure 5.15 is simulated to test the 

ability of MOL to capture the transient behavior of the network system. This gas pipeline 

network is similar to the one analyzed by Ke and Ti[150]. 

 

Figure 5.15. A schematic diagram of a pipeline network 

The parameters of the gas pipeline network are shown in Table 5.4. This network 

is consisted of one supply node (node 1) and two delivery nodes (node 2 and 3). The 

demands at node 2 and 3 vary as those shown in Figure 5.16. The upstream pressure is 

maintained at a constant value of 60 bar. The natural gas density is 0.7165 3/ mkg . Each 

pipeline was discretized by a grid size of 3 km. The pipeline network was simulated for a 

period of 3600 s.  

The analysis of a pipeline network is much more complex than a single pipeline, 

due to a couple of constraints that the pipeline network must meet, which do not apply to 
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single pipeline. Some of the main constraints are listed below: 

Table 5.4. Parameters of a pipeline network 

 

 

Figure 5.16. Varying demand profiles at node 2 and 3 

 the pressure drop between two nodes must be the same, regardless of the paths, 

i.e., 231213 PPP   

 Once the topology of the pipeline network and the demands at all the delivery 

points are fixed, there is one and only one solution for the supply rate. One cannot 

simulate the network with an arbitrary supply rate to get the desired delivery rates. 

 The design of the pipeline parameters, i.e. the pipe length and diameter, cannot be 

chosen arbitrarily for each single pipeline in the network. For example, from 
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constraint 1, we known that 1213 PP  , to satisfy this constraint the diameter of 

pipe 12P should not be less than that of pipe 13P . Because pipe diameter has a big 

effect on pressure drop, as can be seen from Eq. The smaller the pipe diameter, 

the larger the pressure drop. 

where 13P  is the pressure drop from node 1 to node 3, 12P  is the pressure drop from 

node 1 to node 2, and 23P  is the pressure drop from node 2 to node 3. 

In the actual simulation runs, these constraints are the main concerns and must be 

satisfied. As the demand profiles 2Q and 3Q  are varied with time, the corresponding 

supply rate needs to be re-calculated at each time interval. The calculation procedure is 

given as follows. 

From mass balances: 

21223 QQQ            (5.39) 

122313 QQQQ           (5.40) 

From Eq. (5.36) , we know 
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After some math operations, we can get  
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By equating Eq. (5.45) to Eq. (5.46) and substituting Eq. (5.44) into it, yields, 

02

23

2

13

2

12  QQQ          (5.48) 

Substituting Eqs.(5.39) and (5.40) into Eq (5.48), and solving it by using the Matlab 

command fsolve, one can get the profiles of 12Q , 13Q , and 23Q , corresponding to the 

varying demands 2Q and 3Q . After obtaining the profiles of 12Q , 13Q , and 23Q , the nodal 

pressure at node 2 and 3 can also be calculated.  

Figure 5.17 shows the time variations of pressures at node 2 and node 3. The 

pressure profiles follow the reverse trends of the demand profiles (shown in Figure 5.16), 

which is correct according to the Darcy’s law. 3P  is lower than 2P and 1P is fixed, so the 

pressure drop along pipeline 13P  is larger than the pressure drop along pipeline 12P  
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( 1213 PP  ), which satisfies the constraint.  

  

Figure 5.17. Time variations of pressures at node 2 and 3 

Figures 5.18 and 5.19 show the time responses of the volumetric flow rates at the 

upstream and downstream ends of pipeline 12P  and 13P , respectively. These flow patterns 

are resulting from the pressure patterns at node 2 and 3. During the first 60 seconds, the 

nodal pressures 2P and 3P decrease, so the flow rates increases due to the pressure drop. 

While during the period of ]180,60[t , the nodal pressures 2P and 3P increase, and thus a 

decrease in the flow rate is observed. It is noticed that there is a delay in the upstream 

flow rate in these two figures. This is because the variation in the flow rate is caused by 

the change in downstream pressure and it takes some time for the variation to propagate 

to the upstream end. 
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Figure 5.18. Time responses of the upstream and downstream volumetric flow rates of 

pipeline P12  

 

Figure 5.19. Time responses of the upstream and downstream volumetric flow rates of 

pipeline P13  
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Figure 5.20. Time responses of the upstream and downstream volumetric flow rates of 

pipeline P23  

Figure 5.20 shows the flow variations in pipeline 23P . This flow pattern is 

different from those observed in pipeline 12P  and 13P , because of the different boundary 

conditions used. For the pipeline 12P  and 13P , the upstream pressure is maintained at a 

constant value of 60 bar and the downstream pressure varies according to those shown in 

Figure 5.17. While for the pipeline 23P , both upstream and downstream pressures are 

varying. 

In summary, the key idea in simulating a pipeline network is that the nodal 

pressure must be the same; no matter it is a downstream pressure of a pipeline, or an 

upstream pressure of a pipeline.  
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5.2.5 Conclusions 

The performances of three numerical methods, namely, the finite difference 

method, the method of lines, and method of characteristics, are evaluated and compared 

for solving the governing hyperbolic PDEs for a natural gas pipeline system. The method 

of characteristics is the most accurate method. However, it is most computationally 

expensive. The method of lines is the most suitable numerical scheme for solving the 

PDE system in terms of numerical accuracy and computational efficiency. Stability issues 

arise for the other two methods, if a wrong step size is used. Simulation results show the 

capability of MOL to track the fast dynamic behavior of a single pipeline system as well 

as a pipeline network system. Simulation results also show that MOL is able to capture 

the effects of leaks on the system under transient operating conditions. 
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Chapter 6 Application of Dual Unscented Kalman Filter for Leak Detection and 

Location on a Natural Gas Pipeline System 

6.1 Introduction  

As the demand of natural gas for both domestic and international use has 

increased dramatically over the last decade, millions of miles of pipelines are responsible 

for transporting and distributing natural gases all over the world. The operation of natural 

gas pipelines is of primary concern from safety, environmental and economic points of 

view. Pipeline leaks that may result from, i.e., corrosion, cracks, mechanical damage, and 

improper operation action, can pose serious hazard to human lives, cause environmental 

disaster, as well as cost tremendous economic losses to pipeline companies. Therefore, it 

is essential to design an efficient and reliable leak detection system to detect and locate 

leaks quickly and accurately.  

As discussed in chapter 4, leak detection methods can be broadly classified into 

two categories: (i) hardware-based methods and (ii) software-based methods. Among 

various hardware-based leak detection methods, the most commonly used ones are 

acoustic emissions, smart pigs, cable sensors, gas sampling, and soil monitoring. 

Although hardware-based methods could provide accurate leak location and 

identification, they usually need extra sophisticated instrumentations, which require high 

capital investments and maintenance costs, as well as intensive human involvements. In 

addition, hardware-based methods can only provide periodically monitoring on the 

integrity of the pipeline systems, and thus may result in a large delay in the event of a 
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leak occurring, which in return, may cause huge economical losses and environmental 

pollution.  

In contrast, software-based method can provide continuous online monitoring 

over pipeline systems. It allows rapid detection of leaks and is very cost-efficient. 

Nowadays, more and more attentions have been paid to develop an effective and reliable 

software-based leak detection and location system for natural gas pipeline systems 

(NGPS). Software-based leak detection methodologies can be further divided into two 

main categories: (i) data-based methods (signal processing) and (ii) model-based 

methods. Commonly used leak detection methods based on signal processing include 

mass balance, negative pressure wave, acoustic correlation analysis, principle component 

analysis (PCA) and spectral analysis (Fourier transform and wavelet transform) [160]. 

One of the earliest and most popular leak detection methods for gas pipelines is the mass 

balance method [136]. In this method, a leak is detected when the error between the inlet 

mass flow rate and outlet mass flow rate excesses the pre-defined threshold, after 

accounting for the line packing term, as well as for the uncertainties in the packing term. 

This method can only detect a leak, but cannot locate it. Negative pressure wave is 

another popular method for detecting leaks in NGPS [138, 161]. In this method, the 

negative pressure wave generated from a leak propagates toward both ends of the 

pipeline and the pressure sensors record the time difference. The leak location can be 

calculated by using the recorded time difference and the pressure wave velocity. This 

method is simple and doesn’t need to set up a mathematical model. However, it highly 

depends on the accuracy of the sensors and the leak should be big enough to generate the 
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detectable negative pressure signals. Beck et al. reported a new technique which can 

detect both pipeline features (junctions, bends and valves) and leaks by performing a 

cross-correlation analysis of the measured reflected pressure wave [139]. Although this 

method gives accurate result, a lot of sensors are required for long distance detection. An 

approach to detect boiler leaks by using an improved PCA method was proposed by Sun 

et al. [140]. It is claimed that this method is able to reduce false alarm rate, but it takes a 

long time to detect leaks (approximately 7.2 hours). Urbanek et al. proposed a wavelet-

based filtering technique for leak detection in gas pipelines [162]. Their method can deal 

with signals with high noise level. However, the effectiveness of this method has only 

been tested for a short-distance pipeline (20m).  

Model-based leak detection methods for NGPS, as an effective alternative to the 

signal processing methods, have received more and more attentions from researchers in 

the last decade. Unlike methods solely based on statistical analysis on measurements 

(black box), method-based methods use a dynamic model to estimate the complex 

pipeline internal flow features and then compare them with the available measurements to 

identify a faulty event. A lot of research work has been done in this area. Billmann and 

Isermann applied a nonlinear adaptive state observer and a special correlation technique 

to detect and locate small leaks in gas and liquid pipelines, based on the flow and 

pressure measurements at both end of the pipeline [142]. In this method, a central 

difference scheme was adopted to approximate both the temporal and spatial derivatives 

and a big grid size of 9 km was used. The stability of this method for smaller discretized 

distance was unreported. Benkherouf and Allidina used an extended Kalman filter (EKF) 
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to estimate the leak rate and location [143]. The unknown leak parameters were put as 

augmented state variables. In this method, only leaks at the discretized nodes can be 

detected. Liu et al. applied an adaptive particle filter (APF) to the same system as that 

used in the above paper, to improve performances [144]. However, their method is only 

applicable to steady states. A nonlinear multiple-model state estimation scheme was 

proposed by Emara-Shabaik et al. to detect and locate leaks in gas pipelines [123]. This 

method estimated the leak parameters in a forward way (assuming the leak location was 

known, and compared the case where there is a mismatch in the location with the case 

where there is no mismatch in the location). Normally, it is not easy to locate leaks in a 

forward way, especially if the number of discretized nodes is large. In addition, only the 

results for a 10% leak were reported. Reddy et al. presented a series of two papers for 

leak detection in gas pipeline networks, by using an efficient state estimator based on a 

transfer function model [145, 146]. Their method has been validated using both 

laboratory-scale experiments and real field tests, and it is applicable to both single 

pipelines and pipeline networks. The drawback of this method is that it only gives 

satisfactory performances for leaks larger than or equal to 5% of mass flow rate, under a 

transient condition. A new approach based on linear parameter varying (LPV)  model was 

proposed by Lopes dos Santos et al. for leak detection in high pressure gas pipelines 

[147]. In their method, two Kalman filter leak detectors were modeled as a LPV system 

and then run simultaneously to locate leaks. It was reported that this method has a low 

accuracy due to the long sampling period, which is an inherent limitation of the 

equipment. Wang and Carroll designed a real-time online pipeline observer, which can be 

used for both state estimation and parameter training [148]. The recursive least square 
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method was used for parameter estimation and the calculation of a Jocabian matrix 

(sensitivity matrix) involved in this method can be very computationally expensive for 

large and complex systems.  

The use of an efficient state estimation technique was perfered in this paper for 

designing an effective and reliable leak detection and location system. Kalman filter, first 

introduced by R. E. Kalman in 1960, is the most famous state estimator and has been 

widely used in control applications and fault detection [55]. The Kalman filter is an 

optimal estimator that provides a two-step predictor-corrector recursion to estimate the 

states/parameters of a linear system, in a way that minimizes the mean squared error [55, 

163]. The power of the kalman filter is that it can estimate the past, current, and future 

states of a system without a precise prior knowledge of the system. Only some noisy 

measurements are needed. The basic Kalman filter and all its extended/modified versions 

include two steps: (i) a time evolution (prediction) step and (ii) a measurement update 

(correction) step. In the prediction step, the KF predicts the current states based on the 

information of previous states using the system process equation. In the correction step, 

the estimated states are corrected once the new measurements are available [163]. KF is a 

very efficient state estimator. Unlike other optimal estimators, such as Bayesian 

estimator, which need to store the entire observed data, KF only requires the storage for 

the most previous estimate.  

Kalman filter is very effective for linear systems, but cannot be applied to 

nonlinear systems. With this concern, the extened Kalman filter (EKF) was designed for 

estimating the states of a nonlinear system [143, 123]. EKF is an easy recursive state 



Texas Tech University, Weiting Tang, May 2013 

 148 

estimation method for nonlinear system, especially if prior information of the 

measurement and process noise covariance matrices is available [53]. Over the last 

several decades, EKF has been the most widely used estimator for nonlinear systems. 

However, there are some serious problems [53,
 
164,

 
165] (i) Linearization is invalid if the 

error propagation is nonlinear and invalid linearization may cause the system to be 

unstable, (ii) The derivation of Jacobian matrices is very difficult for large and complex 

systems and is very hard for real-time implementation, (iii) It works well only under a 

Gaussian distribution assumption of the state random variables, and (iv) Unbiased 

estimates cannot be guaranteed by EKF. UKF, as an effective alternative to EKF, is 

perferable for system with highly nonlinearity, since it doesn’t require a linearization step 

and propagates the random variables directly through the nonlinear function. 

In this work, an efficient and reliable method for leak detection and location in 

gas pipelines based on dual unscented Kalman filter (DUKF) was proposed. The 

proposed method used two UKF estimators (a state estimator and a parameter estimator) 

running simultaneously to provide accurate estimations of the pipeline internal flow rates 

and pressures, which were then compared with the available mass flow rate 

measurements at the two ends of the pipeline to locate a leak. The main advantages of the 

proposed methodology include: (i) it is applicable for both steady and transient states, (ii) 

it doesn’t require a linearization step for state estimation, and thus increase accuracy, (iii) 

it uses both state and parameter estimations to provide a more accurate prediction of the 

pipeline internal flow parameters, and (iv) it uses a moving time window technique for 

leak detection and identification, which help mitigate the effect of noise, and therefore 
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help reduce false alarm rate. The performance of the proposed methodology is evaluated 

on a 90 km long natural gas pipeline system using Matlab simulations.  

6.2 Numerical Modeling of Gas Pipeline Flow with a Leak 

As discussed in chapter 5, the transient model of a compressible flow in a straight 

pipeline can be modeled as two one-dimensional hyperbolic partial differential equations 

(PDEs) describing the conversation of mass and momentum for the transient flow in a gas 

pipeline. It is assumed that the pipeline is horizontal and with a constant cross-sectional 

area. The turbulent effects and heat exchange with the surroundings of the pipeline are 

negligible. Assuming a leak is introduced in a control volume ∆x at a distance x from the 

pipeline inlet, the governing PDEs for the transient gas pipeline flow with a leak can be 

derived as follows [123]: 
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where p is pressure (pa), q is mass flow rate (kg/s), A is cross-sectional area (m
2
), 

D is pipeline inner diameter (m), c is isothermal speed of sound (m/s), g is acceleration 

due to gravity (m/s
2
), φ is inclination of the pipeline (φ=0 for a horizontal pipeline), and λ 

is friction factor.  

The gas pipeline model with no-leak case can be represented by setting 0Lq  in 

Eqs. (6.1) and (6.2). 
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To solve the above hyperbolic PDE system, proper auxiliary conditions have to be 

specified. Suitable initial and boundary conditions may be given as follows: 

Initial conditions:
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Boundary conditions: 
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where L is the pipe length, )( pf x and )(qf x are the initial pressure and mass flow 

profiles along the pipeline at time t=0.   

Various numerical schemes have been developed for solving the hyperbolic PDE 

system (Eqs. (6.1) and (6.2)). The most popular ones are finite difference method (FDM), 

method of characteristics (MOC), and method of lines (MOL) [123, 154, 143]. As 

demonstrated in the last chapter, MOL is the best method among these three methods, in 

term of both numerical accuracy and time-efficiency. Thus, MOL is employed to solve 

the governing PDE pipeline system in designing the leak detection and location system. 

6.3 Methodology 

6.3.1 State Estimation  

An efficient state estimation method is the key to design an effective and reliable 

real-time leak detection system. It is used as an online observer to estimate the pressure 

and mass flow rate profiles along the pipeline under normal operating conditions, which 

are then used as references to compare with the available measurement data collected 
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when a leak occurs, to detect and identify a leak. A schematic diagram of the leak 

detection system is shown in Figure 6.3. Apparently, the more accurate estimations that 

the state observer can provide, the more accurate the leak parameters we can get. In 

addition, the implementation time of the state estimation method affects the leak 

detection time. Several attempts have been made to design an efficient leak detection 

method for gas pipeline systems using state estimation techniques. Benkherouf and 

Allidina used EKF to identify and locate leaks in a gas pipeline [143]. Emara-Shabaik et 

al. used a modified extented Kalman filter (MEKF) to detect gas pipeline leaks [123]. 

Lopes dos Santos et al. applied two Kalman filter leak detectors to detect and locate leaks 

in a high pressure gas pipeline [147]. However, the EKF method used in the above work 

is subject to a limitation that a linearization approach is used to calculate the mean and 

covariance of a Gaussian random variable (GRV). The calculation of Jocabian matrix can 

bring implementation difficulty for large and complex systems. Moreover, the 

linearizaton step is even invalid if the error propagation can not be approximated well by 

a linear function [144]. To address these issues, unscented Kalman filter (UKF) uses a 

minimal set of deterministically chosen sigma points to capture the statistic properties 

(mean and covariance) of a GRV. Such sigma points are then propagated through the 

nonlinear function directly, without approximation, to capture the true mean and 

covariance of the nonlinear system. UKF is superior to EKF in the sense that it handles 

nonlinear estimation directly, without taking a linearization step. 

To improve the estimation accuracy, a parameter estimator is necessary to update 

the system parameters, since there always exists uncertainties in the model parameters for 
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a real system. In view of that, a dual unscented Kalman filter (DUKF) was proposed in 

this paper to provide both an efficient state and parameter estimation for a leak detection 

system. In DUKF, two UKF estimators are running simultaneously to estimate the clean 

state and the model parameters from the noisy measurement data. The primary 

advantages of the proposed DUKF include: (i) it doesn’t require the calculation of a 

Jacobian matrix,  (ii) it can achieve a second-order accuracy for any nonlinear system, 

while EKF only gives a first-order accuracy, and (iii) it uses both state and parameter 

estimations to increase the accuracy of the estimates, and therefore increase the accuracy 

of the leak detection system. 

UKF was first proposed by Julier et al. and further developed by Wan and van der 

Merwe  [165, 56]. The basic idea of UKF is given below. The working principle of 

DUKF is the same as UKF, except that it combines two UKF together, one for state 

estimation and the other for parameter estimation. It is common to assume an additive 

noise structure. A DUKF system model with additive stochastic noise is given as follows: 

111 ),(   kkkk wxfx                                                  (6.5) 

kkkk nwxhy   ),( 1                                                                        (6.6)                                                 

where 1 L

k Rx is a vector of the system states at time instant k, L is the 

dimension of the states, 1

1



  m

k Rw is a vector of system parameters estimated at time 

instant k-1, which are treated as constants in the state filter at time instant k, m is the 

dimension of the parameters, f(·) is the nonlinear system function, h(·) is the 
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measurement function, which can be either linear or nonlinear, 1kv  is the Gaussian 

random process noise with zero mean and covariance kQ , and kn is the Grassian 

measurement noise with zero mean and covariance kR  , i.e., 
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where  is the Kronecker delta function. 

A schematic diagram of the propagation of the state variable in EKF and UKF is 

shown in Figure 6.1. From this figure, it is clear that deviation can be introduced through 

the linearization step in EKF. While in UKF, the state variable directly propagates 

through the nonlinear function, and thus the propagated state variable capture the true 

statistical properties of the nonlinear function. In UKF, a minimal set of (2L+1) sigma 

point is selected deterministically to represent the statistical properties of a GRV. Assume 

the mean and covariance of the GRV are x and xP , the sigma points  are calculated as 

follows [53]: 

x0          (6.9) 

LiPLx ixi 1,...,=,))((=         (6.10) 

LLiPLx Lixi 1,...,2=,))((=        (6.11) 
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where LL  )(= 2   is a scaling parameter, the constants   (recommended 

110 4   ) and   control the spread of the sigma points and weighting for higher-

order moments [163].   = 2 is optimal for Gaussian distributions [53].   is a secondary 

scaling parameter, which is usually set to 0. 

                  

Figure 6.1. A schematic diagram of the state variable propagation in EKF and UKF 
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6.3.1.1 DUKF – State Estimation 

Considering the above nonlinear system described by Eqs. (6.5) and (6.6), the 

state filter recursion in DUKF is described in the following steps [53, 166]: 

Given ][ˆ
00 xEx  ,    ])ˆ)(ˆ[( 00000

TxxxxEP      (6.15) 

Calculate the sigma points: 

]ˆˆˆ[ 111111   kkkkkk PxPxx       (6.16) 

The time prediction equations are: 
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The measurement update equations are: 
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where   L is a scaling parameter.  

In our model formulation, the process models, f, are given by Eqs (6.1) and (6.2). 

The measurement model is an identity mapping with the inlet and outlet pressures as 

measured variables: 
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h       (6.28) 

6.3.1.2 DUKF – Parameter Estimation 

The system model for a parameter filter that is coupled in a dual setting with Eqs 

(6.5) and (6.6) is: 

11   kkk vww         (6.29) 
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kkkkk nwwxfhy   )),,ˆ(( 1        (6.30) 

where 1kv and kn are the process and measurement noises as defined before.  

The iteration steps for the parameter filter in DUKF are as follows: 

Given ][ˆ
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The time update and sigma points calculation is: 
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The measurement update calculation is: 
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A schematic diagram of the working principle is shown in Figure 6.2. 

 

Figure 6.2. A schematic diagram of the working principle of DUKF 

6.3.2 Leak Detection and Location Scheme  

6.3.2.1 Leak Detection Methods 

With the estimated flow parameters (i.e. pressure and mass flow rate) obtained 

from the MOL scheme, a leak detection and location scheme (LDLS) can be used to 

identify and locate leaks. Several LDLSs have been developed to detect leaks in gas 

pipelines. The mainly used ones are summarized below: 

 Threshold limit checking: comparing the measured and estimated values using a 
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least square estimate; an alarm will be trigged if the pre-specified threshold value 

is exceeded [145]. 

 Unknown leak estimation: the unknown leak parameters are augmented as extra 

state variables and are directly estimated from the state observer [143, 144]. 

 Multi-filters comparison: comparing the performances of different filters, where 

one filter has the correct leak location and other filters have a mismatch in the 

leak location [123]. 

 Flow trend/pattern change: an estimated leak location is calculated, an alarm 

will be issued if the estimated leak location and magnitude converge after a 

certain period of time [148]. 

In the first LDLS, a point scheme, rather than a window scheme, is used. A high 

false alarm rate may be resulted, by checking the threshold value of a point, rather than 

the threshold values of a window of consecutive points. In the second LDLS, an artificial 

leak is assumed at each discretized node and a summation of the estimated values of 

these leaks is used to approximate the real value of the leak. A big error may be 

introduced by using this method, since the estimations of the artificial leaks may not be 

zero, due to the process and measurement noises, even though there are no leaks at those 

nodes. In the third LDLS, it is necessary to know the real leak location ahead, and then 

compare the performances of different filters with and without leak location mismatch. In 

the fourth LDLS, it is very important to define a proper convergence criterion for 

recognizing the flow pattern change. In this work, the fourth LDLS -- Flow trend/pattern 
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change, is used for detecting a leak.  

The convergence criterion used in this work is designed based on a good balance 

between the leak detection delay time and the false alarm rate. Such a criterion is based 

on the change of flow trend over a time period, called the time window. The size of the 

time window should not be too large or too small. A too large time window although help 

avoid the false alarm rate, will result in a large delay in detecting the leak. A too small 

time window gives a rapid detection, but may be prevalent with high false alarm rates. 

Since the change of the flow trend in a small time window may be resulted from the 

effects of noises. Hence, an appropriate size of the time window needs to be chosen. 

Here, the change of the flow trend is defined as the slope of the expectation value 

of estimated leak magnitude and can be expressed as follows: 

)])([( tMEslopeSlope L        (6.42) 

The threshold for declaring a leak alarm is set up as that if the rate of change of 

the Slope increases monotonically for a sufficient large number of n consecutive data 

points (n is the size of the time window). The primary benefit of this threshold is that it 

help significantly reduce the false alarms rise from the effects of the random noises in 

process and measurements. Due to the randomness of the noises, it will not excite the 

process in one direction for a long time. Thus, the probability that the random noises 

cause the rate of change of the Slope to increase monotonically for a sufficient long 

period is very less. 

The leak detection scheme used in this work is also superior to the commonly 
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used threshold-limit-checking scheme. The later one issues an alarm if the value of an 

objective function exceeds the predefined threshold value. A main drawback of this 

method is that a prior knowledge of the leak magnitude is needed to set up a suitable 

threshold value. For example, a good threshold for a 1 kg/s leak is not suitable for a 10 

kg/s leak, and vice versa. Usually, the threshold value needs to be adjusted adaptively to 

meet different flow conditions. In the threshold-limit-checking method, the threshold 

value limits the minimum detectable leak size. While the proposed leak detection scheme 

is applicable to leaks of all sizes, provided that the leak size is comparable to the 

measurement noise level.  

6.3.2.2 Leak Location Methods 

After the leak alarm is issued, a leak location routine will be activated. Three 

dominant leak location methods are reviewed below: 

 Least square fitting: Formulate it as an optimization problem by minimizing 

a least square cost function. Substituting an artificial leak of an estimated 

magnitude into each discretized node to find the most likely leak location, at 

which the value of the least square cost function is minimal. This method 

required data from both the pipeline model and the measurement system 

[146]. 

 Flow discrepancy distribution: As the least square fitting method, this 

method also required data from both the pipeline model and the measurement 

system. The discrepancy in the flow rate at the upstream and downstream will 
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vary with the location of leak (as shown in Figure 5.9. (a)) [148].  

 Cross-correlation technique: This method is mostly used accompanying 

with pressure-based leak detection method (discussed in chapter 4). A cross-

correlation function of two signals, the measurement signal x and the 

reference signal r is built. The second differential of the cross-correlation 

function reveals the location of the leak [139]. 

In this work, the flow discrepancy distribution method was used for leak location. 

Since in the first method, only the leak located at the discretized pipeline node can be 

located accurately. While the cross-correlation method is not suitable for pipeline 

undergoing rapid and large transients, the reference signal will change as the transient 

changes. It is hard to determine a varying reference signal. 

The leak location method based on flow discrepancy distribution is described in 

detail by Wang and Carroll [148] . The basic idea of this method is that the discrepancies 

between the mass flow rates at the two ends of the pipeline will change with the leak 

location and magnitude (as shown in Figure 5.9. (a)). A brief introduction of this method 

and some modifications are given below.  

A schematic diagram of the pipeline leak detection and location system is shown 

in Figure 6.3. The online observer takes the measured pressures at the two pipeline ends 

as inputs and estimates the mass flow rates for pipeline under normal operating condition 

without leak, which are then compared with the measured mass flow rates to generate 

residuals between the observed and measured mass flow rates as leak indicators. The 
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residuals at time instant k are calculated as follows, 
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These residuals will be zero at steady state if no leak presents. In the event of leak 

occurring, the measured mass flow rates (include the leak effect) will be different from 

those observed (reflect the flow trend in normal condition).  

 

Figure 6.3. A schematic diagram of the pipeline leak detection and location system. 
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Figure 6.4. Pipeline leak profile. 

To locate the leak based on the basic principle of this method, a uniform density 

function can be defined as: 

L
x

1
)(            (6.44) 

The expectation value of the residuals between the measured and observed mass 

flow rates at the two pipeline ends can also be calculated as follows: 
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where Lx is the leak location and LM is the leak magnitude. The negative sign in 

Eq. (6.46) implies that the direction of the residual at the downstream end is opposite 

from that of the residual at the upstream end as shown in Figure 6.4. 

By solving Eqs. (6.45) and (6.46), the estimated leak location at time instant k can 

be calculated as follows, 
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        The estimated leak magnitude is equal to the net difference between the 

discrepancies of the mass flow rates at the two ends of the pipeline, as follows, 

         ][][ 0
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kk

L eEeEM                     (6.48) 

where E is the expectation value of the discrepancy over a period of time. 

6.3.3 Application 

The feasibility and effectiveness of the proposed leak detection technique is tested 

on a straight natural gas pipeline with a total length of 90 km. The pipeline has a uniform 

circular cross-section with an internal diameter of 0.6 m. This pipeline system was 

discretized into 30 equal pipeline segments, with total 31 nodes, which means a mesh size 

of 3km was used for solving the distributed parameter system. This choice of the  

discretization was made to provide a good trade-off between the model accuracy and the 

computational time.  
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The simulation study was aimed to explore the following aspects of the proposed 

methodology for leak detection: (i) how fast it can detect the leak, after the onset of a 

leak, (ii) how accurate it can estimate the real leak location and magnitude, and (iii) the 

effect of measurement noises on the performances of proposed methodology. From the 

economic and safety points of view, the most important properties of a leak detection 

system are that how fast and how accurate the leak detection system can detect and locate 

leaks. Because rapid detection of a leak could help significantly reduce the economic 

losses resulting from the leakage and mitigate the potential risks to human lives and 

environment. It is also very important to estimate the leak location as accurately as 

possible so that corrective action can be initiated in a timely fashion. While accurate 

estimate of the leak magnitude is also useful, it is relatively a less important issue. Thus, 

we consider the performance of the leak detection system to be satisfactory if it can 

detect leak quickly (within 30 min after the onset of leak) and locate leak accurately 

(within 5% of the total pipeline length). This simulation study was carried out in Matlab
®
.  

As discussed in section 6.3.1., the leak detection system functions by computing 

the difference between the estimated mass flow rate from the pipeline model and the real 

mass flow rate from the measurement system. In the actual simulation runs, the pipeline 

model used in the online observer was driven by the pressure difference between the two 

ends of the pipeline. These two end nodal pressures were used as the boundary conditions 

and were taken from the measurement data along the pipeline. The initial conditions 

specify the states at the beginning of each time interval and are normally taken from the 

last set of the model predicted outputs. For time 0t , i.e., when the model started from 
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rest, the initial conditions were obtained from the steady state solution of the pipeline 

model.  

A transient flow condition was created by introducing a step function to the inlet 

pressure from 50 bar to 60 bar, at time 0t . This inlet pressure rise causes an increase in 

the pressures and flow rates at all the points along the pipeline. A leak of different sizes 

was introduced at different locations along the line when the transient was still 

undergoing to test the applicability and effectiveness of the proposed leak detection 

method under transient conditions. Three different leak magnitudes of 2%, 5%, 10% (of 

the total mass flow rate through the pipeline) and three different possible locations 

(21km, 45km, and 69km) were considered. 

The boundary conditions for the pipeline model were taken from measurement 

data along the pipeline. This measurement data was generated artificially using the 

pipeline model with a leak term (as shown in Eqs. (6.1) and (6.2)). This measurement 

data was corrupted with noises to make it realistic. The standard deviation of noise in the 

pressure was 1800 pa, equivalent to 0.03% accuracy in the 0-60 bar pressure range. The 

standard deviation of noise in the mass flow rate was 1 kg/s, equivalent to 0.5% accuracy 

in the 0-200 kg/s mass flow rate range. 

6.3.4 Results and Discussions 

6.3.4.1 Performances of UKF 

1) No Leak Case 

The estimated leak location and magnitude profiles calculated from Eqs. 
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(6.47) and (6.48) are shown in Figure 6.5. It is clearly observed that the estimated leak 

location varies violently and randomly when there is no leak. And, the calculated leak 

magnitude converges to zero, this also implies that there no leak presents. 

 

Figure 6.5. (a) Leak location estimate profile when no leak presents and (b) Leak 

magnitude estimate profile when no leak presents. 

2) Leak Case  

No parameter mismatch 

Figure 6.6 shows the calculated leak location and magnitude profiles when a 5% 

leak is introduced at the middle point of the pipeline (x=45km) at time t=3150 s. By 

comparing Figure 6.5 and 6.6, the differences between the profiles with leak and those 

without leak can be observed explicitly. When a leak presents, the calculated leak 

location converges to a steady state value. It is also noticed that there are some 

fluctuations around the steady state. This is caused by the effect of random noise and will 

vary with the magnitude of the noise. The higher the noise level is, the larger the 

fluctuations will be.  Similarly, the calculated leak magnitude converges to a non-zero 

value with the occurrence of a leak. This non-zero value is the estimated leak magnitude. 
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Figure 6.6. (a) Leak location estimate profile with a 5% leak introduced at t=3150s and at 

x=45km and (b) Leak magnitude estimate profile with a 5% leak introduced at t=3150s 

and at x=45km (No parameter mismatch). 

With parameter mismatch 

Figure 6.7 shows the effect of model parameter mismatch on the accuracy of the leak 

parameter estimation. When parameter mismatch exists in the pipeline model, a deviation 

will be resulted in the estimated leak location and magnitude. In this case, the value of the 

friction factor λ used in the model is 0.0025, which is different from its true value of 

0.003 in the process. The other parameters of the pipeline model are maintained the same 

as those used in the process. The leak parameter estimates with and without parameter 

mismatch were listed in Table 6.1, where Lx̂  is the estimated leak location and LM̂ is the 

estimated leak magnitude. It can also be observed that the effect of parameter mismatch 

on the estimated leak location is much larger than its effect on the estimated leak 

magnitude.  



Texas Tech University, Weiting Tang, May 2013 

 170 

 

Figure 6.7. (a) Leak location estimate profile with a 5% leak introduced at t=3150s and at 

x=45km and (b) Leak magnitude estimate profile with a 5% leak introduced at t=3150s 

and at x=45km (With parameter mismatch). 

Table 6.1. Leak parameter estimates under the situation with and without parameter 

mismatch 

 

Figure 6.8 shows the estimated steady state pressure profiles obtained from a 

UKF observer with a perfect model and a UKF observer with parameter mismatch. Those 

profiles are also compared with the measurement data that is used as the inputs to the 

UKF observers. This measurement data is collected under a faulty condition with a 5% 

leak introduced at x=L/2. UKF estimates clean states from the measurements. From 

Figure 6.8, we can see that the estimation from the UKF with no parameter mismatch and 

that from the UKF with parameter mismatch are almost the same. The effect of parameter 

mismatch for pressure is not obvious, because of the large order of magnitude of 

pressure. While the effect of parameter mismatch is significant on the mass flow 
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rate estimate, as shown in Figure 6.9. The flow rate estimate from the good UKF 

approaches the true mass flow rate of 198.70 kg/s. However, the estimate from the UKF 

with parameter mismatch gives a false estimation of 219.07 kg/s.  

 

 

 

Figure 6.8. (a) Steady state pressure profiles along the pipeline got from measurement 

data, an observer without parameter mismatch, and an observer with parameter mismatch. 



Texas Tech University, Weiting Tang, May 2013 

 172 

(b) A portion of figure 6.8 (a) from distance x=30 km to x=60 km. 

 

Figure 6.9. Steady state mass flow rate profiles along the pipeline got from measurement 

data, an observer without parameter mismatch, and an observer with parameter mismatch. 

 

Figure 6.10-6.12 shows the time responses of mass flow rates estimated from the 

measurement data (blue solid line) by using a UKF observer without parameter mismatch 

(red solid line) and a UKF observer with parameter mismatch (green dash line) at the 

distance x=L/4, x=L/2, x=3L/4, respectively. It is observed that a 0.0005 mismatch in the 

friction factor causes a mismatch in the mass flow rate about 20 kg/s. The magnitude of 

this mismatch varies with pipelines of different parameters, i.e., the pipe diameter and 

length, also varies with different operating conditions, i.e., high-pressure pipeline and 

low-pressure pipeline. Thus, to ensure the accuracy of the leak detection and location 

system, it is necessary to account for the parameter uncertainties in the pipeline model.  
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Figure 6.10. Time responses of mass flow rates at distance x=L/4 got from measurement 

data, an observer without parameter mismatch, and an observer with parameter mismatch, 

respectively, with the onset of a leak at t=3150s and x=L/2. 

 

Figure 6.11. Time responses of mass flow rates at distance x=L/2 got from measurement 

data, an observer without parameter mismatch, and an observer with parameter mismatch, 

respectively, with the onset of a leak at t=3150s and x=L/2. 
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Figure 6.12. Time responses of mass flow rates at distance x=3L/4 got from measurement 

data, an observer without parameter mismatch, and an observer with parameter mismatch, 

respectively, with the onset of a leak at t=3150s and x=L/2. 

6.3.4.2 Performance of DUKF 

An effective measure to account for the model parameter uncertainties is to adjust 

the parameter adaptively. In DUKF, a state estimator and a parameter estimator run 

parallel to estimate the state and parameter simultaneously. In Figure 6.13, the blue solid 

line represents the true flow condition of the process. The red dash line shows a persistent 

deviation from the real flow condition due to the model parameter mismatch. The red 

solid line shows an initial mismatch to the real flow pattern, while approaches to the real 

flow condition gradually. This is because initially, a mismatch exists in the model and 

process parameter. The model parameter was then tuned by DUKF to approach the real 

process parameter. Figure 6.13-6.15 shows the mass flow rate estimates from DUKF at 

distance x=L/4, x=L/2, and x=3L/4, respectively. These estimates are also compared with 

those from a UKF estimator with parameter mismatch and those reflect the real flow 
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condition. Figure 6.16 shows the parameter (friction factor) evolvement tuned by DUKF.  

 

Figure 6.13. Time responses of mass flow rates at distance x=L/4 got from measurement 

data, DUKF, and an observer with parameter mismatch, respectively, under a normal 

operating condition. 

 

Figure 6.14. Time responses of mass flow rates at distance x=L/2 got from measurement 

data, DUKF, and an observer with parameter mismatch, respectively, under a normal 

operating condition. 
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Figure 6.15. Time responses of mass flow rates at distance x=3L/4 got from measurement 

data, DUKF, and an observer with parameter mismatch, respectively, under a normal 

operating condition. 

 

Figure 6.16. Friction factor evolvement resulting from DUKF 

6.3.4.3 Case Study for Leaks of Different Sizes and at Different Locations 

To test the feasibility and effectiveness of the proposed DUKF method for leak 

detection and location on gas pipelines, leaks of different magnitudes (2%, 5%, and 10%) 
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were introduced at different locations (x = 21km, x = 45km, and x = 69km). Table 6.2 

shows the average results of ten simulation runs for this case study. This table includes 

three sections (in columns), which are the three phases in detecting and diagnosing a 

leak: (i) determine the leak occurrence time, (ii) estimate the leak location, and (iii) 

estimate the leak magnitude. These three phases are also called the three critical leak 

parameters for identifying a leak. In the first section (from columns 3-5), the time of the 

occurrence of a leak was first detected. The other two critical leak parameters at this time 

were also reported. Big errors exist in the leak location and rate estimates, because the 

transient caused by the leak just started to develop at this stage. In the second stage (from 

columns 6-8), the calculated leak location converges (see Figure. 6.6 (a)). The time at 

which the leak location converges and the estimated leak rate at this time was also 

presented. In the third stage (from columns 9-11), the calculated leak magnitude 

converges to its steady state value (see Figure. 6.6. (b)). The leak magnitude convergence 

time and the estimated leak location value at this stage were also given. From this table, it 

is observed that for the leak size of 2%, the calculated leak rate first converges and then 

the calculated leak location converges. While for the leaks of size greater than 5%, the 

calculated leak location first converges and then the calculated leak rate converges. This 

is because the bigger the leak, the more time required for it to reach steady state. 

This table also includes three sections (in rows). Each section in row shows the 

estimated leak parameters at a different location. It can be observed clearly that the 

smaller the leak is, the longer time it requires to detect it. Similarly, the larger the leak, 

the more accurate of the estimated leak location and magnitude. The best result reported 

was found for the leak of 10% at the distance of x = 21km and the worst result reported 
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was found for the leak of 2% at the distance of x = 69 km. These numbers were bolded 

for highlight. The average values of the estimated leak parameters for leaks of size 2%, 

5%, and 10% are shown in Table 6.3. These average values were obtained by calculating 

the mean values of those at the three different locations. The performances of the 

proposed leak detection and location system is superior to those reports by Reddy et al. 

and Wang and Carroll [146, 148]. These two papers only reported leak detection time, no 

information about the time delay in locating and estimating is given. Reddy et al. reported 

that a delay time about 30 minutes were needed to detect leaks of size 2% [146]. While in 

this work, an average time delay of 8 minutes was needed to detect the leak and an 

average time delay of 25 minutes was taken to locate it. The maximum error in estimating 

a leak was found to be 114.3%, whereas, a maximum error of 17.3% was reported in this 

work. 

Table 6.2. Estimated leak parameters with different magnitudes and at different locations 
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Table 6.3. Average values of the estimated leak parameters for leaks of size 2%, 5%, and 

10% 

 

6.4 Conclusions 

An efficient state estimation method for designing an effective and reliable leak 

detection and location system by using dual unscented Kalman filter was presented in this 

work. Simulation results show that the parameter mismatch has a big effect on the 

performance of the state estimation, which in return, affect the accuracy of the estimated 

leak location and magnitude. DUKF effectively eliminates the effect of parameter 

mismatch by estimating the states and parameter simultaneously. Performance of the 

proposed leak detection and location system based on DUKF was tested for leak of 

different sizes and at different locations. The proposed method was able to detect leak as 

small as 2% and with 3.52% accuracy in leak location estimate and 10.2% accuracy in 

leak magnitude estimate, which were superior to other method reported by Reddy et 

al.[146] and Wang and Carroll.[148] 
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Chapter 7 Conclusions 

The present dissertation concentrates on the modeling, control, and estimation of 

time-variant complex systems. 

The basic idea and components of a powerful nonlinear modeling technique – 

Neural Network model and a global optimization technique – Genetic Algorithm are 

introduced in Chapter 2. Various forms of neural network structures, activation functions, 

and learning algorithms are explained. Recurrent neural network, which is capable of 

modeling nonlinear dynamical system, is used in this work. Multiple modeling technique 

is suitable for modeling processes with a wide range of dynamics. Genetic algorithm, a 

well-known global optimization technique, its work principles and four basic operators 

are explained in detail in chapter 2. 

The application of the neural network-based multi-model predictive control 

strategy to a highly nonlinear pH neutralization process is presented in Chapter 3. The 

novel SBX-RCGA was capable of tuning the structure and connecting weights of the 

neural network models simultaneously. Simulation results show the superiority of the 

proposed training method over the standard genetic algorithm and a fuzzy set method.  

The well-tuned multiple recurrent neural network models were able to generate correct 

model predictive outputs for the MPC controllers. A nonlinear integration of the offset 

error was incorporated into the MPC framework to yield an offset-free control 

performance. Feedforward control was also applied to reduce the magnitude of the 

overshoot. The proposed strategy was able to reject all the severe unmeasured 
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disturbances from pH =3 to pH = 13. Moreover, the performance of the proposed strategy 

was compared with a gain scheduling PI controller. The gain scheduling PI controller was 

not able to reject all the severe unmeasured disturbances the same as those applied to the 

proposed method. 

In Chapter 4, the existing leak detection and location methods are reviewed. The 

advantages and disadvantages of each method are compared. Causes for pipeline leaks 

are discussed. A set of performance criteria was defined for evaluating the performances 

of leak detection and location systems. Among the various types of leak detection and 

location methods, such as, hardware-based methods, mass balances-based methods, 

pressure-based method, model-based method, knowledge-based method, and statistical 

analysis methods, the model-based method is the most suitable method for detecting and 

diagnosing leaks of small magnitudes and under normal transient conditions. It is able to 

provide continuous real-time monitoring over the pipeline. Dual unscented Kalman filter, 

a new state estimation technique, is a potential model-based method for leak detection 

and location on gas pipelines, due to the fact that it is able to account for process 

parameter uncertainties by estimating the states and parameters simultaneously.  
 

In chapter 5, a nonlinear hyperbolic PDE model was set up for describing the 

transient gas flow in pipeline. Three numerical methods were used to solve the governing 

PDEs for both a single pipeline and a pipeline network system. The performances of the 

three numerical methods were compared in terms of their numerical accuracy and 

computational efficiency. The MOL is the most suitable scheme because it is both 

numerically accurate and computationally efficient. The capability of MOL to capture the 
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effects of leaks on the pipeline under normal transient condition was further tested on a 

single pipeline system. 

In chapter 6, an efficient state estimation method for designing an effective and 

reliable leak detection and location system by using dual unscented Kalman filter is 

presented in this work. Simulation results show that the parameter mismatch has a big 

effect on the performance of the state estimation, which in return , affect the accuracy of 

the estimated leak location and magnitude. DUKF effectively eliminates the effect of 

parameter mismatch by estimating the states and parameter simultaneously. Performance 

of the proposed leak detection and location system based on DUKF was tested for leak of 

different sizes and at different locations. The proposed method was able to detect leak as 

small as 2% and with 3.52% accuracy in leak location estimate and 10.2% accuracy in 

leak magnitude estimate. 
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Chapter 8 Future Work 

In this section, some recommendations for future work are proposed. 

1) Multi-model Predictive Control for pH Neutralization Processes 

Further validation of the proposed method can be tested by conducting a real pH 

neutralization experiment.  A human machine interface can be set up to implement the 

proposed NNMMPC method to control the pH neutralization process in real-time. In 

addition, in the present work, the inlet species are fixed and only the concentrations of the 

species are changing. In the future work, different species can be used to introduce 

unmeasured disturbances to the process so as to test the effectiveness of the proposed 

method under different operating conditions. 

2) Modeling and Simulation of Natural Gas Pipelines 

  The effect of a leak on the natural gas pipeline network can also be tested. 

What’s more, the non-pipe elements of a pipeline network, i.e., the compression stations 

and valves, could also be included in the simulation. Different network structures, for 

example, a pipeline network with a parallel loop and a pipeline network with both inlet 

and outlet junction points, can be simulated. 

3) Development of Leak Detection and Location System for Natural Gas Pipelines 

Using DUKF  

The performance of the proposed leak detection and location method based on 

DUKF can be further test on a pipeline network system, rather than only a single 
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pipeline. More parameters should be estimated, such as, the pipe diameter and wave 

speed. The effect of measurement redundancy can be investigated and different leak 

detection and location schemes could be implemented and compared to identify the area 

in which each of them is most suited.  
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Appendix A 

Derivation of the transient flow model in a gas pipeline  

Mass balance equation:  

                                         
0=

x

vA

t

A








 
                                                      (A.1) 

 Momentum equation:  
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 Relationship between   and P is given in[136] as:  
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 Substituting the Eq. (A.3) into the Eq. (A.1):  
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 Multipling the Eq. (A.2) by the cross-sectional area A:  
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 The first two terms in the above equation can be written as,  
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 The summation of the terms in the braket in Eq. (A.6) is equal to 0, according to 

the continuity equation Eq. (A.1). Hence, Eq. (A.6) becomes  
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 Substituting Eqn. (A.7) back into Eq. (A.5)  
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 The convective terms 
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 in Eq. (A.4) and 
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  in Eq. (A.8) are very small 

compared to other terms, which can be neglected. And,   is selected to be 0. So, the last 

term in Eq. (A.8) can also be deleted. 

The discharge  

                                                    vAQ =                                                         (A.9) 

 Substituting Eq. (A.9) into Eq. (A.4) and Eq. (A.8), the model of the gas flow in a 

pipeline is obtained as below,  
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