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INTERPRETING TWO STATE INSTRUMENTS FOR INTERMEDIARY VALUES
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ABSTRACT

Interpolating data from instruments which produce only two
distinct binary outputs is discussed herein. The problem of
determining void fraction given an instrument, which produces
only a liquid or no liquid, output is used to demonstrate three
different methods of data interpolation. The three methods
involve a form of time averaging. The methods are signal amplitude
histogram, signal derivative, md signal derivative discriminator.
The advantages, disadvantages, and accuracies of each method are
described.

INTRODUCTION

Binary signals can exist in either of two states. These signals are
characteristic of many instruments currently in use in the
two-phase fluid density instrumentation field. Void fraction
sensing instruments, which produce binary output, include optical.
hot wire, and impedance probes. These instruments are inherently
only capable of distinguishing between the gas phase or liquid
phase: thus, they produce a binary output with one signal level
corresponding to liquid and one to gas. In contrast, most other
types of void fraction probes produce a continuous output
proportional to the void fraction. Probes, which produce continu-
ous outputs, generally work on an energy attentuation principle,
and the output is a spatial average over the transmission path of
Che energy. Probes, producing a binary signal output, are usually
local probes and the output must be time averaged to produce a
void fraction estimate.

Binary signals require special processing due to the nature of the
signals themselves and due to the nature of the noise characteristic
of this type of signal. In general, the noise on binary signals
consists of a random noise component and bias noise component.
The random noise component is contributed by the associated
electronics and stochastic nature of the two-phase fluid flow. The
bias signal is usually a low frequency oscillating bias of a
magnitude comparable to the signal level. The effect of the low
frequency bias of the signal is to cause the signal levels
corresponding to each phase to change as a function of time. Thus
at one instant, a signal level of unity could correspond to steam and at
some other injtant. a signal level of unity could correspond" to liquid
water. The combination of binary signal with random noise and an

oscillating (low frequency) bias requires a unique approach to data
reduction.

METHODS OF AVERAGING

In general, void fraction probes require some form of averaging to
obtain meaningful data. The most common method of void
fraction measurement relies on the attenuation of a high energy
radiation beam. In this case, the average is a spatial average taken
over the path traversed by the radiation. Spatial averaging is not a
technique appropriate to binary signal devices, because the
instruments are typically designed to respond to a single point in
the fluid. Binary probes are inappropriate because a large array of
points would be required to obtain a reliable spatial average of the
void fraction. A large array of these probes would significantly
alter the medium by their presence and. thus, preclude obtaining
an undisturbed estimate of the void fraction.

The appropriate method to obtain void fraction from a local probe
producing a binary signal is to time average the signal. Local
probes are designed to sense as small an area as possible. Time
averaging has been used in preference to spatial averaging for local
probes due to the invasive nature of the probes as previously
stated. The basic equation common to all binary signal rime
average methods is:

where:
a

f(x)

void fraction

1 if steam, 0 if water

number of points.

The uncertainties associated with time average binary signals come
from two sources. The first source is the length of the time record;
the second source is the random components within the signal
itself This paper assumes that the time records are of sufficient
length that they contribute negligible uncertainly to the estimate
of the void fraction. Time records of Q00 'o 1000 samples are used
in the analysis reported herein. The uncertainty and the methods
to reduce the uncertainty associated with the random component
of the signal are the subjects for the rest of this paper.
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Two techniques for time averaging of binary signals usii.e a
computer are discussed. The goal of the author has been to
develop methods which do not rely on human judgment but rather
are totally automated. The first technique explored involves the
construction of a signal amplitude histogram from a binary signal
and then by means of computer algorithm picks an optimal signal
level discriminator for the liquid gas interface. The second method
used a derivative of the signal to set an optimal discriminator level
by means of computer algorithm. The void fraction was then
calculated on the basis of the derivative of the original signal.

d = discriminator

n = number of samples.

The signal amplitude histogram method is a reliable and acceptable
method if signal to noise ratio is sufficiently IULA (greater than
±9 dB) and the void fraction lies between 10 and 90%. However,
this method does require that a trend removal program be
executed on the original data set prior to constructing the signai
amplitude histogram.

SIGNAL AMPLITUDE HISTOGRAM

The signal amplitude histogram' ' ' method consists of time
averaging the signal. Two refinements for data reduction are fa) a
computer determines the minimum between peaks and (b) a trend
removal program removes the effects of the low frequency
oscillations present in some binary signals. The signal amplitude
histogram has a bi-modal distribution if both phases are present
when sampling and the speed with which the phases alternate at
the probe is less the frequency response of the probe.

Figure 1 is an artificial data set with void fraction 30% and no
noise present in the signal Figures 2 through 6 present the same
data set with varying signal to noise ratios. The signal amplitude
histogram program was applied to the data sets with void fractions
ranging from 10 to 90% and signal to noise ratios ranging from 23
to -3 dB. Table I presents the results obtained with the signal
amplitude histogram program. Figures 7 through 11 are the signal
amplitude histograms obtained for varying noise levels with 30%
void fraction.

SIGNAL DIFFERENTIATION

The second data reduction method investigated does not require
the execution of a trend re .ioval program prior to computing the
void fraction. The second method, suggested by T. Kobori
e t a l ' - ' , describes a method involving signal differentiation prior
to time averaging of the signal. This method has two major
drawbacks. The signal differentiation makes thfc method more
sensitive to noise than other methods and requires discriminator
level (clipping level) setting for the original signal prior to signal
differentiation. In general, the discriminator must be set by
intuition; an iterative optimization process requiring reference
void fraction is the only suggested method for setting the signal
discriminator. Thus, this method was considered to be inadequate
when reference calibration is not feasible, or intuition is con-
sidered to be unreliable. Nevertheless, this method was simulated
on the computer in an attempt to automate the process.

Briefly, the data reduction method, described by T. Kobori et al,
is as foilows.'

Algorithm A, shown in Figure 12. presents the method used to
compute void fraction by the signal amplitude histogram method.
The critical phase of Algorithm A is determining the signai
magnitude which will discriminate between the liquid phase and
the gas phase. This signal amplitude level is called the discrimi-
nator level. The discriminator level is computed by using a
polynomial least squares regression program to fit a fourth-order
polynomial to the signal amplitude histogram. The fourth-order
polynomial is then differentiated and set equal to zero reducing to
an equation of the form:

0 = AX3 + SX2 + CX + D. (2)

Equation (2) is then solved for the root in the region between the
two peaks of the bi-modal signal amplitude histogram. This root is
the discriminator level. The void fraction is then computed
through use of Equation (3).

where:
a

1 Ci

void fraction

count number in cell i

(3)

* A dipping level is established, and the signal froin the
impedance probe is clipped to minimize noise in the signal.

* The signal is differentiated.

* The signal derivative is then used to generate a rectangular wave
by Algorithm B. which is shown in Figure 13. The following
equation is then used to compute the average void fraction.

where:
G=

n
n t r Sj

a = —"15

-1 if water (negative derivative)
1 if steam (positive derivative).

(4)

Automation of the clipping level selection vas accomplished by-
use of fhe trend removal program previously mentioned. The
clipping level was set at multiples of the standard deviation of the
moving average calculated by the trend removal program. The
clipping level varied 0.1 standard deviation to one standard
deviation. Moving average time was varied from 1 "c of the signal
length to 20% of the signal length. Final levels of ±0.5 standard
deviations and a moving average of 10% were decided upon
arbitrarily. The range of signal clipping in levels studied indicated
that calculated void fraction was not a strong function of either
moving average length or clipping level. Table II presents the
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results using the method described on the same data used to
produce Table I. This method is clearly less susceptible to signal
noise than the signal amplitude histogram method.

SIGNAL DERIVATIVE DISCRIMINATOR

A new adaptation of the preceding method, which reduces the
noise sensitivity of the method, has been made by the author. The
new method is given in the following flow chart, Figure 14. The
salient points of this method are the differential used to compute
the discriminator level and the assumption of a uniformly
distributed random noise present in the signal. The assumption of
uniform random noise explains why the search for the local
minimum or maximum yields the correct void fraction. If the
signal contained only random noise, the computed void fraction
v/ould be 50% as the likelihood of the differential between two
points being greater than or less than some discriminator level
would always be equal. Consequently, when tiie deadband
(multiplier) is small, the random component in the signal tends to
make the void fraction approach 50%. As the deadband increases,
small variations in the signal level have less effect, and the
computed void fraction approaches the real void fraction. If the
optimum deadband is exceeded, once again small random signal
variations begin to dominate the result of the computed void
fraction and the computed void fraction tends to 50% again. Thus,
an optimum estimate of the void fraction is obtained by searching
for the first local minimum or maximum.

Table IN gives the results of this method applied to data similar to
that used to develop the results in Tables I and II. Table IV gives
the multiplier level used for each void fraction calculation. Results
in Table III clearly demonstrate that this method is less susceptive
to the effects of random noise than any of the others previously

demonstrated. Results of Table IV show that the multiplier level
of approximately 0.35 would be acceptable in most cases to
compute the average void fraction. Use of the predetermined
multiplier will significantly shorten the computational time
required for this program.

CONCLUSIONS

The methods demonstrate different ways to time average binary
signals to obtain mean values of variables lying between extremes
corresponding to the binary level outputs of the transducer. At
this time, the method that has the least uncertainty under high
noise conditions is the derivative discriminator method.

This paper specifically does not address the hydrodynamic effects
associated with invasive types of probes. Usually these effects,
such as bubble penetration times, may be compensated for by an
appropriate time shift for interface detection times.

The estimated uncertainty of the derivative discriminator method
for signal to noise ratios greater than 3.01 dB is less than 10% of
range. This value represents an improvement over the uncertainties
in previous methods arising from comparable noise levels.
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TABLE I

COMPUTED VOID FRACTIONS) USING THE SIGNAL
AMPLITUDE HISTOGRAM METHOD

Void Fraction
Actual {%)

10

20

30

40

50

60

70

80

90

23.0

10.0

19.6

32.0

42.6

50.5

59.2

69.5

79.8

89.5

Siqnal

9.0

11.5

21.2

26.6

38.7

49.3

71.7

71.0

78.6

89.4

To Noise

3.0

0.9

13.3

•99.0

99.3

66.4

97.9

99.2

99.5

99.9

(dB)

0.5

99.3

99.2

98.3

99.0

97.4

98.9

96.8

97.3

98.7

-3.0

98.4

97.1

99.2

99.0

99.5

98.7

98.4

97.8

98.8

TABLE II

VOID

Void Fraction
Actual (%)

10

20

30

40

50

60

70

80

90

FRACTION^)

23.0

11.0

21.2

31.3

41.0

50.0

60.0

70.4

80.0

89.6

COMPUTED PER

Siqnal

9.0

11.0

21.2

31.3

39.8

47.0

59.8

70.4

80.0

89.6

T. KOBORI

To Noise

3.0

22.3

29.2

38.4

44.3

48.9

54.7

60.2

84.8

77.2

METHOD

(dB)

0.5

31.2

36.1

41.:

44.5

48.2

51.2

55.4

59.2

66.3

-3.0

41.8

42.6

45.6

46.3

48.6

51.3

53.7

57.2

59.2
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Void Fraction
Actual {%)

10

20

30

40

SO

60

70

80

90

* Undetermined.

COMPUTED VOID
DERIVATIVE

23,0

10.0

20.0

30.0

40.0

50.0

60.0

70.0

80.0

90.0

TABLE III

FRACTIONS USING THE
DISCRIMINATOR METHOD

Signal

9.0

10.0

20.0

30.0

41.0

52.0

61.0

70.0

80.0

90.0

'ro Noise (dB)

J..J.
78.0

25.0

30,0

35.0

55.0

56.0

65.0

63.0

58.0

_0

23

30

40

37

33

(52

62

63

^5

.0

*

.0

.0

.0

.0

.0

.0

.0

-3.0

*

*

37.0

41.0

45.0

33.0

55.0

58.0

69.0

TABLE IV

Void Fraction
Actual (%)

10

20

30

40

50

60

70

80

90

* Undetermined.

0.

0.

0.

0.

0.

0.

0.

0.

0.

DERIVATIVE

23.0

,1 to 0.77

1 to 0.77

1 to 0.77

1 to 0.77

1 to 0.77

1 to 0.78

1 to 0.78

1 to 3.0

1 to 0.8

MULTIPLIER

Siqnal

9.0

0.33

0.33

0.33

0.35

0.22

0.43

0.4

0.37

0.4

SETTING

To Nose (dB)

3.0

0.58

0.15

0.43

0.1

0.33

0.34

0.35

0.37

0.4

0.5

0.7

*

0.48

0.12

0.6

0.58

0.42

0.42

0.42

-3.0

*

0.4

0.15

0.15

0.5

0.4

0.37

0.37
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1000
1NEL-A-11 014Samples

"Figure 1 - Arti/icial data set. no noise present."

Samples

"Figure 4 - Artificial data set. signal to noise =
3.01 dB.'

-2 '

Samples
1000

INEL-A-I1 013

"Figure 2 - Artificial data iet. signal to noise =
23.01 dB."

Samples

"Figure 5 - Artificial data set. signal to noise =
0.51 dB."

Samples

"Figuie 3 - Artificial data set. signal to noise =
9.03 dB."

Sampler
1000

INEL-A-11 012

"Figure 6 - Artificial data set. signal to noise =
3.01 dB."



I I
Cells are uniformly distributed
over the input signal range.

96 123
INEL-A-11 010

"Figure 7 - Signal amplitude histogram, signal to
noise = 23.01 dB."

Cells are uniformly distributed
over the input signal range.

96 128
INEL-A-11 009

"Figure Signal amplitude histogram, signal to
noise = 9.03 d8."

i : i

Cells are uniformly distributed
over the input signal range.

96 128
INEL-A-11 00B

"Figure 9 - Signal amplitude histogram, signal to
noise = 3.01 dB."

Cells are uniformly distributed
over the input signal range.

96 128
INEL-A-11 007

"Figure 10 - Signal amplitude histogram, signal to
noise = 0.91 dB."

Cells are uniformly distributed
over the input signal range.

96 128
INEL-A-11 006

"Figure 11 - Signal amplitude histogram, signal to
noise = 3.01 dB."
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Construct a sig-
nal amplitude
histogram fiom
the original
signal.

Fit a fourth-order
polynomial to
the histogram.

Obtain clipped
differentiated
signal.

Compute the
derivative of the
fourth-order poly-
nomial.

Find the root
of the derivative
of the fourth-order
polynomial lying between
the peaks of the bi-modal
histogram.

Compute the
vcid fraction
per Equation (3).

Set l ( point
of rectangular
wave to: - 1 .

Let I = 1 to n.
step 1.

' Is Ith poir^N

I
Compute void
fraction per
Equation (4).

Loop complete

^ no Set l? point
of rectangular
wave to: 1.

1

EXIT

"Figure 13 - Algorithm 8."

E X I T INEL-A-11017

"Figure 12 - Algorithm A."
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Compute differ-
entials from
signal.

Find greatest
and least
differential
g = greatest differential
i- least differentia).

Loop complete

_£
Search comput-
ed alpha for
first local
minimum or maximum

Exit with alpha
from previous
step

End

Set I t h point
of rectangular
wave to 1

yes

Let m = 0.01 to
1, step 0.01.

D t = m • g
(top dead band)
Db = m • £
(bottom dead
band).

I.

1
Store m and
void fraction
alpha.

Let I = 1 to
n, step 1
n = number of
samples.

Compute alpha
per Equation (4)
(while the rec-
tangular wave = G).

Loop complete

D, = I t h dif-
ferential.

Set I t h point
of rectangular
wave to: - 1 .

Set I t h point
of rectangular
wave to:
(1-1 ) t h point.

"Figure 14 - Algorithm C."
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