
Topic 1: Introduction 
 

1.1 Circulating fluidized bed 

In a variety of industrial applications, the use of a circulating fluidized bed (CFB) provides 

various advantages, such as reducing environmental pollution and increasing process efficiency. 

The application of circulating fluidized bed technology contributes to the improvement of gas-

solid contact, reduction of the cross-sectional area with the use of higher superficial velocities, 

the use of the solids circulation rate as an additional control variable, and superior radial mixing, 

Grace et al. [1]. In order to improve raw material usage and utility consumption, optimization 

and control of CFB is very important, and an accurate, real time model is required to describe 

and quantify the process.  Currently there is no accepted way to construct a reliable model for 

such a complex CFB system using traditional methods, especially at the pilot or industrial scale. 

Three major obstacles in characterizing the system are: 1) chaotic nature of the system; 2) non-

linearity of the system, and 3) number of immeasurable unknowns internal to the system,[2].  

Advanced control theories and methods have the ability to characterize the system, and can 

overcome all three of these obstacles. These methods will be discussed in the next sections. First 

the description of cold flow circulating fluidized bed is presented below. 

1.2 Cold flow circulating fluidized bed 

1.2.1 Overall system of the CFCFB 

The current research projects are based on experimental data collected from a cold flow 

circulating fluidized bed (CFCFB) test facility installed at the National Energy Technology 

Laboratory (NETL), in Morgantown, West Virginia. This CFCFB test facility was built at NETL 

during the 1960s. The system was built for studying the behavior and operation of circulating 

fluidized bed systems under cold conditions. However, in industrial settings most CFBs operate 
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at high temperatures, Koduru [3]. A simplified diagram of the CFCFB built at NETL, in 

Morgantown, West Virginia is shown in Fig. 1, with indicated dimensions, Park et al. [4], [5].  

 

Figure 1.1: The simplified diagram for the NETL cold flow circulating fluidized bed test 
facility. 

The 15.45 m high CFCFB test facility consists of a standpipe, a non-mechanical valve, a riser, a 

gas/solid separator, and other advanced measuring instruments, such as a spiral for measuring the 

solids circulation rate, a density meter for bulk density, etc. The standpipe is 11.40 m high and 

0.253 m in diameter, as indicated in Fig. 1.1. It has a section of clear acrylic to allow interior 

visibility, eight taps to measure the pressure drop, a spiral, and four aeration flow injection points 
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to maintain fluidization. The non-mechanical valve is called an L-valve or a Z-valve because of 

its shape. It is 1.5 m high, and 0.253 m in diameter in its standing portion and 0.227 m in 

diameter in its slanted portion. The valve has air injection points at the bottom to maintain 

fluidization of the solid material. The riser is 15.45 m high and 0.305 m in diameter and is built 

of metal, so the contents cannot be seen from the outside. The riser also has many pressure taps 

to facilitate accurate pressure drop measurements. The riser is connected to a gas/solid separator 

(i.e. a cyclone) at the top of the standpipe. This cyclone connects to another cyclone in order to 

separate the gas from the solids and to discharge the gas from the system. The separated solids 

are returned to the standpipe to create a dense bed.  

A twisted fiberglass vane solids flow meter installed in the standpipe of the CFCFB allows 

measurement of the solids circulation rate. The fiberglass spiral and typical installation in the 

standpipe are shown in Fig. 2, Ludlow et al. [6].  

 

Figure 1.2: Fiberglass spiral and top view of typical installation. 
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The meter has two parts, the twisted vane and rotation electronics, to detect the rotation of the 

vane as shown in Fig. 2–a. The twisted vane, or spiral, is shaped and twisted to be rotated by the 

solids flow. The typical orientation of the spiral in the standpipe is hanging down along the 

centerline of the standpipe; with the electronics remaining outside the standpipe as shown in Fig. 

2–b. The spiral is installed in the packed bed of the standpipe to allow rotations by the motion of 

the solids as they move straight down in the standpipe, Ludlow et al. [6]. The twisted vane is 

used because it allows a continuous flow measurement. The collected data is sampled at 1 Hz. 

There are several other advanced instruments, such as a Laser Doppler Velocimeter, which 

measures particle velocity near the riser wall, and a Solid Sampling Probe, which measures solid 

flux, etc.  

1.2.2 Operation of the CFCFB 

The pressure drop measurements are also sampled at a rate of 1 Hz by a data acquisition system 

that stores the data for offline processing. The solid material being tested is cork, which has an 

average diameter of 812 µm and is used to represent the coal particles in diameter, temperature, 

and pressure. Detailed bed material characteristics for the cork are shown in Table 1.1.  

 

Table 1.1: Characteristic of cork 

First, the mass of solids is aerated with a high air flow at the bottom of the riser. After reaching 

the top of the riser, the mass is transferred to two stages gas/solid cyclones that separate gas from 
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solids and vent the gas outside. The solids then fall down in the standpipe and accumulate to 

create the bed level. This free falling region is called the lean phase. The area below the bed level 

is the region defined as the dense bed, which is a fluidized flow of solids. The air injected at the 

base of the standpipe is referred to as move air and is one of the primary controls of the system. 

As the move air is changed, the solids circulation flow changes, causing the bed-height to 

change. Other air injections occur but are very small and have little effect on the bed-height. In 

the lean phase region of the standpipe, there is no significant change of pressure, but there is a 

significant change in the dense bed because of the packed solids. This is where fluidization 

occurs. The air injected at the bottom of the riser is kept constant, moving the solids through the 

riser. 

1.3 Research foci 

The primary research focus is system identification and control of standpipe of the CFCFB and 

to build dynamic model of the riser. In addition to the extended Kalman filter and H∞ techniques, 

other robust techniques such as the sliding mode estimation is applied in order to estimate the 

state and the bed-height. There is a large amount of experimental data and information available 

at the test facility of DOE/NETL. This allows detailed and accurate numerical and systematic 

methods to be studied and investigated allowing the formulation of a system model to estimate 

the solids circulation rate. Furthermore, since the clear acrylic portions of the standpipe in the 

NETL CFCFB test bed allow the bed-height to be observed and recorded, a simple method of 

calculating the bed-height can be developed. Linear control theory was applied to regulate the 

solids circulation rate and bed-height because both variables can be measured experimentally. 

An analytical model for the entire CFCFB is not available. However, because a large quantity of 
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data is collectible, a neural network may be applied in order to build a system model with which 

to test the linear controller. 

The challenges are to develop a standpipe system model, to estimate the state variables using 

various estimation techniques, to calculate the bed-height developing simple formulae, to 

estimate solids circulation rate, to control both bed height and solids circulation rate using linear 

control theory and to develop a dynamic model of the riser. The solids circulation rate is one of 

the most important parameters in the operation of the CFB, since it affects mass and heat transfer 

characteristics, which in turn impact the efficiency of the processes. Several techniques have 

been used to determine this variable, Burkell et al. [7], Lui and Bowen [8]. However, the 

measurement of this parameter is very difficult in industrial-scale CFB units, operating under 

extreme process conditions. In this research, however, since the CFCFB operates under cold 

conditions, the SCR can be measured with an advance instrument, namely the spiral installed in 

the standpipe of the CFCFB. From these measured values, the linear system model for the solids 

circulation rate can be built, which is used to estimate the SCR with a discrete Kalman filter. The 

linear dynamic model for this purpose is defined as, 

x(k + 1) = Ax(k) + Bu(k), 

y(k) = Cx(k),               (1.1) 

where x(k) is the state vector, y(k) is the output vector, and u(k) is the input vector, while A,B, 

and C are constant matrices. The least squares estimator and an extended observability matrix are 

utilized through a subspace algorithm, Moonen and Ramos [9], Swindlehurst et al. [10] in order 

to estimate the matrices A,B, and C of the state space system model, Ljung [11]. The least 

squares method is developed to estimate the parameters for the auto regressive moving average 

(ARMA) or other time series model forms, using the experimental data, Brotherton and Caines 
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[12], Goethals et al. [13], Bai and Nagpal [14]. The system model is then transferred to another 

form containing only pressure drop data, which are the only available measurements. The 

discrete Kalman filter is used to estimate the SCR, based on the linear state space dynamic 

system model with measured pressure drop profiles and aerations. 

In addition to the Kalman filter estimation for SCR, in this research other robust estimating 

methods are also developed, such as Extended Kalman filter (EKF), H∞ estimator and a sliding 

mode observer, in order to estimate a void fraction, a state variable, in the one-dimensional 

dynamic model of the standpipe. For this purpose, first an Extended Kalman Filter(EKF) is 

developed. The dynamic model of the flow within the standpipe is based on mass conservation 

and a modified Richardson-Zaki correlation. The truncated Ergun equation is used to relate the 

pressure drop measurements to the amount and velocity of solids in the standpipe. The state 

estimation problem for nonlinear systems in the presence of process and measurement noise has 

been widely considered in the literatures and in applications. One of the most applied solutions is 

the (EKF), which consists of a Kalman filter obtained by a step-by-step linearization around the 

current estimate of the state vector. However, for some oscillated cases, this method did not 

perform well. In addition, covariance matrices Q and R need to be assumed initially and 

depending upon initial values, the estimator behaves unstable for some cases. Then, an H∞ 

estimation algorithm is applied to estimate the state, and the bed height of the standpipe in 

CFCFB. This H∞ method only requires one variable for tuning to have proper estimation of the 

state and the bed height. Test results showed that using H∞ method, the state estimation is 

improved over the Kalman filter. Finally, an alternate robust estimator based on powerful 

Lyapunov stability criteria namely sliding mode observer has been developed. The sliding mode 

observer has been applied in estimating the current, voltage, or speed of an induction machine, 
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Yan et al. [15], Utkin [16], Benchaib et al. [17], Derdiyok et al. [18], Rehman et al. [19], Rodic 

and Jezernik [20]. The system models used in the sliding mode estimator are usually nonlinear 

and are manipulated according to the needs of the estimator. Yan et al. [15], Utkin [16], 

Benchaib et al. [17] illustrate the development of a sliding estimator based on the mathematical 

model of an induction machine, showing the technique’s superiority in dealing with tolerances to 

noise and parameter deviations. However, there are no mathematical or generalized procedures 

for finding the sliding surface or determining the structure of the sliding mode estimator, based 

on the system model. In this research, since the SCR is available from the estimator, a sliding 

mode observer uses the estimated SCR in order to estimate the state of the standpipe, using the 

previously developed mathematical standpipe model. 

Furthermore, the developed algorithm integrates a 2-region model that uses 3-pressure 

measurements from the standpipe to calculate accurately the bed-height, using the basic pressure 

and void fraction relationship defined as,  

∆P = ρs (1 - ε)gh,               (1.2) 

where ∆P is the pressure drop, ρs is the density of solid, ε is the void fraction, g is the 

gravitational acceleration, and h is the length over which the pressure drop is measured. The 

SCR is successfully estimated and the bed-height is accurately calculated, using methods 

developed in this research. The control of these quantities is another research topic. Linear 

system control theory is mature, well understood, and commonly used in industrial applications. 

A linear controller is developed here to control the SCR and the bed-height, in order to improve 

the reliability and robustness of the system. For simulation purpose of testing the linear 

controller, an entire mathematical model of the CFCFB system is required. On the other hand, a 

tremendous quantity of experimental data is available, allowing the entire CFCFB system model 
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to be built using a neural network. The neural network has been used to build non-linear system 

models in Pantino and Liu [21], Chen and Xi [22], Hutchins [23], Antsaklis [24], Owens [25], 

Fernandez et al. [26] using many available experimental data sets. In particular, the Levenberg-

Marquardt back-propagation algorithm is used for building the system model, Hagan and Menhaj 

[27]. The neural network back-propagation algorithm is applied in order to construct the entire 

CFCFB system model in this research. The back-propagation algorithm uses tansig functions for 

the hidden layer and purelin functions for the output layer; therefore the data sets need to be 

normalized, using their minima and maxima. Simulation runs are performed for various step 

changes of the set points for both the bed-height and the SCR. 

On the other hand, the distribution of solid particles in circulating fluidized bed risers has been 

widely studied because of its importance in reactor design.  CFB risers normally contain a 

relatively dense region near the bottom and a dilute zone toward the top, [28], [29].  Radially, the 

upper region consists of a dilute core surrounded by a relatively dense annulus, with solids 

downflow along the wall, [30].  The hydrodynamics of the CFB riser have been analyzed 

typically using two models (i.e. axial and radial profiles of voidage) obtained through 

observations in the macro-scale.  These models’ validity has been confirmed by experimental 

observations in a large-scale CFB, [31].  Although, these axial and radial profiles are observed at 

steady state conditions, it is not clear how these profiles change during transient operations.   

Yang [32] developed a mathematical model that describes the dynamics of flow around a 

circulating fluidized bed loop.  But the model, represented by a system of non-linear algebraic 

equations, can not be used in transient situations.  Monazam et al. [33] determined the saturation 

carrying capacity (SCC) based on transient pressure drop measurement across the riser during a 

solids flow cut-off experiment.  Pallares and Johnsson  [34] developed a comprehensive dynamic 
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model for larger CFB units, which can be used to predict the solids flux from operating variables.  

Secchi et al. [35] developed an integrated dynamic model for a reactive process, which is capable 

of capturing the major dynamic effects that occur in the system and can be used for dynamic 

analysis, control and optimization.  In this approach, the riser was modeled as an adiabatic plug 

flow reactor, and predictions of conversion and temperature profiles were in good agreement with 

the plant data. 

Realistic numerical simulations prove very helpful for the analysis of CFB.  Some of the most 

sophisticated models are based on an advanced computational technique which integrates the 

discrete element (or particle) method (DEM, [36] or DPM, [37]) for the solid phase with a 

computational fluid dynamics (CFD) algorithm for the fluid phase.  Such an approach makes 

available a series of powerful tools, not available with classical techniques, capable of predicting 

the core-annulus flow structure, etc.  The positions and velocities are calculated for each particle 

in the system from the forces acting on that particle through integration of Newton’s second law 

of dynamics, and a CFD algorithm (i.e. finite volume approach to solve the continuity and 

momentum balance equations) is implemented for solving the pressure, velocity, density and 

voidage fields throughout the system.  However, the simulated system is limited in its size and 

properties due to the computational time required.  The time required to run a 1 second 

simulation is usually at least 10 hours, even for laboratory scale equipment, which makes it 

practical for process design but not for real-time control. To describe the dynamic response of 

the riser, two models are developed in this research. A tanks-in-series model visualizes the riser 

as consisting of a series of completely mixed vessels, where the output of an upstream tank 

becomes the input to the downstream tank. This model predicts the phase shift of pressure drops 

at different locations in the riser reasonably well, providing a method to estimate the dynamic 
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response time. 1-D axisymetric cluster model of the riser, on the other hand, predicts the pressure 

drops along the height of the riser reasonably well, but its dynamic response for pressure drop at 

the bottom of the riser is poor despite good steady state predictions. This model is based on the 

assumption that all flow is unidirectional with no mixing in the axial direction, so the name 1-D 

axisymetric cluster model. 

1.4 Organization of report 

This report is divided into five chapters, chapter 1 to chapter 5 with the conclusions and future 

work. Each chapter gives the brief description of the techniques used for identification, modeling 

and control of CFB. The figures and simulation results are included wherever appropriate. Few 

references are listed at the end of this report. Nomenclature is included after Conclusions and 

Future Work section. 
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Topic 2: Solid Circulation Rate Estimation 

2.1 Introduction 

A solid circulation rate (SCR) is one of the critical components in improving the operation of the 

system, in estimating the states and the bed-height, and in using estimator methods such as those 

involving an extended Kalman filter, an H∞ methods, Park et al.[4], Shim et al. [38], or a sliding 

mode estimator as discussed. Moreover, the SCR is one of the important parameters in the 

operation of the CFB, since it affects mass and heat transfer characteristics, which in turn impact 

the efficiency of the processes. Although some techniques have been used to determine this 

variable, notably Ludlow et al. [3], Burkell et al. [7], Lui and Bowen [8], the measurement of this 

parameter in industrial–scale CFB units operating under extreme processing conditions is very 

difficult. Thus, to be practical, there is a need for an estimator of the solids circulation rate that 

uses only the pressure drops and move air information available from the measurements. The 

SCR can be measured from the spiral installed at 2.7432 m point in the standpipe of the CFCFB 

installed at NETL, in Morgantown, WV. In this chapter, the system model for the purpose of 

SCR estimation is developed, Ljung [11]. The system model is defined as, 

            (2.1) 

where x(k) is the fictitious state vector, u(k) is the input vector, y(k) is the output vector, and A, 

B, and C are constant matrices. Least squares approximation methods, Brotherton and Caines 

[12] and an extended observability matrix through subspace algorithm are applied in order to 

estimate the matrices A,B, and C, Park et al. [5]. These methods will be discussed in the next few 

sections. Once the system model has been built, a Kalman filter algorithm is utilized in order to 

estimate the solids circulation rate. The experimental results show the effectiveness of this 
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method. Then this technique is tried with lesser number of pressure profiles, the results of which 

are commensurate with the ones obtained using eight pressure profiles. 

2.2 Preliminaries 

An auto regressive moving average (ARMA) method can be used to build the dynamic model 

where the massive data sets are available, but the exact mathematical model cannot be built 

directly, Amjady [39], Chow and Tan [40], Forssell and Ljung. [41]. The following section 

describes the basic concepts of the time series used for the system model development of the 

solids circulation rate. 

2.2.1 Basic theory 

A basic theoretical explanation for some concepts is presented in this section to assist the reader 

in understanding the theory behind developing a system model of the SCR. Let us assume the 

existence of a time series, zt. The mean value, µ is theoretically integrated as, Box and Jenkins. 

[42], Shumway and Stoffer [43], 

 

where p(z) is a probability density function with respect to a certain point in the time series, zt. In 

practice, however, the theoretical mean value cannot be obtained exactly with this integral 

equation because the mathematical model usually is not available. Therefore, the approximated 

mean value is alternatively considered, 

              (2.2) 

where Nt is the total number of the time series, zt. Next, the auto-covariance matrix for time 

series zt at lag k is defined as, 

           (2.3) 
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On the other hand, the auto-correlation is given as, 

            

Like the mean value, the practical auto-correlation function can be approximated to a partial 

auto-correlation by, 

               (2.4) 

where, 

 

The stationary processes are not affected by a change of time origin, and in a particular state of 

statistical equilibrium, they have a constant mean, or are fluctuating around their means. The 

white noises are uncorrelated, so the auto-correlation of the white noise can be found as, 

              (2.5) 

2.2.2 General linear process 

There are two equivalent forms for the linear process. The first one is given by 

            (2.6) 

where µ−= tt zz~ . The other form can be described as the series weighted sums of the past values 

of the z~ ’s, plus the added noise, at, 
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            (2.7) 

The relationship between the ψ weights and π weights can be found using the backward shift 

operator 

          

Now, consider the expressions (1 - θ )B -1
tz~   = at. For |θ| < 1, the left hand side can be expanded 

to 

 

From the above equation, the deviation tz~  can be expressed in terms of the previous tz~  with at, 

            (2.8) 

so that for this model πj = -θj . 

From (2.7), another expression can be found 

             (2.9) 

or 

 

with 

 

Multiplying ψB on both side of (2.9) yields, 
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hence, 

  

therefore, 

            (2.10) 

2.2.3  Least squares approximation 

The least squares method indicates that the best fit can be obtained by minimizing the sum of 

squares of the difference between the given (measured) points and the estimated curves, Haykin 

[44]. In this section, the least square method applied in order to build the SCR system model is 

introduced and discussed, Ljung [11], Haykin [44]. The least squares method is used to 

determine parameters for the model based system, such as the AR or ARMA model. The linear 

regression is defined as, 

           (2.11) 

where θ is the regression vector (parameters),  ψ(t) is the previously known input and output data 

vector, and µ(t) is the noise vector. The error equation based on (2.11) is, 

           (2.12) 

where y(t) is a measured data vector. In a least squares estimator, the criterion of a predictor is 

given by the error square and divides the sum of the all possible terms as, 

          (2.13) 

With the substitution of (2.12) for the error term, the criterion of the predictor is, 

         (2.14) 
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The criterion, (2.14), needs to be minimized with respect to parameters θ according to the state of 

the least squares method. This criterion is a quadratic function of the parameters θ, so it can be 

minimized analytically, 

        (2.15) 

The vectors y(t) and φ(t) are known from the input and output vectors, so the parameter vector θ 

can be determined from the known experimental data. 

2.3 SCR system development 

2.3.1 Subspace algorithm 

To estimate the state space model parameters A, B, and C, the least squares estimator technique 

and an extended observability matrix are used through the subspace algorithm, Ljung [11]. The 

system equation defined in (2.1) is rewritten with some noise terms as, 

         (2.16) 

where x(t) is the fictitious state vector, u(t) is the input vector, y(t) is the measurement vector, 

w(t) and v(t) are noise terms, and A,B, and C are constant matrices to be determined.  

Define an extended observability matrix (EOM) as, 

          (2.17) 

where n is the dimension of matrix A. At this point, if the base is changed with an arbitrary 

invertible matrix T, the system equation becomes, 

        (2.18) 
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The extended observability matrix, Or also needs to be changed using the invertible matrix T, 

yielding, 

             (2.19) 

In (2.19), since multiplying the extended observability matrix from right by any invertible matrix 

does not change the system dynamic matrix, this is just the basis change of representation, Ljung 

[11]. Therefore, to obtain the system dynamic model, any extended observability matrix can be 

used on any basis. In fact, the changing basis does not affect the original system matrices, A, B, 

and C. The defined system equation, (2.16) leads to, 

    (2.20) 

Rewriting (2.20) in a vector form, 

          (2.21) 

where, 

 

V (t) contains the noise terms and Or is the extended observability matrix defined in (2.17). 

For the convenience of notation, the matrix form is applied here, 

           (2.22) 

where, 
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From (2.22), it is necessary to find the extended observability matrix, Or in terms of the 

measured input and output matrices. The idea of finding the extended observability matrix is to 

eliminate the input and noise terms using known input and output matrices. First, remove the 

input term multiplying by  

 

 

since 

 

Next, it is necessary to remove the noise term so that the extended observability matrix can be 

determined. Assume that noise terms can be made to be vanished by right multiplying a matrix, 

Ф, 

         (2.23) 

therefore, 

            (2.24) 

where Ф = [φ(1), φ (2), · · · , φ (N)]. Expanding the noise term with components yields, 
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       (2.25) 

With the large number of N, (2.25) becomes 

      (2.26) 

where RU(t) = E[Ur(t)Ur
T(t)]. To make this term vanish, it is necessary to choose the right matrix, 

Ф. Since the measurements and inputs are all known, the vector, φ (t) is determined to be, 

       (2.27) 

where s1 and s2 are large numbers. Thus the expected values between the noise term and this φ 

vector vanish as does the noise term. From (2.23), the following is derived, 

           (2.28) 

 where T
N X

N
1T~ ϕΠ= is just a matrix to change the basis. With the weighting matrices in the 

singular value decomposition, the following is obtained, 

          (2.29) 

A full rank matrix R is selected, making the estimated observable matrix, .Finally, 

the equations are solved by the least squares method, 

RUWÔ 1
1

1r
−=

           (2.30) 

       (2.31) 

where Np is a dimension of the output vector, y(t) and n is the dimension of the system state 

vector, x(t). The matrix  is estimated using the least squares like method from, B̂
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         (2.32) 

There are several methods available for choosing weighting matrices, W1,W2 and R, Ljung [11]. 

The technique applied in this research uses the methods “N4SID” proposed by Van Overschee 

and DeMoor (1994), Ljung [11] where the weighting matrices are chosen as, 

           (2.33) 

2.3.2 SCR estimator development 

As described in the previous section, an effective system dynamic model for estimating the 

solids circulation rate is built, using a least squares estimation and the extended observability 

matrix, Ljung [11]. Once the matrices A, B, and C of the system dynamic model have been 

determined, a Kalman filter algorithm is applied in order to estimate the solids circulation rate 

with error corrections from the measured pressure drop profiles. 

First, the system dynamic model is given as, 

          (2.34) 

where xf (t) is the fictitious state, u(t) is the input vector, x(t) is the output vector, and B,A ,C are 

the constant matrices to be determined. The details of input and output name tags for building the 

system dynamic model are shown in Table 2.1.  
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Table 2.1: Detailed input and output components 

Furthermore, the operating conditions of the CFCFB for building the SCR system model are 

shown in Table 2.2. There are several other conditions, but here a few of major operating 

conditions are shown. The challenge of using this method is to determine the matrices B,A , C. 

The least squares approximation estimation and the extended observability matrix are used to 

estimate the matrices, B,A , and C with the collected data from the CFCFB.  

 

Table 2.2: Operating conditions of CFCFB for building the SCR system model 

Once these matrices are determined, the system dynamic model is transferred to a different 

format with no fictitious states, using xf (t) = C-1 x(t) as, 

x(t + 1) = Ax(t) + Bu(t),            (2.35) 

where A = C A C-1 and B = C B . The fictitious state xf (t) is eliminated and only pressure drop 

profiles and the SCR are now contained in the state vector, x(t). The measurement vector 
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contains nothing but the pressure drop profiles, so the state output in the system model should 

not contain the solids circulation rate but only the pressure drop profiles. The new matrix, H and 

new output vector, y(t) are introduced to fulfill these needs. The system model now becomes, 

          (2.36) 

Based on the system model, (2.36), the suggested estimator with the Kalman filter algorithm is 

defined as, 

        (2.37) 

where indicates the estimated state or output vector, p(t) is the measured pressure drop 

profiles, and K is the Kalman gain matrix found from the Kalman filter algorithm, which is 

discussed in the next section. 

).̂(

2.3.3 Kalman filter 

Since the dynamic system model is in linear form, a discrete linear Kalman filter algorithm is 

discussed here, Gelb [45]. The system and measurement models are defined as, 

           (2.38) 

where Φk-1 is the discrete time variant state matrix, Hk is the time variant measurement matrix, 

while wk-1 and vk are white noise and have constant covariance. Several assumptions need to be 

considered to build the discrete linear Kalman filter algorithm. First, the noise for the state and 

measurement is assumed to be white and has a constant covariance. Second, the covariance 

matrices, Q and R have to be chosen in the beginning of the estimation procedure. Third, the 

estimator is unbiased, i.e. E[ kx~ ] = 0 at any time. Finally, the estimator is not correlated to the 
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processing and measurement noise, i.e. E[xkwk-1] = E[xkvk] = 0. To save the computer memories 

and variables, the discrete linear Kalman filter uses the recursive filtering procedure. 

Here a brief explanation is given for Kalman filter algorithm. The estimator is equation (2.37) . 

The Kalman gain K can be found as [46], 
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2.3.4 Experimental results 

The experiments are performed under two different sets of operating conditions. One set is the 

same operating conditions as in the built system model, shown in Table 2.2 while the other set of 

operating conditions are shown in Table 2.3.  

 

Table 2.3: Operating conditions of the CFCFB to test the SCR system model 

The bed materials, the amount of solids in the inventory, and the humidity are the same as those 

of the conditions which existed when system was built, but Ug (i.e. the main aeration of the 

riser), the move air, and the period are different. For the first case, the experimental results are 

shown in Fig. 2.1 for a high solids circulation rate, and in Fig. 2.2 for a low solids circulation 

rate. In both case, the solid lines represent the measured values from the spiral while the dash 

lines show the estimated SCR from the Kalman filter with the SCR dynamic model. The 
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estimated values converge to measured values in a few seconds. The overshoots occur due to the 

initial conditions in the SCR system model and the Kalman estimator. 

 

Figure 2.1: Experimental result for the high solid circulation rate  

 

Figure 2.2: Experimental result for the low solid circulation rate  

2.4 A simple approach to remove pressure profiles 

First of all, in this research, all the eight pressure profiles are used to estimate SCR. Then the 

number of pressure profiles is kept small that is four and this yields almost the same estimation 
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of solid circulation rate. An algorithm that removes these four pressure profiles is described 

below.   

 

Figure 2.3: Sample plot of pressure profile Vs height 
Figure 2.3 shows the sample plot between the pressure drop profiles and height of the standpipe. 

The bed height is marked somewhere between the two abrupt slope change points. As stated 

earlier, bed height divides the standpipe operating region into lean and dense region. In the lower 

dense region, the relation between pressure profiles and height is linear. The algorithm to remove 

the possible number of pressure profiles operates by eliminating pressure profiles between 1P∆  

and , one at a time and checks the resulting fit for SCR. For instance, in the beginning, 

pressure profiles are removed in the following order: 

6P∆

5432 PPPP ∆→∆→∆→∆  and the results for 

the best fit between the measured and model’s output for SCR are compared. In the next 

iteration, it then takes the remaining three pressure profiles without the first one being removed 

and proceeds as shown in Fig. 2.4. 
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Figure 2.4: Operation of an algorithm 
It decides which pressure profiles to remove by the comparison between the best fits for SCR 

from SITB.  In all these cases, the criteria for accepting the model is based on the comparison 

between the model’s output for SCR and the measured one on a validation data set [11], [47]. 

This approach gives almost the same result with 432 P,P,P ∆∆∆ and 5P∆  removed for the data sets 

that have been used previously. Finally, we are left with four pressure profiles in total - 

and  as shown in Fig. 2.5 and, moreover, the previous system of order nine is 

replaced by the new system of order five. 

761 P,P,P ∆∆∆ 8P∆

2.4.1 Experimental results with four pressure profiles 

Measured values of SCR from a spiral installed in the standpipe and the simulated result 

obtained from the Kalman filter algorithm are compared in Figs. 2.6 and 2.7. As before, the 

solid line represents the measurements from the experiments and the dashed line represents the 

simulated results for the new system model. Figures include results for both high and low solid 

circulation rates. These figures show that reduced order system with four pressure profiles could 

be used to estimate SCR effectively. 
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Figure 2.5:  Sample plot of pressure profile and height with four pressure profiles from 
linear approximation. 

 

 

Figure 2.6:  Low solid circulation rate estimate using Kalman filter with four pressure 
profiles. 

. 
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Figure 2.7:  High solid circulation rate estimate using Kalman filter with four pressure 
profiles. 

2.5 Conclusions 

In this section, the solid circulation rate estimation technique was discussed. The linear discrete 

dynamic system was developed in order to estimate the SCR, applying the Kalman filter using 

the eight pressure drops along the standpipe. The least squares estimation and the extended 

observability matrix formed from state space model were utilized through the subspace 

algorithm. Once the dynamic model had been built, the system dynamic was transported to a 

different form without the SCR in the output vector. After the system model was obtained, the 

Kalman filter was utilized to estimate the solid circulation rate using measured pressure drops in 

the standpipe and the riser as well as the move air. The experimental results show that this 

method estimates the SCR successfully in a given operating condition. In addition, the number of 

pressure profile has been reduced to four using the new algorithm, and with these four pressure 

profiles this SCR estimation technique gives equally reliable and excellent results.  
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Topic 3: Calculation of Standpipe Bed Height - Two-region method 

3.1 Introduction 
 
A fluidized bed is a packed bed through which a fluid flows at such a high velocity that the bed 

is loosened and the particle-fluid mixture behaves as though it is a fluid. Thus, when a bed of 

particles is fluidized, the entire bed can be transported like a fluid, if desired. Both gas and liquid 

flows can be used to fluidize a bed of particles.  

When the gas is aerated through the bottom of standpipe, the net weight of the bed has to be 

balanced against the upward force exerted on the bed, namely the pressure drop across the bed 

 multiplied by a cross-sectional area of the bed . In doing this balance, the small frictional 

force exerted on the wall of the column by the flowing fluid is neglected.  

∆P A

Upward force on the bed        PA∆=

If the height of the bed at this point is  and the void fraction is L ε , we can write  

Volume of particles  AL)1( ε−=

If the acceleration due to gravity is g  , the net gravitational force on the particles (net weight) is  

Net Weight of the particles   ALg))(1( gp ρ−ρε−=

Balancing the two yields 

Lg)1)((P gp ε−ρ−ρ=∆               (3.1)  

Where  is the solid mass density and  is the mass density of gas. pρ gρ

3.2 An approach to calculate bed height based on 2-region model 
 
Bed height calculation is carried out using the formulae based on 2-region model. In this model, 

basically, there are two regions – Lean and Dense – and the bed height separates these two 
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regions as shown in Fig. 3.1. Lean region is defined as the region where bulk solid density is low 

and the region with high bulk solid density is said to be a dense region. Technically speaking, the  

 

Figure 3.1: Simple homogeneous 2-region model of the standpipe  

free falling region for the solid (after being separated by the gas/solid separator) in the standpipe 

is known as the lean region and once the bed is created through the accumulation of solids, the 

region below the bed level is called the dense region.  

In this approach, equation (3.1) is used to come up with the formulae for bed height calculation. 

In this research, ρ  so equation (3.1) reduces to pgp ρ≈ρ−

               (3.2) Lg)1(P p ε−ρ=∆

To calculate the bed height, a minimum of three pressure drop measurements need to be made. 

Namely, one measurement must be taken in the dense bed, one in the lean bed, and one across 

the total standpipe region. As shown in Fig. 3.1, the standpipe may be modeled as two 

homogeneous sections, [5]. The subscripts L, D, and T represent the lean, dense, and overall 
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standpipe measurements, respectively. In addition, the subscripts 1 and 2 refer to the dense and 

lean regions, respectively. The pressure balance is given by the following equations, 

2
1

T
L

L

z zP P
z
−

∆ = ∆ ,             (3.3) 

 2
2 D

D

zP
z

∆ = ∆P

2P

,   (3.4) 

where ∆P1 is the overall pressure drop for the lean region; ∆P2 is the overall pressure drop for the 

dense region; z2 is the bed height that separates the bed into the dense and lean regions; zL is the 

height over which the pressure drop in the lean region is measured; and zD is the height over 

which the pressure drop in the dense region is measured. The total pressure drop across the 

standpipe is now given by: 

1TP P∆ = ∆ + ∆ .  (3.5) 

Replacing the lean and dense phase pressure drops in (3.3) and (3.4), the overall pressure drop 

gives, 

( )2
L

T T
L D

PP z z
z z
∆

∆ = − + 2
DP z∆ .  (3.6) 

By rearranging Equation (3.5), the bed height is now found as,  

2

L
T T

L

D L

D L

PP z
zz P P

z z

∆
∆ −

=
∆ ∆

−
.  (3.7) 

3.2.1 Modified bed height calculation method 

When the bed height lies between the top two pressure taps, this 2-region model calculation 

procedure cannot be used. Hence, another algorithm must be used to calculate the bed height. 

The diagram for the modified 2-region model is shown in Fig. (3.2) and the very top region is 
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magnified. First of all, the height of the top pressure measurement is known, so the height of lean 

phase in this region can be defined as hl = zL - h when h is the dense height of this region. And 

the bed height can be calculated by 8.2 + h when h is known, (see Fig. (3.2)).  

 

Figure 3.2: Diagram for the modified 2-region model 

By definition the pressure for lean phase of very top region is ∆ Pl, and the pressure for dense 

phase beyond the height of 8.2 meters is ∆Pd, then the pressure equation will be satisfied by, 

L lP P∆ = ∆ + ∆ dP               (3.8) 

Now, using the definition of pressure from void fraction in equation (3.2), we have 

( ) ( ) ( )1 1 1s L L s l l s dgz gh ghρ ε ρ ε ρ ε− = − + −  

or 

( ) ( ) ( ) ( )1 1 1L L s l L s dgz g z h ghρ ε ρ ε ρ ε− = − − + −  
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where, εL is total void fraction, εl is void fraction in lean bed, and εd is void fraction in dense bed 

of the top measurement region.  

Therefore, 

( )l L

l d

z
h

ε ε
ε ε
−

=
−

L               (3.9) 

where for εl, the previous void fraction for lean bed can be used or pre-calculated. For εd, the 

bottom pressure can be used to calculate this void fraction. 

3.2.2 Another approach to calculate bed height based on 2-region model 

 

Figure 3.3: Diagram for another model of the standpipe to calculate bed height. 

The symbols appearing in Fig. 3.3 are defined as follows: 

TT z,P∆ : Total pressure drop and total height of the standpipe in Pascal and meter, respectively. 

LL z,P∆ : Overall pressure drop in the lean region in Pascal and the height corresponding to lean 

phase pressure drop in meter. 

DD z,P∆ : Overall pressure drop in the dense region in Pascal and the height corresponding to 

dense phase pressure drop in meter. 
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    :  Measurement pressure drop in Pascal and measurement height in meter in dense region.  z,P∆

Now, bed height is calculated using pressure balance equation in standpipe which is expressed as 

follows: 

DLT PPP ∆+∆=∆  

        )PP(gz)1( hLLp ∆+∆+ε−ρ=

Where ε is the void fraction in lean region. L

hDTLpT P)zz(g)1(PP ∆+−ε−ρ=∆−∆           (3.10) 

hP∆  can be found from proportional relationship between pressure drop and height as follows: 

z
hPP

z
h1

P
P

1

z
hz

P
PP

z
z

P
P

h

h

h

DD

∆=∆∴

+=
∆
∆

+

+
=

∆
∆+∆

=
∆
∆

 

Substituting the value of  in equation (3.10), we get hP∆

hzz,Bedheight

g)1(
z
P

)zz(g)1(PP
h

)zz(g)1(PPgh)1(
z
hP

z
hP)hzz(g)1(PP

D

Lp

TLpT

TLpTLp

TLpT

+=∴

ε−ρ−
∆

−ε−ρ−∆−∆
=∴

−ε−ρ−∆−∆=ε−ρ−∆

∆+−−ε−ρ=∆−∆

 

3.2.3 Experimental results 

The test simulation is taken from data collected from NETL. There are several cases, but here the 

selected cases are illustrated to show the effectiveness of these 2-region and modified 2-region 

models. There are four figures, Figs 3.4, 3.5, 3.6 and 3.7 for each 2-region model, modified 2-

region model and new model, respectively. In the figures, the solid line represents the 
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experimental measurement while the dash line represents the calculation results. The 

experimental results have a 15 second sampling time; however, the calculation results have a one 

second sampling time. The bed-height measurements are not currently available automatically 

from any sensor, so human data recording is utilized. The pressure drop measurements, however, 

can be recorded by the data acquisition system, so the estimated bed-heights are available for ev 

every second. 

 

Figure 3.4: Experimental result for the 2-region model 

 

Figure 3.5: Experimental Result for the modified 2-region model 
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Figure 3.6: Experimental result for the new 2-region model 

 

Figure 3.7: Experimental result for the new 2-region model 

3.3 Conclusions 

To calculate the bed-height, the 2-region method was utilized using three pressure drops. The 

standpipe was modeled in two homogeneous regions, i.e. dense and lean, which were separated 

by the bed-height. The modified 2-region method was used if the bed-height was higher than 8.2 
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meters since there was no pressure tap. Another approach has also been developed to calculate 

the bed height. The test results show that these methods are effective and reliable. 
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Topic 4: State Estimation of Standpipe of CFCFB 

4.1 One-dimensional dynamic model of standpipe 

The standpipe dynamic model, developed by Dr. W.N.Sams, is based on conservation of mass as 

expressed by the one-dimensional continuity equation for both phases with the following 

assumptions. A simple one dimensional model is used to describe the standpipe in z-axis. It is 

discretized into several cells in space. The discretized cells do not have to be equal in size. The 

standpipe is characterized by the void fraction gε , the ratio of the gas volume in the standpipe to 

the total volume of the standpipe. The solid fraction is the ratio of the solids volume to the total 

volume. Because any point in the standpipe is either occupied by gas or solids, . 

Modified Richardson and Zaki correlation is used to relate the void fraction and the relative 

velocity between particle velocity and fluid velocity [48]. The wave speed determines whether 

the direction of flow across the boundaries is upward or downward in each cell. Finally, 

measurement model is based on Ergun equation which relates void fraction to the pressure drop 

profiles [49]. 

1sg =ε+ε

If gas compressibility is neglected, the one-dimensional continuity equations for both the gas and 

the solids can be written as, 

0
z
j

t

0
z
j

t
ss

gg

=
∂
∂

+
∂
ε∂

=
∂

∂
+

∂

ε∂

               (4.1) 

Where  and  are the gas and the solid volumetric fluxes respectively. Here, we drop subscript 

g for notational convenience and the continuity equation for gas is approximated by discretized 

cells of standpipe with respect to time and space as, 

gj sj
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Where  and  is the void fraction at the center of the  cell at the time step k and k-1 

respectively,  and  are the volumetric gas fluxes at the boundaries of i  cell at time step 

k-1,  is the time increment and  is the length of each cell along the standpipe. Using the 

above approximation in first equation of (4.1), the discretized nonlinear state equation becomes, 
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+ε=ε              (4.3) 

Since , the relationship between ε and can be found from  1s =ε+ε j

Relative Velocity,  Gas Velocity – Solid Velocity    =rV

The gas and solid velocities are found by dividing and  by their respective void fractions. j sj

Thus, 

Gas Velocity 
ε

j
=    

Solid Velocity 
s

sj
ε

=  

sεjε)j1(rε)V1(i.e.,ε

ε1
sj

ε

j

sε
sj

ε

j
rV

−−=−

−
−=−=∴

             (4.4) 

The detailed explanation of propagation in the standpipe’s non-linear dynamic equation is shown 

in Figure 4.1. The value 1
i
kε −  is updated to i

kε  found from information on the previous time and 

space steps. The volumetric fluxes at the (i-1)th cell, ith cell and (i+1)th cell are used to update the 

void fraction depending on the volumetric speed at the boundary.  
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Figure 4.1: Propagation in space and time of the dynamic equation. 

If the two continuity equations in (4.1) are added, use is made of 1s =ε+ε  and then integrated 

with respect to z, we obtain 

so jjj +=                (4.5) 

The total flux,  is constant throughout the standpipe length and is obtained from measured 

solid volumetric flux from the spiral and measured gas volumetric flux. Solving equations (4.4) 

and (4.5), we get, 

oj

ro V)1(jj ε−ε+ε=                          (4.6) 

and Vr is defined as 

pb  if ε≤ε  

mf if ε≥ε  

mfpb  if ε<ε<ε                 (4.7) 

 is the void fraction at minimum fluidization, Where
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 mfε pbε  is the void fraction in a packed bed 

and V  the terminal velocity of the single isolated par le. If the void fraction is below the t is tic
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packed bed, there is no flux developed (first term of )(Vr ε ). And, there exists connection 

between packed bed condition and fluidized condition (second term of ). The last term of 

is the modified Richardson and Zaki correlation. 

)(Vr ε
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Let us cite some definitions that make notations easy. 

ε
εζ

εε−ε

d
)(d

)(V)1( r
              (4.8) 

We further define the void fractions at a cell boundary, ε , to be the arithmetic mean of the 

void fractions in adjacent cells,  

2

i
1k

1i
1k −

−
− ε+ε               (4.9) 

The wave speed λ  of the void fraction disturbance at the boundary between cell i-1 and cell i is 

given by Shim et al., Park et al., 

−i

−−
−ε=ε
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−

ε i
1k

i
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−εζ+= i
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'
o (j

The wave can propagate either up or down in the standpipe. From equation (4.6) and according 

to this wave speed, the gas volumetric flux is determined as follows: 

)(j 1i
1k

1i
1ko

−
−

−
− εζ+ε                        (4.11) if 0i >λ −

)(j i
1k

i
1ko −− εζ+ε        if 0i <λ −

Similar results hold for gas volumetric flux  based on wave speed λ .    +
−

i
1kj

+i

The relationship between void fraction and pressure drop profiles is obtained from numerically 

integrated version of the Ergun equation. The Ergun equation is given as 
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Where  is the pressure drop profile,  is the difference in length, p∆ L µ  is the fluid viscosity, u  

is the interstitial velocity defined as 

c

)(Vr εε ,  is the effective particle diameter based on the 

ratio of its volume and surface area and 

vsd

ρ  is the mass density of gas. The pressure drop for the ith 

cell of the standpipe is found from equation (4.12) and the relation )(Vu rc εε=  as 
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Where the constants 
2
vs

1
d

150C µ
=  and  

vs
2 d

75.1C ρ
=  .  

4.2 An extended Kalman filter algorithm 

The behavior of the standpipe in a CFB and its pressure measurements constitute a nonlinear 

discrete-time system represented by two sets of equations: 

 

The vector f(·) is a non-linear function of the state in equation (4.3), and the vector h(·) captures 

every term on the right side of equation (4.13). The noise terms, wk and vk are added to account 

for errors in the dynamic and measurement models, respectively. They are uncorrelated, E[wk 

vk
T]  = 0 and are assumed normally distributed with zero mean, E[wk] = E[vk] = 0 and with 

covariance matrices, Q = E[wk wk
T] , and R = E[vk vk

T], respectively. For this research Q and R 

are diagonal positive semi-de.nite matrices tuned to provide good performance. 

We define the a priori and the a posteriori estimate errors as ek(-) = εk . ε̂ , and e)(k − k(+) = εk . 

, respectively. Then we define the a priori and the a posteriori estimate error covariance 

matrices asP

)(ˆ k +ε

k(-) = E[ek(-) ek
T(-)] , and Pk(+) = E[ek(+) ek

T(+)], respectively. 

 43



Because εk is never known, the EKF algorithm calculates Pk(-) and Pk(+) other ways, as will be 

shown. 

4.2.1 EKF algorithm 

In overview, the Kalman filter takes into account information from both the dynamic model and 

the measurement model and performs a running, least-squares, error minimization to obtain the 

best estimate of the void fraction distributions. In general, the EKF uses the dynamic model to 

predict a set of εk(-) for a given time. It then uses the measurement model to correct that estimate 

to εk(+), the EKF estimate. In detail, the EKF algorithm is: 

1. Assign values for the diagonal and positive semi-definite matrices Q and R, and choose 

initial conditions for ε and P)(ˆ k + k(+). 

2. The predicted state vector is determined from the dynamic model, Eq(4.3).  

 

3. The Jacobian matrix of the non-linear dynamic model is calculated as 

  

4. The a priori error covariance matrix is computed as 

 

5. The Jacobian matrix of the non-linear measurement model is calculated as 

 

6. The Kalman gain matrix, Kk which minimizes the a posteriori error covariance, is computed 

as 
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7. The estimate of the pressure difference is determined from the measurement model, 

Eq.(4.13), 

 

8. The corrected estimate of the state vector is determined as.  

 

This is the EKF estimate of the void fraction profile at time step k. 

9. The a posteriori error covariance matrix is computed as  

 

where IN is an N × N identity matrix. 

10. Finally, the time step is incremented and we return to step 2. 

4.2.2 Standpipe state estimation 

The length of the standpipe is discretized into 25 cells each of length, ∆zi The 24 cells from the 

bottom are 1.5 ft in length, and very top cell, the 25th cell, is 1.2 ft long. The time increment is 

chosen to provide stable performance, ∆t = 0.1 . The theoretical value of Vt is calculated from 

particle and fluid properties, but in the computer simulations we find that half of this theoretical 

Vt that is 1.92 ft/sec, gives better results. The value of n is calculated according to the standard 

Richardson-Zaki procedure and found to be 3.35. The parameters εmf and εpb are chosen to be 0.4 

and 0.45, respectively. Since the simple model used in this paper does not predict the split of the 

move air, it is chosen to obtain good performance. The results shown here assume half of the 

move air goes up the standpipe. After a trial and error using computer simulation, we assign error 

covariance matrices to be Q = 0.0001 I25 and R = 10 I7 . We choose the initial estimated void 
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fraction to be ε = 0.7, i = 1· · · 25 and the initial a posteriori error covariance matrix to be 

P

)(ˆ k +

0(+) = I25. The EKF algorithm given above is implemented in MATLAB code and run on a 

450MHz Pentium III computer, and it approximately takes 2400 seconds for a 1100 second 

simulation.  

Figure 4.2 shows the initial condition and illustrates that the EKF finds the void fraction profile 

within the standpipe in less than 40 seconds. ◊ is initial conditions, + is EKF estimate at 10 

seconds, and ● is EKF estimate at 40 seconds. The EKF estimates the bed height to be about 12 

ft, compared with the observed value of 11.3 ft. 

 

Figure 4.2: Estimated void fraction profiles when time is 0, 10, and 40 seconds. 
 

Figure 4.3 compares the estimated pressure profile(●) to the measured pressure profile(×). From 

low to high pressures, the first three measured values form a steep straight line indicating those 

pressures were measured above the bed level. The remaining four values are within the bed and 

form another straight line except for the pressure at 7 ft. We believe it is anomalously low 
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because of the spiral solids flow measuring device. Both of the actual and the estimate agree on 

the bed level at approximately 12 ft. 

 

Figure 4.3: Measured(×) and estimated(●) pressure profiles at 40 seconds. 
Figure 4.4 shows the EKF estimate of the void fraction profile at 1100 seconds. After 250 

seconds the standpipe begins to fill with solids. The EKF is found to correctly track the bed 

height in the standpipe while filling. The profile correctly reflects the observed bed height of 22 

ft. 

 

Figure 4.4: Void fraction profile at 1100 seconds. 
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Figure 4.5 shows that all of the pressure taps are within the bed at 1100 seconds. After the initial 

40 seconds, the EKF closely estimates the pressure profile in the standpipe. The biggest 

discrepancy between measured and estimate pressure is at 1 ft. We believe that this occurs 

because the EKF does not consider an obstacle in the bed that impedes the solid flow. 

 

Figure 4.5: Measured(×) and estimated(●) pressure profiles at 1100 seconds. 
 

Figure 4.6. shows the solids inventory in the standpipe as calculated by ∑  for each 

time step k. The initial rapid change in the amount of solids is caused by the poor initial 

condition, = 0.7 for all i. The EKF needs approximately 40 seconds to find a good estimate 

of the amount of solids. Between 50 and 250 seconds, the estimated amount of solids is constant 

because the actual amount of solids in the system is constant as indicated by the constant bed 

level. While filling, the EKF responds by increasing its estimate of the amount of solids after a 

40–50 second delay. 

( )
=

∆+ε−
25

1i
i

i
k z)(ˆ1

)(ˆ k +ε
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Figure 4.6: Estimated amount of solids in the standpipe. 
 

4.3 An H∞ estimation algorithm  

An H∞ method has been applied to robust control and other applications, [45], [49], [50], [51] 

also derivation of the H∞ can be found in [52], [53]. The performance index for H∞ estimator is 

defined as, 

          (4.14)  

where the averages are taken over all time samples. In other words, we want to find an kx̂  that 

minimizes J. In H∞ filtering problem, we need to solve,  

            (4.15) 

Here, H∞ algorithm has been used to estimate the state hence the bed height. 

4.3.1 An H∞ for linear system  

Let the discrete system equation have the following form, 
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          (4.16) 

where A,B,C, and C are constant matrices, kw  is the state noise vector, and kv  is the worst case 

measurement noise. The noise vectors can be either white or colored as long as they are bounded 

with some constants. We need to solve the equation (4.15) with performance index (4.14) to find 

the H∞ gain matrix, however, it turns out to be very difficult to do. Therefore, we can solve a 

related problem, 

             (4.17) 

where γ is some constant positive number chosen by an user. We can find an estimated state so 

that maximum value of J is always less that 1/ γ, regardless of the values of the noise terms kw  

and kv . The state estimate that forces J < 1/ γ  is given, [2] 

 

where W and V need to be chosen in advance or can be adopted from Kalman filter. The 

estimated state is updated as, 

          (4.18) 

4.3.2 An H∞ estimator for standpipe model 

The H1 model can be applied to non-linear system model. One needs to find the Jacobian for 

state and the output model around the estimated states. As in EKF, let )(f ε be all of the left hand 

side in (4.3), and )(g ε be all of the left hand side in (4.13), then the approximated matrices for 

state, A and for output, C can be found as, 
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          (4.19) 

where ε̂  is the estimated state in time step k. With these matrices Fk and Hk, propagation and 

gain can be calculated for linear-like system. In addition, the suggested estimator is given as, 

          (4.20) 

Now, one can do some trials and errors to obtain a suitable γ variable for these experimental 

cases. 

4.3.3 Simulation results 

The simulation has been done for several cases to determine the γ. Once this γ has been 

determined, one can use this value to do some experiments for different operational conditions. 

To compare the Kalman and H∞ algorithms, the instant void fraction and pressure data and the 

measured and estimated bed height are shown in Figures (4.7),(4.8), respectively. As one can 

see, the extended Kalman filter algorithm is not working for this case while H∞ estimator 

estimates the state (void fractions). On right hand side of Figure (4.7), instantaneous pressure 

profile is shown and it can be seen that H∞ estimator follows measurement pressure pro- file 

while the extended Kalman filter fails. In Figure (4.8), the bed heights are shown for H∞, EKF, 

and measured. As pressure profiles, H∞ estimator succeeds to follow measure bed height while 

EKF doesn’t. 
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Figure 4.7: The instant simulation result of state (ε, left) and estimated and measured 
pressure data (right), LEGEND: rectangle - measured, plus - H∞ , and circle - Kalman. 

 
 

 

Figure 4.8: The estimated and measured bed heights for both Kalman and H∞, LEGEND: 
rectangle - measured, plus - H∞, and circle - Kalman. 
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4.4 Sliding mode estimator for standpipe of CFCFB 

First, assume that a nonlinear system is defined by n-dimensional differential state space and m-

dimensional control inputs,  

( , , )x f x t u=&                (4.21) 

where  is state space and u  is the control input [15]. The stability conditions for the 

sliding surface can be found from the Lyapunov stability criteria. If the energy function, V(t) of 

the sliding surface is defined as positive and its derivative is negative definite, i.e. dV(t)/dt < 0, 

then the sliding surface guarantees stability and convergence of the system. There are two steps 

to complete the sliding mode control for the system equation [54]. First, the sliding surface is 

determined as such that when the system state trajectories lie on the sliding surface and the 

designed system dynamics is obtained according to some performance criterion such as stability, 

tracking, or regulation. Second, find the discrete sliding control law u(x, t) that makes the system 

reach to the sliding surface. The design of sliding observer is similar to designing the controller 

[12]. First, define the proper sliding line or surface, which makes the observer dynamics reach to 

the sliding surface. Second, find the observer gain such that the estimated state motion is derived 

to the sliding surface. 

nx∈ℜ m∈ℜ

In the standpipe, there are several pressure taps to measure pressure differences from the topmost 

point to some certain points. The several points are defined as, 

[0.09,1.0,2.35,2.96,3.47,4.69,6.34,8.2, ],actz Top=         (4.22) 

where Top is the highest point of the standpipe and the unit is in meter. The estimated pressures 

are calculated from these points to the top position. Because the discrete cells have certain 
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heights, the height proportional as to the pressure proportional is used to calculate the pressure 

profile in the standpipe. The calculation of the second pressure profile, ∆p2 is shown in (4.9).  

 

Figure 4.9: Pressure profile calculation for ∆p2 

The second pressure profile is the sum of 3p∆  and tp∆ where 3p∆ is the amount contributed to 

the second pressure profile in the third discrete cell and tp∆ is the total pressure sum from fourth 

cell to top cell.  

Now, the switching line is defined as, 

        (4.23) 

where Kj is the gain to be determined.  

Now, there are Np=8 sliding surfaces to feed back to the state space equation in order to estimate 

the states and the pressure outputs. 

The detailed equation of the estimator is given in (4.3), 
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        (4.24) 

4.4.1 Finding the gain using Lyapunov stability criteria 

Let the state dynamic equations be approximately, 

       (4.25) 

and the measurement equation is now, 

   (4.26) 

On the other hand, the Lyapunov energy function is defined as, 

 

where . This energy function is positive as long as jjj p̂p)t(e −= e(t) is a real number because it is 

squared. Furthermore, the derivative of this function should be negative to satisfy the Lyapunov 

stability condition, 

 

Now the derivative of the error function, e(t) is, 

 

Using the chain rule, the time derivative of estimated pressure profile can be found as, 
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now, the derivative of e(t) is,  

        (4.27) 

So, the derivative of the energy function becomes, 

       (4.28) 

where the bold face represents a matrix. Therefore, the gain K should satisfy, 

         (4.29) 

Now, the gain K must be determined satisfying (4.29), but it cannot be calculated directly by 

using the inverse of the matrix. In the simulation, the proper gain is obtained with several trial 

and error methods.  

The matrix of 
ε
r

r

d
gd  is found as,  

             (4.30) 

where j runs from 1 to 8, and i runs from 1 to 25. This matrix is 8 by 25 in dimension. A detailed 

expansion is shown in (4.31). 

         (4.31) 
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4.4.2 Simulation results  

The simple plot of the standpipe with tags and pressure profiles is depicted in Fig. (4.10). The 

first state contributes only to the first pressure drop profile; therefore, the correction from the 

error between measurement and estimated pressure drop profiles should be fed back to the first 

state. These relationships are represented by numerical values as, 

             (4.32) 

 

Figure 4.10: Detail representation of the discretized standpipe, the pressure drop profiles, 
and the solids flow. 
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where ε  is the amount contributed to each element of the state vector, M is the matrix that 

converts the corrections from the sliding mode estimator to the state vector, and Λ  is the error 

correction from the sliding mode estimator. The estimator dynamic now becomes,  

         (4.33) 

In simulation, the standpipe is divided into 25 discrete cells whose outputs are the pressure drop 

profiles, as shown in Fig. 4.10. The detailed output and input components for the sliding mode 

estimator are shown in Table 4.1.  

 

Table 4.1: Output and input tags and their components of the sliding mode estimator. 
Two simulations are performed in this research. The first case is shown in Fig. 4.11. Fig. 4.11-a 

shows the instant void fraction versus the standpipe height while Fig. 4.11–b depicts the instant 

measured and estimated pressure profiles versus the standpipe height.  
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Figure 4.11: Instant void fraction and pressure vs. height of the standpipe. 
The solid lines with asterisks represent the simulation results from the sliding mode estimator 

while the solid lines with circles show the measured values. The other case is shown in Fig. 4.12. 

Fig. 4.12–a illustrates the instant void fractions versus the standpipe height while the result of the 

measured and estimated pressure profiles versus standpipe height is shown in Fig. 4.12–b. Also 

comparison with EKF results are shown in Fig. 4.13.  

 

Figure 4.12: Instant void fraction and pressure vs. height of the standpipe. 
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Figure 4.15 The instant void fraction and pressure profile. 

4.4.3 Sliding mode estimator with four pressure profiles 
 
In this case, Np = 4 and  
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Detail representation of discretized standpipe with four pressure profiles is shown in Fig. 4.14. 

As before the pressure profile calculation of ∆P2 is also done using trapezoidal integration 

through the z-axis. The simulation result with four pressure profiles is shown in Fig. 4.15. 
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Figure 4.14: Detail representation of the discretized standpipe, four pressure profiles and 
the flow profile 

 

                                   (a) Void fraction Vs Height               (a) Pressure Profile Vs Height 

Figure 4.15: Instant void fraction and pressure profile vs. height of the standpipe (four 

pressure profiles) 
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4.5 Conclusions 

In this paper, first one dimensional dynamical model developed by D. W. N. Sams was 

discussed. The extended Kalman Filter, H∞ filter and Sliding Mode estimator algorithms for non-

linear cases are developed. First approach was to successfully apply the extended Kalman filter 

to estimate the void fraction and the pressure profiles in the standpipe for a circulating fluidized 

bed. However, in some oscillated cases, EKF failed to correctly estimate the state.  H∞ filter gave 

the good result in that case. Sliding mode estimator also gives the superior performance for these 

cases over EKF. Sliding Mode Estimator is based on powerful Lyapunov stability criteria, hence 

it can be used as an alternative to EKF and H∞. 
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Topic 5: Design Linear Controllers for both the SCR and the Bed-

height 

5.1 Introduction 

Previously in Chapter III, the solids circulation rate and the bed-height were successfully 

estimated and calculated with the experimentally collected data sets. In this Chapter, linear 

control theory will be applied in order to control these quantities since there are linear 

relationships between the move air (control variable) and the SCR and/or bed-height. A 

mathematical model of the entire CFCFB system has not yet been developed completely, but the 

neural network system was used in an attempt to model the entire CFCFB in Koduru [3]. In this 

research, the neural network with a back-propagation algorithm is used to model the entire 

CFCFB system, using the pressure drops as input and output, together with the move air and the 

aeration flow in the riser as an input. Simulations are run for step changes for both the SCR and 

the bed-height. 

5.2 Control variable and outputs 

To illustrate the relationships between the control variable (move air) and outputs (SCR and bed-

height), control variable versus output plots are shown in Figs. 5.1 to Fig. 5.4. The first two 

figures show the relationship between move air and SCR in such a way that these two variables 

are in linear arrangement, such that, as the move air increases the SCR increases. Some noise 

components are included. The same phenomenon happens in Figs 5.3 and 5.4 for move air and 

bed-height. In this case, as the move air increases the bed-height decreases. For both the SCR 

and bed-height, the relationships could be represented by linear equations as, 

         (5.1) 
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where γ1, γ2, γ3, and γ4  are arbitrary constant. 

 

Figure 5.1: Plot representing the linear relationship between move air and the SCR. 
 
 

 

Figure 5.2: Plot representing the linear relationship between move air and the SCR. 
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Figure 5.3: Plot representing the linear relationship between move air and bed height. 
 

 

Figure 5.4: Plot representing the linear relationship between move air and bed height. 
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5.3 Neural network methods 

In this research, the neural network with a back-propagation algorithm is applied in order to 

build the system model for linear control and simulation purposes. The neural network has been 

used for the system model with non-linear systems, Pantino and Liu [21], Chen and Xi [22], 

Hutchins [23], Antsaklis [24], Owens [25], Fernandez et al. [26]. These papers used a neural 

network with a back-propagation algorithm combined with other advanced methods to model 

and control nonlinear systems. In these studies, the back-propagation algorithm was applied in 

order to train the neurons that use the tansig functions for the hidden layers and purelin functions 

for the output layers.  

5.3.1 Neural network application to the CFCFB 

To train the neural network, the architecture of the neural network needs to be determined. To 

obtain the best performance from several trials, one hidden layer and 15 input neurons, 10 hidden 

neurons, and 10 output neurons are selected. The Levenberg-Marquardt back-propagation 

algorithm is used for building the system model, Hagan and Menhaj [27], Hagan et al. [55]. The 

Levenberg-Marquardt method is a second-order training speed without computing the Hessian 

matrix (second derivative). The Hessian matrix is approximated as, 

               (5.2) 

where Hn is the Hessian matrix containing the second order and Jn is the Jacobian matrix 

containing the first order derivative of the network errors with respect to the weights and biases. 

The gradient is computed as, 

               (5.3) 

The Levenberg-Marquardt algorithm uses as an approximated Hessian matrix to update the 

states, as in Hagan et al. [55], Demuth [56], 
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           (5.4) 

where xn(k) is the neuron state function and µn is the constant number. The detailed inputs and 

targets definitions are shown in Table 5.1.  

 

Table 5.1: Definitions for neural network training with inputs and outputs. 
 

To speed up the training time, the inputs and outputs are normalized by the following equations, 

           (5.5) 

where )k(u  is the middle point of the maxima and minima of u(k), and )k(T  is the middle point 

of the maxima and minima of T(k). These steps are adapted because the transfer function, tansig 

for the back-propagation is, 

            (5.6) 
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where tansig(k) is the transfer function and u(k) is the input of a neuron. The output layer, 

however, uses a different function, a pure linear function to make the training procedure faster 

as, 

              (5.7) 

where u(k) is the input of a neuron. The detailed training schematic diagram is shown in Fig. 5.5. 

 

Figure 5.5: The detailed schematic diagram for the training procedure of the back 
propagation algorithm 

 
 In the output layer, the neurons are updated by errors calculated from the target and synthesized 

outputs. These steps go back to the hidden layer, and the same update procedure runs to the 

neurons. The updating procedure is done at the input layer. In the next step, the synthesized 

outputs are calculated and back updating procedures are performed. These procedures continue 

until the targeted errors reach the acceptable value that user determines. 
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5.3.2 Results of neural network application 

The simulation results from applying the neural network to the CFCFB are shown in Figs. 5.6 

and 5.7. Both plots show the measured and synthesized solids circulation rates. The solid lines 

represent the SCR from the spiral measurement while dash line is the synthesized SCR from the 

neural network system. Both synthesized SCRs are close to the measured values, and 

demonstrate the effectiveness of neural network system model.  

 

Figure 5.6: The SCR measured and synthesized from neural network. 
 
 

 

Figure 5.7: The SCR measured and synthesized from neural network. 
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5.4 Linear controller design 

Fig. 5.8 illustrates a basic simulation diagram of the linear controller of the solids circulation rate 

and the bed-height with a neural network system model.  

 

Figure 5.8: Block diagrams for the linear and system models with a neural network. 
 

It consists of a neural network system, an estimator for the SCR or calculator of the bed-height 

from the pressure drops, and the linear controller. Once the pressure data is available from the 

neural network, the Kalman estimator can estimate the solids circulation rate at time, t. This rate 

is compared with the set point, while the linear controller generates the command signal to adjust 

the control variable (move air). In a linear controller block, the control signal is generated from 

the error, then this signal adds up with previous time step move air to adjust the solid circulation 

rate. The move air is now fed back to the neural network system with time lagged pressure data 

produced by the neural network system at time t. In the simulation, initial conditions need to be 

determined to simulate further cases. Once the initial conditions have been determined, step 

changes for a desired set point of the solids circulation rate are made. The bed-height simulation 
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follows the same procedure as that of the SCR control. In this case, the estimator is merely 

replaced with the bed-height calculator discussed in Topics 3. 

5.4.1 Simulation results of controllers 

The simulation results with the neural network system model estimating the solids circulation 

rate using a Kalman filter with a linear controller are shown in Fig. 5.9 for the desired and 

estimated trajectories as well as for the control input. Initially, the system controller runs and 

finds the proper initial condition for the Kalman filter and the state for the estimation system.  

 

Figure 5.9: Simulation result of the SCR with the linear controller. 
 

The controller was applied for about 10 seconds to decrease the SCR set point about 0.03 m/s, 

and about 50 seconds after the set point of the solids circulation rate increases by 0.05 m/s. The 

estimated solids circulation rate follows well with the set point as it changes. The control input 

(move air) also has the same shape as the set point does. Since the neural network system cannot 

be used outside of the range from 0.2 to 0.4 m/s for move air, the simulation can only be 

conducted in this range. For the bed-height control simulation, Fig. 5.10 shows the calculated 

and the desired bed-heights versus time, as well as the control input versus time. Like the SCR 
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estimation, the bed-height step changes occur about 5 seconds decreasing by 0.2 meters and 

about 50 seconds increasing by 1 meter. The calculated bed-height follows well with the desired 

set values. In this case, the control input has the opposite shape, as seen in Fig.5.10, since the 

relationship between bed-height and move air is negative, i.e. as move air increases the bed 

height decreases. 

 

Figure 5.10: Simulation result of the bed-height control with the linear controller. 
 

5.5 Conclusions 

Controls of the SCR and the bed-height, as well as building the entire CFCFB system model 

using neural network, were discussed in this Chapter. The relationships between control input 

and outputs were investigated and determined to be in linear. Since there are linear relationships 

between the move air and the SCR and/or the bed-height, a linear controller was applied in order 

to regulate these two quantities. There are no complete mathematical or dynamic models 

available for the entire CFCFB system so a neural network was applied to model the entire 

system. The simulation results for the neural network system model are shown and discussed. 
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The tests for both control simulations were performed for the step changes; results show that the 

regulations of the SCR and bed-height  
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TOPICS 6: DYNAMIC MODEL OF THE RISER IN 

CIRCULATING FLUIDIZED BED 

6.1 Tanks-in-series model of riser 

A tanks-in-series model visualizes the riser as consisting of a series of completely mixed vessels, 

where the output of an upstream tank becomes the input to the downstream tank (Figure 6.1).  τi 

is the characteristic time in the ith tank, which is assumed to be the volume of fluid in the ith tank 

divided by the flow rate.          

Output
mn τn

mn-1 

τn-1

mn-2 

m3 
τ3

m2 

τ2

m1 

Input τ1 Ms= f(t) 
 

Figure 6.1: Tanks-in-series model of riser 
 
In terms of the mass flow of solids, the set of equations describing the CFB system are given as: 

ii
i

i mm
dt

dm
−= −1τ               (6.1) 

where 
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               (6.2) 

and mi is the solids mass flow rate from the i  tank to the downstream one.  Ain is the internal 

cross-sectional area of the riser, g is the acceleration due to gravity.  With these definitions, the 

above equations become 

( )Pd ii∆ τ            (6.3) niPP
dt ii
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∆Pdτ −=              (6.4) 
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s,ave

ini

s,ave

inv,i
i M

/gA∆P
M

τ ==
M .                         (6.5) 

A series of experiments were performed in which the mass flow rates of solids fed to the riser 

were changed sinusoidally while the superficial velocity was held constant.  The mass flow rates 

of solids are illustrated in Figure 4.2.  Solids feed flow rate to the riser is given by 

)·t2(sin·AM(t)M π
+=

Tmave,ss

, m  p ho   6.3, where the 

.                        (6.6) 

Pressure drops at different locations (bottom iddle and to ) are s wn in Figure

points are experimental data and lines are model predictions.  It can be seen that there are 

significant phase shifts between pressure drops at different locations. 
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Figure 6.2: Mass flow rate of solids in a transient process 
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Figure 6.3: Voidage profiles at different locations in the riser for sine function input 
(a) Ug = 5.24 m/s; Ms,ave = 0.386 kg/s; T = 60 s 
(b) Ug = 5.24 m/s; Ms,ave = 0.394 kg/s; T = 90 s 
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By using this method, the model successfully predicts the phase shift at different locations.  

However, the calculation of characteristic times is based on the average inventory of each section 

of the riser.  These averaged values can be easily obtained under current sine wave inputs.  But in 

industrial applications, the inventory at any point in the system is usually unknown and changes 

in a transient (or fluctuating) process.  This results in difficulty in estimating the amplitude of the 

pressure drops.  Therefore, this model can not be used to predict a priori the fluctuation in 

pressure drop, but it does provide a method to estimate the dynamic response time in the riser.  

6.2 D axisymetric cluster model of riser 

The 1-D axisymetric cluster model developed here, assumes that all flow is unidirectional with 

no mixing in the axial direction. 

Previous research undertaken to characterize particle clusters has produced results for a range of 

different cluster properties.  Size and voidage of clusters are important in this research because 

these properties determine the interphase forces and their prediction is one of the basic needs for 

analyzing gas-solid flow.  A significant body of experimental work has been published on the 

solids concentration of particle clusters.  Cluster voidage, εcl, (i.e. the void fraction within a 

cluster) can be correlated to the cross-sectionally averaged voidage, ε.  Lints [57] suggested the 

following correlation: 

54.0)1(23.11 εε −−=cl                         (6.7) 

Harris et al. [58] summarized the experimental data from 13 different studies and obtained the 

following correlation:  

48.1

48.1

)1(013.0
)1(58.01
ε

εε
−+

−
−=cl

             (6.8) 
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Xu and Kato [59] developed a simplified correlation for the hydrodynamic equivalent cluster 

diameter dcl: 
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Pandey et al. [60] used a backscatter laser Doppler velocimeter (LDV) system to record the 

length of clusters in the near-wall region of the riser at essentially the same conditions (gas 

velocities, solids properties and flows) as the current work.  The experimental results are 

compared with the two correlations and are shown in Figure 6.4.  A dimensionless solids-to-gas 

loading ratio, R, was defined to characterize the operating conditions, and is given as follows: 

 
ging

s

UAρ
M

R =              (6.14) 

 78



Loading ratio (R)
0.5 1.0 1.5 2.0 2.5 3.0

C
lu

st
er

 s
iz

e 
(m

m
)

0

2

4

6

8

10

12

14

16

18

20

LDV measurement [19]
Lints' correlation
Harris' correlation

 

Figure 6.4: Cluster size prediction compared with LDV measurement in the lean phase 
of the riser 

where Ms is the mass flow rate of solids ; ρg is the gas density ; Ain is the internal cross-sectional 

area of the riser and Ug is the superficial velocity of gas.  In Figure 6.4, the cluster size in the 

lean phase of the riser increases with increasing loading ratio.  There is also no 

significant difference between Lints’ and Harris’ correlations, but the experimental results are 

always greater than the predictions of these two correlations.  Two reasons contribute to this 

difference between the experimental data and the correlations.  First, the cluster length was 

measured by the LDV system while correlations predict the equivalent diameter of clusters; its 

length is greater than the equivalent diameter because of the stream-like shape of clusters.  

Second, the LDV system also measures near-wall clusters while correlations give a cross-

sectionally averaged value; measurement results are usually greater than cross-sectionally 

averaged value because of the core-annual structure of flow [61].  Both of these phenomena 

cause experimental data to lie above correlations in Figure 4.  The trend of cluster size and 

loading ratio is similar for experimental data and correlations, therefore, the correlations are used 

to predict the cluster size in the model. 
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dclε εcl

According to the above correlations, cluster properties (i.e. εcl and dcl) will change in the solids 

acceleration zone at the lower region of the riser, and become constant in the fully developed 

lean phase region (shown in Figure 6.5).   

 

 

H 

 

 
0

Figure 6.5: An illustration of how cluster properties change along the height of the riser 

Therefore, the solids velocity can be estimated from a force balance on the upward moving 

cluster: 
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where ucl,sl is the cluster slip velocity, and is given as follows: 

s
g

cl,sl u
ε

U
u −=              (6.16) 

And the effective drag coefficient, CD, was calculated from [62]: 

7.4
0

−= εDD CC              (6.17) 

where the standard drag coefficient, CD0, was calculated from the following correlation given by 

[63]  

1.09
p

0.657
p

p
D0

16300Re1
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24C
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A dense phase voidage, εo, which is a little greater than the voidage at choking, is chosen as the 

boundary condition in order to obtain stable numerical solution.  εo is given as follows: 
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005.0o += chεε             (6.19) 

And the voidage at choking, εch, was calculated from [64]: 

ssgg

gg

UU

U

ρρ

ρ
ε

+
=ch            (6.20) 

The experimental data available in this research are given in terms of pressure drop rather than 

solids velocity profiles.  Therefore, the results of the model, which is the cluster velocity as a 

function of height in the riser, can be converted to the pressure drop profiles according to the 

following equation [65]: 

[ ] [ ]ε)(1ρερg
dz
dPε)u(1ρεuρ

dz
d

sg
2

ss
2

gg −+−−=−+        (6.21) 

Experimental data and model predictions of pressure drop along the height of the riser at steady 

states are shown in Figure 6.6.  It is seen that the 1-D axisymetric cluster model fits the 

experimental data satisfactorily. 
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Figure 6.6: Model predictions of axial pressure drop compared with experimental data 
at steady state 

(a) Ug=9.10 m/s; Ms=0.926 kg/s; R=1.16 
(b) Ug=10.68 m/s; Ms=0.733 kg/s; R=0.825 

 
For a transient process, the continuity equation for particle flow is as follows: 

z
ε)](1[u

t
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           (6.22) 

If we concentrate on a small element of solids dV, it will move as it is carried up at the 

instantaneous velocity at the point that it occupies. If the flow is steady, it will move on a 

streamline, but this is not generally true. The time rate of change of any quantity relating to the 

element dV will be expressed by the substantial derivative, D/Dt.  The acceleration will be 

Dus/Dt.  D/Dt is expressed as the sum of the change at the point (x, y, z) as t varies, or ∂/∂t, and 

the change due to moving from point (x, y, z) to (x+dx, y+dy, z+dz) in unit time.  Therefore, 
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For the current 1-dimensional analysis, 

z
uu

t
u

Dt
Du s

s
ss

∂
∂

+
∂
∂

=                        (6.24) 

 82



Replacing the term dus/dt by the above substantial derivative, gives 
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        (6.25) 

An experiment, in which the mass flow rates of solids fed to the riser were changed sinusoidally, 

is illustrated in Figure 6.2  for a period, T, of 60 seconds.  Experimental data and model 

predictions of pressure drops along the height of the riser at different times are shown in Figure 

6.7.  As can be seen in Figure 6.7 (a)~(e), the solid lines fit the experimental data satisfactorily, 

except for the pressure drops at the lowest region of the riser.  In the bottom of the riser, the 

solids are accelerated to a constant upward velocity, and there is a very large voidage gradient.  

Therefore, the pressure drop changes greatly even within a very short distance.  The pressure 

fluctuations of the significant turbulent flow in this region are also another factor that results in 

random changes in pressure drop and solids velocities. 

The importance of CFB hydrodynamics in reactor modeling should be stressed because the poor 

contact efficiency can cause conversion to be as low as that in well mixed reactors [66].  The 

cause of such a poor contact efficiency may be attributed to the separation of solids from the gas 

phase [67], by the formation of clusters.  The voidage and velocity profiles are predicted by a 1-

D axisymetric cluster model, so that the gas-solids contact efficiency of CFB reactors can be 

estimated. The cluster model given here is not only a mathematical description of the transient 

solids holdup process in the riser, but may also to be used to explore the effect of operating 

conditions on conversion and used in advanced control of a pilot (or industrial) scale unit. 
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(e) 

Figure 6.7: Model predictions of axial pressure drop compared with experimental data 
at different times under transient process 

(a) t = 0 sec ;       (b) t = 15 sec ;      (c) t = 30 sec ;      (d) t = 45 sec ;      (e) t = 60 
sec. 

 

This cluster-based model has been used to model the acceleration of solids.  Therefore, it can be 

applied for both the bottom and fully-developed region of the riser.  The application of the model 

to the deceleration region needs further studies. 

6.3 Conclusions 

In this paper, two models were developed to describe the dynamic response of the rise in CFB.  

Using a tank-in-series model, the phase shift of pressure drops at different locations in the riser is 

predicted reasonably well, providing a method to estimate the dynamic response time.  The 

pressure drops along the height of the riser are predicted reasonably well using 1-D axisymetric 

cluster model, but its dynamic response for pressure drop at the bottom of the riser is poor 

despite good steady state predictions. 
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Topic 7: Conclusions and Future Work 
 
7.1 Conclusions 

A brief introduction to CFB and its applications were discussed. The detailed design and 

operation of a cold flow circulating fluidized bed (CFCFB) installed at National Energy 

Technology Laboratory in Morgantown, WV has been studied and modeled. The linear discrete 

system model used for estimating the solids circulation rate using the Kalman filter was 

developed in this research. The least squares estimation and an extended observability matrix are 

applied in order to find the matrices A,B, and C in the state space model. After finding these 

matrices, the system was transformed to another form that did not include fictitious variables. 

Since the measurements were only the pressure drops, the measurement model only contains 

these pressure drops. Therefore, the matrix H was introduced to fulfill these needs. This 

technique suggests that the system in a given operating region is a linear system rather than non-

linear. This SCR model was then tried with a simple algorithm to remove pressure profiles and 

tested. The number of pressure profiles has been reduced to four and the order of the system 

model was reduced to five. The result obtained with this reduced order system with four pressure 

profiles was commensurate with the results obtained with eight pressure profiles.  

The bed-height was calculated by the 2-region method, which used three pressure drops such as 

lean, dense, and total bed. This method used the proportional relation of the length and pressure 

drops. Modified bed height calculation formula as well as a new formula for bed height 

calculation were derived. 

The standpipe dynamic model based on the continuity equation using void fraction as a state 

variable has been presented and discussed. This dynamic model discretizes the standpipe into 

several small cells, and each void fraction is isolated. The model uses the Richardson and Zaki 
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correlation to relate the void fraction to the relative speed in the several zones. Depending on the 

wave speed, the gas flux can be either upside or downside. The measurement model of the 

standpipe is the integrated version of the Ergun equation using the trapezoidal rule. With the 

standpipe dynamic and measurement models, the void fraction state was estimated by applying 

EKF, H∞ estimator, and the sliding mode estimator technique, which are stable and robust. When 

the input was oscillating, EKF did not perform well. Therefore the need arise to develop another 

estimator that would work for all cases including these oscillated cases. The result was the 

development of H∞ estimator, and the sliding mode estimator. Particularly, in sliding mode 

estimator, estimated SCR from Kalman filter is used. Sliding mode estimation technique was 

also tried with four pressure profiles instead of eight pressure profiles and good results are 

obtained. 

Finally, the control of the bed-height and SCR in the standpipe was simulated in this research. 

Since the entire CFCFB system model has not been developed, here the neural network was used 

to model the system model for the purpose of simulation. To reduce the training time in the 

neural network, the normalization of the inputs and outputs were applied, since the neurons of 

the neural network use the tansig functions. The controller was in a linear form because there are 

linear relationships between the control variable and responding variables (bed-height and SCR). 

The simulation results showed that the linear controller is capable of regulating both the bed-

height and the SCR. 

For the riser, two models were developed to describe the dynamic response – a tank-in-series 

model and 1-D axisymetric cluster model.  Using a tank-in-series model, the phase shift of 

pressure drops at different locations in the riser is predicted reasonably well, providing a method 

to estimate the dynamic response time.  The pressure drops along the height of the riser are 
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predicted reasonably well using 1-D axisymetric cluster model, but its dynamic response for 

pressure drop at the bottom of the riser is poor despite good steady state predictions. 

7.2 Future work 

Throughout this research, the entire CFCFB system dynamic model was not available, but a one-

dimensional mathematical model of the standpipe was. Since the SCR system model is in a linear 

form, this fact suggests that the entire CFCFB system model can be built in a linear form. It is 

possible to build these SCR linear system models in several operating regions, then combine 

linear SCR linear system models according to some criteria to be determined. In doing so, it is 

necessary to characterize the operating regions in accordance with CFCFB conditions. Other 

works may include combining these derived riser models and one-dimensional dynamical model 

of standpipe thus developing a single model that describes the entire CFB, implementing the 

EKF, H∞ and sliding mode estimator algorithms in real time, extending them to the entire CFB 

and using them as a part of an optimal control scheme for the CFB. 
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