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ABSTRACT

A signal is required to control the flow of UF6 in gaseous diffusion plant freezer/sublimer systems.

The original strategy envisioned for deriving a flow signal was to take the derivative of the

freezer/sublimer weigh cell signal. However, the derivative of the digitized weight signal is noisy,

preventing good control. In addition, a bias is introduced into the weight derivative signal because

a refrigerant is circulated through a shell-and-tube heat exchanger inside the freezer/sublimer. The

weight of the refrigerant is included in the weight measured by the weigh cell. If the circulation rate

of the refrigerant is not steady state, a bias exists.

Measurements of upstream pressure, vessel pressure, and output to the system control valve are

available to the control system. Thus, if the flow through the control valve is characterized properly

by these measurements, a Kalman filter can be used in conjunction with these auxiliary inputs and

the weigh cell input to overcome the noise and bias problem and provide an improved estimate of

flow rate.

A discussion of the development and the current status of a Kalman filter used for this application

is given.

INTRODUCTION

The purpose of gaseous diffusion plant freezer/sublimer systems is to control the inventory of UF6

in the process cascade. When it is desired to decrease process inventory, UF6 vapor is transferred

from the process cascade into the freezer/sublimer and frozen out. When it is desired to increase
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process inventory, UF6 is sublimed out of the freezer/sublimer and transferred back to the process

cascade. This process technology has proven to be economically attractive for gaseous diffusion

plants because it enables the plant to increase power usage during periods of low electrical utility

demands—such as at night when inexpensive, nonfirm power is available—and decrease power usage

during periods of high electrical utility demands. Power usage is proportional to process inventory.

Control of freeze rate and sublime rate is important to this operation, especially when several

freezer/sublimer systems must operate in harmony during a major inventory swing. The purpose of

this paper is to describe an improved method to estimate and control the freeze and sublime rates

of freezer/sublimer systems.

A signal is required to control the flow of UF6 into the freezer/sublimer during freeze mode and out

of the freezer/sublimer during sublime mode. The original strategy envisioned for deriving a flow

signal was to take the derivative of the freezer/sublimer weigh cell signal. Because flow phenomena

exhibit relatively fast dynamics compared with other typical process signals, measurement samples

should be taken at a rate not less than once per second to ensure good controllability. Because the

weigh cell has such a broad range, little resolution will exist between samples. At a sample rate of

once per second, the derivative of the digitized weight signal used by the control system will be very

noisy.

Another problem associated with the weight derivative method is that unobservable inputs are present

in the freezer/sublimer system. As shown in Fig. 1, Freon-114 is used to cool and heat the

freezer/sublimer system during freeze and sublime modes respectively. The weight of the Freon-114

is included in the weight measured by the weigh cell. If the circulation rate of Freon-114 is anything
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Fig. 1. Freezer/Sublimer Process with Proposed Kalman Filter to Determine UF6 Freeze or
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Fig. 2. Filtered Derivative of Weigh Cell Signal from Prototype Freezer/Sublimer.



but steady state, an unobservable input is added to the weight-rate signal. Figure 2 shows the

beginning of a typical freeze operation of the prototype freezer/sublimer system. The filtered weight-

rate signal has many oscillations. On the basis of this signal alone, it appears that a flow reversal has

occurred. However, pressure measurements taken inside the vessel and upstream of the control valve

do not confirm this. Obviously, the signal has been corrupted. A current hypothesis is that the

period of oscillations in the graph corresponds to the time it takes for Freon-114 to make one pass

through its circuit. The step change of UF6 Jow causes a perturbation in the Freon-114 circulation

rate.

A successful implementation of Kalman filter has been used by Dow Chemical Company in an

application very similar to the one described here.1 The idea behind the method is to use other

inputs in addition to the weigh cell signal to obtain the desired UF6 flow rate. In our application,

vessel pressure, upstream pressure, and the control valve output signals are all available to facilitate

the determination of flow rate. The additional measurements can be combined with a mathematical

model of the system to obtain an improved status of weight rate. This approach is shown in Fig. 1.

Before the Kalman filter can be implemented, we need a model of the process. The model

development is addressed in the next section, and the Kalman filter development follows that.

FLOW MODEL DEVELOPMENT

Empirical data were used to develop the flow model for the freezer/sublimer system. A series of test

data was taken to help characterize flow through the control valve. Pertinent data consisted of

freezer/sublimer internal pressure, upstream pressure, control valve output signal, and vessel weight.



The expression of compressible flow through a control valve is given by2

where

and

(1)

X = - ^ (2)

F = flow rate,

N = numerical constant,

Fp = piping geometry factor,

Cv = valve flow coefficient,

Pj = upstream absolute pressure,

P2 — downstream absolute pressure,

Y = gas expansion factor,

X = ratio of pressure drop to absolute upstream pressure,

M — molecular weight of fluid,

7\ = upstream absolute temperature,

Z = gas compressibility factor.

In the data gathered on the prototype freezer/sublimer, the upstream temperature was not measured

and will have to be considered a constant. The terms N, Fp, M, and Z are also constant. Combining

constants in Eq. (1) yields



where N' is a proportionality constant. The gas expansion factor varies from 1 (when X = 0) to %

(when flow is choked). Also at choked flow, X has an upper limit. The valve flow coefficient Cv is

predominantly a function of the output to the valve u. The flow model development consists of

taking data at several valve positions and determining the Cv function from this. To find the

relationship, Eq. (3) is solved for Cv , or Fi(N'Px\p£). Valve choking and the gas expansion factor

will be addressed later. For now, assume that the gas expansion factor is equal to unity.

The method consisted of plotting data points of FI(PliJX) vs u where F is found by using the weight

derivative during periods where the Freon-114 circulation rate was considered to be at steady state.

The plot is shown in Fig. 3 for different data sets. The next step was to find an equation that fit the

data. Roffel and Rijnsdorp3 describe a valve characterization of the following form which appears

to match our data, where K is a constant, a is the ratio of the squares of system capacity to valve

capacity, Rv is the valve rangeability, and u is the valve output scaled between 0 and 1:

C" = „,„_.. • (4)

It is necessary to solve this equation for the three parameters, K, a, and Rv, using data from tests.

Because the equation is nonlinear, a least-squares solution cannot be solved explicitly. However,

preliminary parameters can be found by a method in which a computer program is written to scan

through bracketed values of each parameter by using nested loops and saving the set of parameters

with the least sum of squared errors compared to the test data. The values of the parameters are

bracketed by using engineering judgment. The interval between the bracketed values is divided into
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as many subintervals as is practical. A computer program uses nested loops to loop through each

value of each parameter, and the sum of squared errors as compared with actual data is computed.

As the program proceeds from loop to loop, the least sum of squared errors is saved along with the

values of the parameters for the least sum. Using this method, we derived a preliminary set of

parameters. However, this method does not provide the optimum solution, because it depends on

the resolution assigned to the parameters in the bracketed method (i.e., the number of subintervals

that the bracketed values are divided into).

A better method can be used that begins with the preliminary parameters and uses a linearized sum

of squares to provide a better fit to the data. A truncated Taylor series expansion is performed on

Eq. (4) to linearize the equation. Partial derivatives of Eq. (4) with respect to the three parameters

are given in the next three equations. The partial derivatives are used by the truncated Taylor series:
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da

a*

-Irp
2

,2(1-11)
(5)

(6)

(7)

The truncated Taylor series expansion is given by the following equation, where the zero subscripts

refer to initial values of the parameters that are being solved for and deltas in front of the parameters

indicate a change from the initial values of the parameters:

ac. (8)

Then, a matrix that includes all the data points can be set up of the following form, where nonzero

subscripts refer to data point numbers:

v/

dK

dK

dK

da

dCv(u2)

da

dCv(uN)

da

3Cv(«i)

drt.

dRv

dC(u)

dRv

A A:

Aa

AK,

(9)
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or

y = * 8 , (10)

which is an over-specified matrix equation, solved by the least-squares technique with

Equation (11) is solved, the changes are made to the initial parameters, the parameters are reentered

into the equation, and the routine is continued iteration by iteration until the parameters change no

more than a specified tolerance. The fit using parameters determined by this exercise is shown in

Fig. 4.

A butterfly valve is used as the system control valve. With this valve, leakage exists when the valve

is closed. That is why the curve in Fig. 4 does not go through the origin.

Although it was suspected that choked-flow conditions existed in the test data, a consistent initial

choking point could not be determined. It was found that the determination of the Cv function will

not worsen considerably if it is assumed that choked flow is not present. Notice also that the gas

expansion factor is assumed to be unity. Because this value is a function of flow choking, it is difficult

to specify the gas expansion factor without more knowledge of choking conditions. Attempts to

incorporate the gas expansion factor scattered the data more than that shown in Fig. 4. Given the

fact that this model will be used as only a starting point estimate in the Kalman filter, it is not

worthwhile determining a flow equation any more accurately than shown here. The modeled flow

will be compared with on-line weight measurements to determine a refined estimate.
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Fig. 4. Valve Characterization and Test Data.

The resulting model of flow as a function of upstream pressure, vessel pressure, and output to the

valve is shown in the next equation. In freeze mode, P1 is upstream pressure and P2 is the vessel

pressure. In sublime mode, P} is the vessel pressure and P2 is upstream pressure divided by 5. Based

on operating experience, the rule of thumb is that A-line pressure is about one fifth B-line pressure.

During freeze mode, UF6 is transferred from B-line, while in sublime mode, UF6 is transferred to A-

line.

F = (12)

Because the control valve is not in very close proximity to the freezer/sublimer vessel, a dead time

will exist between the time action is taken at the control valve and the time a corresponding change
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is noticed in the reading from the weigh cell. Therefore, in calculations where the weight rate, as

determined from weigh cell readings, is compared with the flow rate, as determined from the model

developed here, dead time rd should be included in the equation as shown:

F(k-xd) = —l- ** * . (13)
a r 2[i(fc^]

KALMAN FILTER DEVELOPMENT

A Kalman filter is analogous to closed loop-control in that it samples a measurement, compares this

against its own estimate, and takes corrective action via the Kalman gain and the error between the

two. A schematic is shown in Fig. 5. A full-fledged Kalman filter recursively adjusts the Kalman gain

K to minimize the covariance matrix of the error between the actual measurement and the estimate.

Steady-state Kalman filters use a constant value for the Kalman gain that has been derived by analysis

of filter performance. Development of the flow model for our system was covered in the preceding

section. This model will be used by the Kalman filter. In our system the plant and model observable

inputs are the control valve signal, upstream pressure and downstream pressure. The unobservable

input is Freon-114 weight. The measurement is freezer/sublimer weight, and the estimates are flow

and freezer/sublimer weight.

The system model equation is represented in te space form by the following general matrix

equation, where A is the state matrix, B is the input matrix, x is the state vector, and u is the input

vector.

BH(*) . (14)
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Fig. 5. Analogy of Kalman Filter to Feedback Controller.

For our system, we are interested in two states: flow (or weight rate) and weight. The inputs to the

system are upstream and downstream pressure and control valve output. Because the relationship

of these inputs to actual flow and weight is nonlinear, it is easier to use modeled flow as the input.

The linearized system state equation then takes the following form, where x} is flow, x2 is weight, and

F is the modeled flow from Eq. (13):

(15)

The state space measurement equation, in general, is given by the matrix equation

7(lr\ = Hrfifk (16)

where z is the measurement vector and H is the measurement matrix. For our system, weight is the

only real measurement—other inputs are incorporated into the model. The equation is as follows,

where z is the raw measured weight:

12



z(k) = [0 1]

The general matrix equation for updating the estimate is4'5

*"(*) + K(k)lz(k) - Kx-(k)] .

(17)

(18)

where the hat represents an estimate and the superposed minus sign represents a preliminary estimate

based on the estimate at the last time increment projected to the current time increment by the

model from Eq. (15). Then for our system,

**"(*)

(19)

Inspection of Eq. (19) shows that both flowx, and weighty are based on just one raw measurement,

weight. This may appear odd at first, but the units of Kj are inverse time. Then it is obvious that

units of flow, or weight per unit time, are used. Equation (19) also points out the job of the Kalman

filter—to compromise between raw measurement data and modeled data. It is easiest to see this with

the weight estimate. UK2 is zero, the Kalman estimate is based wholly on the system model. If K2

is one, the Kalman estimate is based wholly on the raw weight measurement. In practice, the Kalman

gain will lie between these two extremes.

In the test data, it was found that the Kalman gain would converge to a constant over a certain length

of time. A simplified, steady-state Kalman filter is used here that is based on the average, ultimate

values of the Kalman gains from several data sets.
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RESULTS

An off-line comparison of the original filtered weight rate signal, modeled flow signal., and Kalman-

filtered flow signal is shown in Fig. 6. The original data are the same as those shown in Fig. 2. As

described earlier, the original weight-rate signal shows extreme oscillations, so much that flow reversal

is implied. The modeled flow does show high initial flow followed by one valley before stabilizing.

However, an offset exists between the modeled flow and the raw weight-rate signal after the raw

signal has stabilized. The Kalman-filtered signal begins with a high initial signal followed by a lower

valley than the modeled signal, but the Kalman-filtered signal then converges with the raw weight-rate

signal after the raw signal has stabilized. A convenient method exists to check die flow rate as

provided by the Kalman filter. If the Kalman-filtered flow rate is integrated and compared against

the raw weight signal, the two should converge. A graph of this comparison is given in Fig. 7. After

initial transients, the two curves do converge.

Given the results of the test data, it appears that a Kalman filter is very useful for this application.

An effort is now under way to test the Kalman filter on-line, and if that proves successful, the

Kalman-filtered signal will be used for feedback control.
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