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Highlights

e A new dynamic bias model is formulated based on cyclical rectangular signals

e The new model incorporates the influence of the signal’s temporal distribution

¢ Validation of the model is attained with simple signals and wire-mesh-sensor data

e The RMSE of the new model improves as much as ~60% compared to previous models
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ABSTRACT

Application of radiation transmission measurement of two-phase flow phenomena has surged in the past
decades due to the advancements in radiation detection along with its non-intrusive nature in comparison
with other advanced two-phase flow measurements instrumentation such as wire mesh sensors and needle
probes. However, radiation transmission measurement entails various levels of complexity when
measuring temporally varying signals, which is the case for two-phase flow phenomena. The time-
integrated radiation transmission acquisition yields a biased result, known as dynamic bias. In the present
study, a more accurate method to estimate the dynamic bias is formulated. In addition, the behavior of the
dynamic bias in two-phase flow measurements is investigated and characterized as a function of the void-
fraction’s temporal phase distribution, the gas phase magnitude distribution, and the contrast attenuation
between the liquid and gas phases. Both numerical simulations and actual measurements of two-phase
flows obtained with wire-mesh sensors, which includes several flow patterns, are used in the study. The
dynamic bias was simulated for a contrast attenuation factor, 4, ranging from 0.01 to 5; this is a
dimensionless factor that considers the geometry, elemental composition of the phases, radiation type and
energy. The RMSE error was estimated for the proposed model and the reference model derived by
Harms; the RMSE percentage decrease for the proposed model relative to Harm’s for the range of A
improves by 50% to 58% for the bubbly regime, 40% to 59% for the bubbly to churn transitional regime,
36% to 56% for the churn regime, and 15% to 56% for the wispy annular.
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NOMENCLATURE

Roman Variables

A Component area

a Lower integration limit

b Upper integration limit

D Total flow chord length

d Chord length

f Frequency

1 Radiation count-rate/flux

] Superficial velocity

M Number of recorded measurements
T Signal period/Integration period
t Time

u Conductivity

Greek Variables

a Void fraction

B Sampling to phenomena period ratio
Aa Dynamic bias

6 Pipe thickness

3 Phase amplitude component

C] Centroid value

A Contrast attenuation factor

u Linear attenuation coefficient

& Peak-to-peak amplitude

o Standard deviation

T Signal integration time

w Phase temporal-distribution/duty-cycle

Subscripts & Superscripts
2¢ Two-phase flow
cent  Centroid

CL Center line

cr Critical duty cycle

d Detector subscript

G Gas phase

i Indexing variable
ideal Reference

k Indexing variable

L Liquid phase

m Discrete time variable

max  Maximum

model Derived model

n Discrete sampling variable
0 Source subscript

Rect  Rectangular signal
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Sine  Sinusoidal signal

s Sampled
Tri Triangular signal
+ Active or positive portion

- Passive or negative portion
~ Implemented model
a Void fraction

Acronyms

FWHM Full width half max
RMSE Root mean square error
STD  Standard deviation
WMS  Wire mesh sensors

INTRODUCTION

Radiation transmission measurements present a unique opportunity for applications to complex geometry
and optically opaque systems by exploiting the principles of radiation interactions with matter. Leaping
advancements in detection efficiency, spatial resolution, and high-speed acquisition systems have
propelled various research fields such as the medicine, homeland security, and thermal hydraulics; the
latter will be the focus of the present research. Radiation based measurements have become an essential
tool in the study of multi-phase flow phenomena due to its non-intrusive nature. These phenomena
present various levels of complexity due to the turbulent nature of flows, phase changes and multiphase
flow interactions. The primary parameter of interest which is measured in two-phase flow phenomena is
the void fraction, which describes the percent of gas-phase content in the system. The determination of
this parameter is of particular importance in nuclear reactor systems in which the presence of the gas
phase in the reactor core affects the reactor performance and operational safety margins [1,2].

Reported void fraction measurements using radiation transmission were performed as early as 1958 by
Hooker et al. [3] and Petrick et al. [4]. Further measurements focused on nuclear reactor system
applications were performed in 1965, when Sha et al. [5] used a neutron-beam to estimate the void
fraction of inserts in a nuclear test section. Since then, applied radiation measurement techniques have
been widely .implemented in the forms of densitometry [6,7], radiography [8, 9], and computed
tomography [10, 11]; these increase in spatial complexity respectively, from 1D up to 3D fields.
Advanced two-phase flow instrumentation not based on radiation that are widely implemented for
research include needle probes developed by Katoak et al. [12, 13] and wire-mesh sensors (WMS)
developed by Prasser et al. [14]. The latter exploit the dielectric properties of liquid and gas phases to
derive the local void fraction, while needle probes can be based on conductivity or optical measurements;
however, both wire-mesh sensors and needle probes are intrusive, requiring the equipment to be placed in
the flow field, thus causing potential perturbation of the flow. In addition, the implementation of such
instrumentation is challenging at high pressures/temperatures and in complex geometries such as nuclear
bundles. Radiation transmission measurement techniques instead do not suffer from these drawbacks.

The accuracy of the radiation transmission measurement of two-phase flow relies on several factors
including but not limited to the detector system performance, radiation source type and strength,
geometry of the experimental setup, and the transient nature of the flow; the latter is often neglected and
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is the main topic of this discussion. Radiation transmission measurements of two-phase flows contain an
intrinsic measurement bias which deviates the measured void fraction from the true void fraction, this is
referred to as the dynamic bias. This phenomenon was first investigated by Harms et al. [15, 16], deriving
expressions for simple temporal void fraction signals, exposing the magnitude that this type of bias can
have on the measurement’s accuracy. Andersson et al. [17], Hampel et al. [18, 19] and Wagner et al. [20]
have performed additional studies using simplified temporal signals to address void fraction corrections.
The present study aims to fully characterize the dynamic bias, benchmark previous research using
numerical methods, adapt WMS data into hypothetical radiation transmission signals to analyze the bias
magnitude for various flow regimes, and assess the effects that the bias may introduce on the
measurement accuracy.

1. THE DYNAMIC BIAS ERROR
2.1 Radiation Transmission

The transmission of radiation through a medium is described by the Beers-Lambert law [21], in which an
ensemble of radiation particles is exponentially attenuated due to interactions with matter; these
interactions include photoelectric-absorption, Compton scaitering and pair-production [22]. The next
equation, is an adapted relation for radiation transmission passing through a two-phase flow system,
which is analogous to the one proposed by Andersson et al. [17]

Ly = Iy e~ (dL pLt dg ke) = Tikibi, Eq.(1)

where I, is the radiation count rate (s) without an object present also known as the flat field, d; is the
gas chord-length (m), d; is the liquid chord-length along the radiation beam line, u; is the gas linear
attenuation, y; is the liquid linear attenuation, and ); u;8; are the remainder linear attenuations and
chord-lengths of additional materials in the system (i.e. pipes walls, insulators, etc.). The linear
attenuation coefficient for any given material is dependent on its atomic composition, as well as the type
and energy of the crossing radiation particles; this requires mindful consideration in the treatment of x-
rays and neutrons which are emitted in a spectrum of energies and where the low energy particles are
preferentially attenuated, thus beam hardening the particle energy spectrum. The corresponding
calibration measurement for the test section completely filled with water (all-liquid system) is

I, = I, e PHL—Litidi Eq.(2)
and for the test section completely filled with gas (all-gas system) is
I; = I, e PHc—Likidi, Eq.(3)

where D is the flow region’s total chord length (i.e. pipe’s inner diameter in Fig.1). During temporal two-
phase flow measurements, the gas phase chord length dg;, can be described using the remainder liquid
phase chord length d;, as

dg (t) =D — d,(8). Eq.(4)

The void fraction along the chordal length is defined as
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at) = dGD(t). Eq.(5)

The temporal void fraction a(t) can be any arbitrary time dependent continuous function. Based on the
relations in Eq.(4) and Eq.(5), the two-phase flow radiation transmission function can be expressed in
terms of the temporal void fraction as

L@ = I, e~ (D[(1-a®)ur+ a®uc] + Liwisi) Eq.(6)

This is the ideal transmission response where the attenuated intensity fluctuates based on the time

dependent two-phase flow; the process is best depicted in Fig.1.
) )

> D —

fr, di (6)

Fig.1. Radiation transmission process of a simplified time dependent two-phase flow.

Real detector systems cannot perfectly sift the radiation transmission function due to several limiting
factors. Such systems require a finite integration time window in order to count radiation events. Since the
detector can only sample in discretized steps, this leads to a treatment of time as a discrete sequence ¢,
where the subscript m denotes the frame number in the sampling process. For convenience, time will be
centered in the middle of the frame. Next, the measured detector count rate is described as a function of
discrete time and detector integration period.

T lo e Zikidi " -D[(1-a(®))uL+ a(®)ug]
L (tm Ta) = T—d e L ¢l dr. Eq.(7.a)
am
Tq
A =t — > Eq.(7.b)
T,
by, =ty + ?d Eq.(7.c)

Here, a,, and b,, are the lower and upper time bounds of the frame, T, is the detector frame integration
period and t is the time integration variable of the frame. The response of the detector is described here as
the time average of the transmission function over a given integration window. In the case where the
detector samples increasingly fast, the detector response will become the same as the ideal transmission
function through the first fundamental theorem of calculus

Jim L m (bn Ta) = T2 (0) Eq.(8)
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For convenience, the flow attenuation terms are consolidated into a contrast attenuation factor using the
all-gas and all-liquid calibration measurements as
Ig

1= (u-ue)D = () Eq.(9)
This dimensionless quantity is a property of the radiation type, geometry, and two-phase flow
composition which expresses the maximum contrast attenuation ranges plausible between the present
phases of interest; it can represent different attenuation chord-lengths crossing the available flow
geometry region (i.e. chordal paths along a circular pipe), and different types of liquid-gas mixtures
described by the linear attenuation coefficients (i.e. water coolant, molten salt coolant). To give the reader
some perspective, for a water-air mixture system at 20°C with a thickness D of 1 c¢m, paired with a
standard x-ray tube at 150keV represents a A = 0.260, and for a *’Cs gamma-emitting source A = 0.086;
similarly, for a system with a thickness D of 10 cm increases the contrast attenuation factor to A = 2.165,
and 4 = 0.856 respectively. It is also worth noting how x-rays are preferentially attenuated in comparison
to gamma-rays; typically, gamma-ray photons are higher energy which are less likely to interact with
matter than the lower energy medical x-ray photons.

After the two-phase flow measurement is performed, the signal is post processed by transforming the
measurement from recorded transmission counts to void fraction; this requires dividing the measurement
in Eq.(7.a) by the liquid calibration in Eq.(2), taking the natural logarithm and dividing by Eq.(9) as

1 Ipe~(PHL+Liki6)  bm
as,m(tm: Tq,A) ==In < f e (@ dT) ’ Eq.(10)
am

2 LT,

the subscript s is used here to denote the sampling process of the void fraction. The division by the all-
liquid calibration measurement eliminates the liquid and external material attenuation terms which are
also found in the two-phase flow transmission function. With further simplifications of Eq.(10) allows us
to estimate the sample average void fraction from the temporally collected frames

M

as(Ty,A) = L lln 1 bme Aa(7) g E

S d )] q(ll)
ML\ Ty g,

where M is the total number of frames or recorded measurements. The sample average void fraction
shows that the averaging procedure should be performed after the logarithmic conversion in Eq.(11),
Hampel [18] refers to this as the correct averaging method, supported in the limit where the integration
period becomes significantly small, as described in Eq.(8). On the contrary, when the detector integration
window becomes increasingly large, temporal averaging occurs during the actual measurement
integration period, thus happening inside the logarithmic function in Eq.(11); this results in an erroneous
averaging procedure.

2.2 The Dynamic Bias

The dynamic bias emerges as a result of the inexact averaging procedure previously discussed; the bias is
defined as the deviation or absolute error of the sampled void fraction (a ., @) in comparison to the true
void fraction. Let us first define the instantaneous frame bias as
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1 1 (bm 1 (bm
Aa(ty, Ty A) = — In| — f e*® qdr) — — f a(7) dr. Eq.(12)
A Td am Td

am

The dynamic bias becomes the average accumulation of error over the range of the instantaneous frames
throughout the measurement; this is expressed as

1 - 1 m 1
Aa(Ty,A) = — Z 7 In (ﬂ f e a(@ dT)—T— a(7) dr|. Eq.(13)
a

This type of error occurs due to the fact that the natural log of the measurement is applied on the outside
of the integral operation, therefore it occurs as the acquisition window is extended which results in a
deviation from the behavior of the sampled function. Now, changing variables allows the sampling
integration period to be defined relative to the two-phase flow phenomena period, removing the need to
stipulate a specific period, but conveniently describing how one scales relative to the other:

Ta= BTy Eq.(14.a)
fa= %"‘ Eq.(14.b)

T a
B = T_Z — ]/:—d_ Eq.(14.c)

Here, T, is the ideal void fraction phenomena period, f, is the corresponding ideal phenomena frequency,
T, is the detector sampling time period and f, is the corresponding detector sampling frequency. The
parameter 8 can characterize the transition from the proper to the wrongful averaging implementation.
When g < 1, the sampling is occurring faster than the phenomena frequency, nevertheless, one should
sample at 8 < 0.5 following the Nyquist criterion to capture time resolved information of the phenomena.
When g > 0.5 results in a time average beyond the Shannon-Nyquist criterion, thus failing to capture
temporal information, instead becoming a measure of the average behavior of the flow. The dynamic bias
buildup from Eq.(13) can then be rewritten using the new relations as

M bm
_1 1 (om e Aa(®) 1
Aa(B, 1) = w7 2 (3 T, J dT) AT f a(7) dt|. Eq.(15)

m

This expression will be used to numerically evaluate the dynamic bias associated to an arbitrary temporal
two-phase flow functions being measured by a hypothetical radiation detection system.

2.3 Variance Effects on the Dynamic Bias

The dynamic bias is also strongly dependent on the gas fraction fluctuations of the true void fraction a(t)
function, this will be referred as the void fraction amplitude throughout the text; as one can imagine,
abrupt and irregular behavior could heavily influence the buildup of this error. If a time-resolved
experimental signal is analyzed in steady-state conditions, it basically consists of a fluctuation around the
true mean value &, which can be obtained by means of time averaging given a time frame T,. However,
the characteristic amplitude of such random-like oscillation influences the dynamic bias. Square-like



Journal Pre-proof

signals can be taken as a reference so that a general approximation can be obtained to estimate the
dynamic bias. Let us first derive a generalized expression based on rectangular pulse signals whose void
fraction is composed of an active and passive phase components, as shown in the examples of Fig.2.
Throughout the text, the active portion is considered as the components of the signal that are above the
average, similarly, the passive portion is considered as those below the average and represent a void
fraction baseline, or lack thereof. The temporal distribution or in this case the duty cycle w represents the
portion of time for which the void fraction is active over the phenomena cycle T,, this can be expressed
as

w =

Eq.(16.a)

‘l.'+
T,
and the passive portion of the time is described as

d-w) = —. Eq.(16.b)

Ta
Here 7+ and 7~ represent the signal’s active and passive duration. The active and passive amplitudinal
displacements away from the mean void fraction are e*and &~ respectively. The signal variance is an
important parameter of interest which characterizes the signal fluctuation, however, this parameters is
obtained with time resolved measurements. The analytical variance of the square signal is defined as

0.2 = w(et)? + (1 —w)(e)2 Eq.(17)
This involves respectively weighting the squared active and passive amplitudes by the corresponding
temporal portion described in Eq.(16.a). The dynamic bias can be modified from Eq.(15) for a square
signal with a single measurement cycle assuming M = 1 and an acquisition to phenomena period ratio of
B = 1, the expression is then simplified through the following

+ ot 1 Lt AMa+et 1 Aa-&~ =
Aa(Ty,t+,e%,1) = = In —f eM@+eN) dr 4 —f eMa-qr | — g, Eq.(18.a)
A Ty Jo T, o

with some algebraic manipulation and using the substituting in the relations from Eq.(16.a), the dynamic
bias becomes

1 N _
Aa(w, et 1) = Eln(a)e’Lg + (1 —w)e™), Eq.(18.b)

This final expression describes the dynamic bias for any parametrized square signal. It is worth pointing
out that Eq.(18.b) reveals that the dynamic bias is dependent on the temporal distribution and amplitude
displacements between the active and passive components of the signal and is independent on the average
void fraction of the signal; this implies that the dynamic bias is shift invariant.

Now let us consider a symmetric square signal as shown in Fig.2a; for reference, symmetric in this case
describes equal temporal and amplitudinal distributions between the active and passive components of the
signal; the assumptions for this particular case then implies:

w=(1-w)= %, Eq.(19)

et =¢"=¢. Eq.(20)
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It can then be easily proven that the standard deviation o, is equivalent to the amplitudinal components
by replacing the relations of Eq.(19) and Eq.(20) into the expression in Eq.(17) which simplifies to.

Og = € Eq.(21)
The dynamic bias from Eq.(18.b) can now be expressed in terms of the signal’s standard deviation

1 et%a 4 =20 1
Aa(o,A) = 2 In <f> =7 In[cosh(4a,)], Eq.(22)

which is the same expression proposed by Harms et al. [16] following an analogous derivation. In
addition, the expression in Eq.(22) is expanded with the Maclaurin series based on Ag,, as the independent
variable,

1 AL, B
Eln[cosh(laa)] = 50a~ E[O'a] + e Eq.(23)

where it can be observed that if the value of o, is small enough, the linear term with respect to ¢ is the

only relevant portion. Therefore, the dependence of the dynamic bias and the signal’s variance o2 is

virtually linear.

le- T;‘ o
L—— T —— T_-——:l i
1 g,
2 o
B
,QE_s _ 0.75 & et | 13 Liquid
w
FIRGEN(EESEEES PR PPN EEE e (EOEECREEEEE CE e a
> 3
2] 0.25 Gas
~ e N
0 n g,
© 1
=
S 075F gtk = |
S
g« 05F -t 6 --------------------- Oq
»3 R 0| _[EEEEE Rl _ _ _ _ &
<  025[ Active €1 B
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- t
0 0.5 1 1.5 2
Cycles

Fig.2. Example of a) symmetric and b) asymmetric square signals.

Now let us consider an asymmetric periodic square signal with unbalanced temporal and amplitudinal
distributions between the active and the passive phases with an arbitrary example shown in Fig.2b. The
active and passive amplitudinal displacements of the signal can now be defined in terms of the signal

variance and the temporal distribution
201 —
et = /M Eq.(24.9)
w
S Eq.(24.b)
e = d—w) q.(24.

The peak-to-peak amplitude of the signal is described as the sum of the active and passive amplitude
displacements of the signal

§=¢" +¢7, Eq.(25.a)

10
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o
§= A=) Eq.(25.b)

The peak-to-peak amplitude ¢ has a plausible range between 0 and 1; the expression in Eq.(25.b) allows
us to substitute between the signal variance and the peak-to-peak amplitude depending on which one is
more convenient. The dynamic bias can alternatively be expressed in terms of & or o2 by algebraically
rearranging Eq.(18.b) as

Aa(w,é, 1) = %ln( w+ (1 - w)e"lf) + &1 - w) Eq.(26.a)

2
1 -2 /."—“ / 2(1 —
Aa(w,02,2) = zln w+(1—-w)e (mwe ) | M. Eq.(26.b)

These expressions are equivalent and describe the corresponding dynamic bias of a system characterized
by A, a temporal distribution w, the peak-to-peak amplitude &, and whose variance is o2; which estimates
the bias for the set of conditions which describe the signal. The most direct way to see the advantages of
this proposed model Eq.(26.b) is to compare it with the expression proposed by Harms in Eq.(22). The
latter has only two parameters to characterize the signal. However, when studying signals from two-phase
flow, the different flow patterns have a non-symmetrical time distribution between the two phases as will
be shown in Fig.16c in section 4.5; the experimental results will depict that w is significantly dependent
on the flow regime. In reality, the condition ‘w=0.5to which Harms’s model is constrained cannot be
guaranteed. Alternatively, the proposed expression in Eq.(26.b) incorporates the third parameter w that
accounts for the temporal asymmetry information that was previously missing. By having this additional
third parameter, the prediction becomes more accurate, however, this third parameter implies greater
complexity in the prediction since w value must be approximated.

The 3D diagram of the dynamic bias is depicted in Fig.3a as a function of the possible values of w and 4,
and where the condition of ¢ =1 defines the outermost boundary of the volume; the superimposed color
corresponds to the duty cycle and the planes are examples of a 1cm thick water-air system at 20°C paired
with 150 keV x-ray and **'Cs radiation sources. The cross-sectional slice shown in Fig.3b corresponds to
the example plane for 4 = 2. This highlights the inner region of the volume in which the grid denotes the
parabolic isolines corresponding to constant peak-to-peak amplitude & and the vertical isolines
corresponding to constant duty cycle w. The cross-section exhibits a skewing behavior towards low void
fraction range, in particular with the increase of A.

Similarly, the 3D diagram of the dynamic bias as a function of the possible values of ¢,2 and A is
presented in Fig.3c. The dynamic bias grows in a predominantly linearly fashion for small values of A and
can be best predicted following the expression Eq.(23) in this region, however, the error unfolds to an
elliptical shape with increased A; the latter is best depicted by the cross-sectional slice corresponding to
A = 2 shown in Fig.3d. The elliptical slice can be described as a series of concentric shells corresponding

to the peak-to-peak isolines &. The upper portion of the shell correlates to 0 < w <% , the bottom

correlates to % < w < 1, and these converge to Eq.(22) when w = % The physical connotation implies
that a short burst signal has a larger embedded error than a signal of longer duration, for signals

11
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characterized by the same variance. This also entails that for the prior case, the passive phase is dominant,
which contains the largest amount of liquid, representing a higher attenuation medium. In the latter case,
the active phase is dominant, which contains a significantly larger amount of gaseous phase constituting a
lower attenuation medium that yields a lower dynamic error.

7§]n(cosh,\rr)
N T
0 0.05 0.1 015 0.2
W Temporal Dist. w o?
0.1 02 03 04 05 06 0.7 0.8 09

Fig.3. Dynamic bias of the Rect function a) as a function of w and 4 with planes representing x-ray
and gamma-ray system for 1 cm thickness, b) cross-sectional slice as a function of w for A = 2. ¢) as
a function of a,2 and 4, d) cross-sectional slice as a function of a,% for = 2.

The parabolic shape of the dynamic bias shown in Fig.3a indicates that there is a maximum value which
corresponds to a critical duty cycle. This can be solved by differentiating Eq.(26.2) in terms of the duty

cycle w as

JAa _ et —1
dw A+ (e¥ - Diw

. Eq.(27)

Setting the derivative to zero allows us to solve for the critical duty cycle corresponding to the maximum
dynamic bias for a given contrast attenuation factor and peak-to-peak amplitude,

e —2E—-1
MM -1

Wer = Eq.(28)
The evolution of the maximum dynamic bias as a function of A is obtained by inputting the critical duty
cycle w,, from Eq.(28) into Eq.(26.a) for & = 1; this is depicted by the superimposed black line of Fig.3a,
and the evolution of the maximum value is shown in Fig.4a. The results reinforces the linear behavior of
the error for small values of A, as well as its deviation from linearity with increased A. The critical duty
cycle w,, starts at 0.5 and rapidly decreases shown in Fig.4b, which symbolizes the tendency of the bias

12
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to be preferentially larger for short duration signals with a dominant passive-phase; when & =1
represents an all-liquid passive phase.

The critical variance is obtained by solving Eq.(25.b) in terms of the variance and plugging in the critical
duty cycle,

O-ozccr = &% (Wer — Wer?). Eq.(29)

The evolution of the critical variance corresponding to the maximum dynamic bias is shown Fig.4b; it
presents an initially slow decline which becomes linear with increased A. The critical variance described
by Eq.(29) is influenced by values where w., < 1/2, which is consistent with what has been observed.
The analytical expression derived of the dynamic bias from the rectangular pulsed signal serves as a
framework for the improved modeling and understanding of said phenomenon.

a) b)

50 0.!

02 o2
(<)

1 2 3 4 5
A

Fig.4. a) evolution of maximum dynamic bias as a function of A. b) critical duty cycle (left) and
corresponding critical variance (right) as a function of 4.

2. SIMPLIFIED SIGNALS

The dynamic bias is an unavoidable effect intrinsic to radiation measurements of temporal signals. This
section will focus on the numerical modeling of the dynamic bias for simplified void fraction signals to
gain intuition of its behavior. Simplified signals can give insight into how the dynamic bias varies as a
function of integration window, contrast attenuation factor, and imposed void fraction. These parameters
are influenced by several experimental conditions including but not limited to:

e Frame rate limitation of the detector.

e Operation below the counting saturation limit of the detector counters.

e Radiation source strength: weak radiation sources require long integration periods of time to
obtain statistically significant results.

e Experiments with high-attenuation materials (i.e. insulators, pipe walls) effectively reduce the
radiation flux available which can also result in longer integration periods of time.

e Type of radiation and atomic composition of the liquid and gas phases which determine the
contrast attenuation factor.

13
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3.1 Numerical Modeling

The present study aims to validate the dynamic bias model based on well-behaved void fraction signals,
in this section we will use rectangular, sinusoidal, and triangular pulses for these purposes; these signals
are ordered in descending temporal gradient complexity and will be respectively referred to as Rect, Sine,
and Tri functions throughout the text. These signals serve as ideal models used to first understand the
dynamic bias; however, real life signals are random in nature resulting in an erratic behavior in
comparison to the ones that will be utilized. The signals are built by manipulating the duty cycle w or full
width half max (FWHM) of the pulsed shape, the imposed peak-to-peak amplitude ¢ has a value of 1
given that this defines the outer limit of the dynamic bias volume as was observed in the previous section.
The generated signals serve as inputs to a custom-built script that numerically evaluates Eq.(13); the data
analysis scripts, and other functions were developed in MATLAB® 2019b.

7575 S S U

S
ae]

a = 25[%)|

I 9 S i i i o s i, A A St S il

()1 S S S
S
-

0.5 [ S NS S S, <

()80 A
S
=

S Qe . SAEEEEEEES. . ___ =

Cycles

Fig.5. Example of sinusoidal with modified duty cycle modulation for a) 25%o, b) 50%, and c) 75%
average void fraction.

The Rect function was characterized in the previous section, this function represents the most extreme
case in which the phase changes occur abruptly, while the triangular function steadily shifts the balance
between the phases. The sinusoidal function represents an intermediate behavior between the prior two
other functions. The temporal duration of the pulse is fitted to yield the desired average void fraction in a
cycle; this will be referred as the pulse duty cycle modulation method. The implemented definitions of the
Tri and Sine functions can be found in the Appendix. An illustrative example of the modified Sine signal
is shown in Fig.5 for 25%, 50%, and 75% imposed average void fraction; the 25% and the 75% void
fraction signals contain equivalent variance. The 50% void fraction signal will be first used to compare
the dynamic bias model with the literature.

The geometric and material parameters such as pipe diameter, liquid, and gas linear attenuations used in
this subsection are based on the study performed by Andersson et al. [17] which modeled a neutron
radiation system with two-phase flow at 80 bars of pressure. The reported pipe diameter is 25 mm, the
liquid attenuation is 7.2E-3 mm™, and the gas attenuation is 3.6E-4 mm™; this is equivalent to a contrast
attenuation factor of 1 = 0.173. For this study, the signals had an imposed average void fraction of 50%

14



Journal Pre-proof

and were carried out over 50 phenomena cycles. The numerical standard deviation of the simulated
signal’s true void fraction is expressed with the following

M

Ou= |3 Y (an— @ Eq.(30)

m=1

where a,, is the ideal void fraction sampled over the frame m, and & is the signal’s true average void
fraction. Similarly, the standard deviation of the dynamic bias is defined with the following

M
1
Ora= |3 ) By — 807, Eq.(31)
m=1

which describes the spread of the instantaneous frame errors in comparison to the average error buildup.
The dynamic bias results for the three modeled functions are shown in Fig.6a. The instantaneous
realizations of the dynamic bias described by Eq.(12) are depicted as scatter dots; these illustrate the
aliasing lobes that arise from the mismatched sampling frequencies and the phenomena frequency, with
nodes located where the phenomena frequency is divisible by the sampling frequency. The buildup curves
described by Eq.(15) increase in the region where 8 < 1, these then stabilize in the region where g > 1
with dampening oscillations and asymptotically converging due to the increased average integration
window. For this case, the asymptotic value of the Rect function is 2.14%, the Sine function is 1.07%,
and for the Tri function is 0.71%. These results match the values reported by Andersson et al. [17] for the
Rect with a difference of 0.04% and the Sine function with negligible difference; the small sources of
difference may arise due to noise incorporation in the referenced study. The results also show that the
Rect function has the largest dynamic bias, the Sine has the second largest and the Tri function has the
smallest. This occurs because the Rect function has the most abrupt transitions between phases as
previously mentioned. The instantaneous realizations also show the variation of dynamic bias which is
best described by its standard deviation expressed in Eq.(31) and shown in Fig.6b. The dynamic-bias
standard deviation is depicted as a series of lobes that are damped due to the increased averaging that
occurs with increase in £, with the largest lobe occurring where 0 < 8 < 1. The standard deviation of the
true window averaged void fraction described by Eq.(30) is plotted in Fig.6¢ as a function of 8. This also
exhibits a dampening lobe behavior, as § approaches zero representing an ideally fast sampling system,
the true void fraction’s standard deviation converges on to the function’s analytical standard deviation,
with values of 50% for the Rect function, 35.6% for the Sine function, and 28.9% for the Tri function; the
latter two results can be verified using Eq.(B.3.b) and Eq.(A.3.b) respectively. When performing time
resolved measurements, one should maintain the sampling rate below the Nyquist criterion as previously
postulated, therefore sample at least at twice the phenomena frequency, nevertheless it becomes clear that
there is an inherit bias error from the measurements which is decreased but not entirely eliminated at high
sampling rates, unless the flow appears completely stationary during the measurement period.
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Fig.6. @) Dynamic bias curve buildup, b) dynamic bias standard deviation, and c) true void fraction
standard deviation for 50% imposed void fraction.

3.2 Pulse Duty Cycle Modulation Study

The dynamic bias parametric study was conducted by implementing the duty cycle modulation approach,
the average void fraction & was systematically increased from 0.2% to 99.8% in steps A@ of 0.2%. The
contrast attenuation factor A values used were varied from 0.01 to 3 in incremental steps AA of 0.01, the
peak-to-peak amplitude was maintained as ¢ = 1, and f = 1 was used to assume a detector integration
period equivalent to the signals period. The results presented in Fig.7 depict the dynamic bias as a
function of the imposed average void fraction and contrast attenuation factor for the three functions. The
dynamic bias of the Rect function exhibits a skewed behavior leaning towards the low void fraction
range; this is supported in Sec. 2.3 and the analytical results validate the numerical model implemented in
this study. The Sine and the Tri functions have two peaks with a cusp located along the void fraction
value of 50%; this is due to the piecewise definition of the functions used to build the signals. The
tendency shows that the low void fraction peak is larger for both functions.
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Fig.7. Dynamic bias as a function of imposed average void fraction and contrast attenuation factor.
a) Rect, b) Sine, and c¢) Tri functions.

The dynamic bias plotted against the variance of the original signal is shown in Fig.8, a) for A = 1, and b)
for A = 2. The results further confirm the analytical expression derived from the Rect function in
Eq.(26.b). Although the Rect function exaggerates the abrupt phase change, it traces the boundary for the
maximum possible error as a function of the true signal variance. The Sine and Tri functions present
similar elliptical behaviors overall contained within the Rect functions range. The results reaffirm that
signals with equal variance but with dominant liquid phase, lead to higher accumulations of error.
Experimental facilities with large contrast attenuation factors are more susceptible to these types of
embedded errors, therefore it is important to estimate this factor to scale the dynamic bias appropriately.
The Rect function can be used as a conservative and slightly exaggerated measure of the maximum
dynamic bias error; this can be estimated for a given experimental setup by calculating the critical duty
cycle as defined in Eq.(28) and plug it into Eq.(26.a) for a peak-to peak amplitude ¢ = 1.
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Fig.8. Dynamic bias relation to the variance of the true void fraction for the three simplified signals.
a) A =1, and b) A = 2 contrast attenuation factor.

3.3 Temporal Distribution Model

The analytical expression of the dynamic bias derived from the rectangular pulse provides a framework
which could be used to better predict the error for an arbitrary signal. To achieve this, we propose the
temporal distribution model which aims to estimate the dynamic bias by simplifying an arbitrary signal
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into an active and passive phase component from an approximated temporal distribution, while preserving
the average void fraction and signal variance. In this study, we decided to calculate the amplitudinal
centroids of the signal’s active and passive components, and from these, estimate the temporal
distribution w. This requires the signal to be mean centered, therefore one must subtract the average value
of the signal and split it into positive and negative parts as follows

+ _f(a(@®)—a ifa(t)—a >0

a@®” = { 0 otherwise ’ Eq.(32.2)
- _f{a—a() ifa(r)—a <0

() { 0 otherwise ’ Eq.(32.0)

where + defines the polarity of the component. The positive and negative areas of the mean centered
signal are respectively defined as

Tq
At =f a(t)? dr, Eq.(33.a)
0
Tq
A~ :J. a(t)” dr Eq.(33.b)
0
The centroids of the positive and negative portions of the signal are then estimated as
+ 1 (Ta1 +12
et = Ve i - [a(T)*]* dT, Eq.(34.a)
1 (Taq
ot — f 2 [a(r)]? dx. Eq.(34.b)
A=), 2

The amplitude centroids define the active and passive component’s weight-like center and their separation
with respect to the mean. The temporal distribution can then be estimated as a weighted quantity, in
which the negative centroid @~ is divided by the sum of both centroids.
o-
Weent = (’j‘)+—+@_
This estimates the balance that exists between the active and the passive phase of the signal, therefore if
the signal is temporally asymmetric as shown in Fig.2b, in which one phase has a longer duration, then
this will be reflected in the centroid separation with respect to the mean. In the opposite case where the
signal is temporally symmetric as shown in Fig.2a, then the centroid separation will be equivalent and
weent = 1/2. In addition, the amplitudinal components can be estimated with the relations presented in
Eq.(24.a) through Eq.(25.b) which depend on 62 and w e,;. This model allows us to reduce an intricate
signal into an equivalent rectangular distribution. As a proof of concept, it is important to verify that this
method solves the case of the rectangular pulsed signal. The positive and negative parts of a mean
centered rectangular signal can be defined as

Eq.(35)

+ _ (et ifa(x)—a >0

a(T)gect —{ 0 otherwise Eq.(36.a)
- _ (& ifa(m)—-a <0

@(Drect = { 0 otherwise Eq.(36.0)
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These can then be used to evaluate the respective centroids defined in Eq.(34.a) which yield the following

+
Ofect = - Eq.(37.a)
— g_
Okect ==~ Eq.(37.b)

These definitions can be plugged into Eq.(35), and the temporal distribution for a Rect function is then
expressed as

&

et Eq.(38)

WRect =

Alternatively and in a straightforward manner, the temporal distribution can be solved by equating the
positive and negative areas respectively above and below the mean,

0= wet— (1—w)e". Eq.(39)

and solving for the temporal distribution results in the same expression as in Eq.(38). Although the proof
of concept is simple in nature, it shows that the centroid estimation method appropriately estimates the
temporal distribution of a rectangular function. However, the goal is to approximate w for any arbitrary
function. The dynamic bias can then be estimated from Eq.(26.b) based on the signal variance o2 and the
obtained value of w.

In practice, the dynamic bias was typically calculated using the expression in Eq.(22) originally derived
by Harms [16] which only requires the signal’s variance as an input. Nevertheless, this expression
considered symmetry of the amplitudinal displacement in relation to the mean and neglects the influence
that the temporal distribution has on the dynamic bias. In contrast, the proposed model now incorporates
the temporal aspect to predict this error more accurately. The temporal distributions of the previously
modulated signals were estimated using the centroid method, the dynamic bias was then calculated using
EQ.(26.b). Next, we subject Harms’s model and the proposed model to a 1:1 comparison in relation to the
ideal error, this is assessed for the three types of signals using a contrast attenuation value of A = 2. The
results of Harms’s model are plotted against the true dynamic bias in Fig.9a; ideally, the prediction
should lie close to the identity line. Similarly, the 1:1 comparison of the ideal and the proposed model is
depicted in Fig.9b. The results show that Harms’s predictive model broadly deviates away from the
identity line for all three signal types, while the proposed model closely maps the results of the triangular
and sinusoidal signals along the identity line, and the results from the rectangular signals match perfectly
as it would be expected. Moreover, the models accuracy can be further evaluated by estimating the root
mean square error (RMSE); this parameter quantifies the predictive power of a model in relation to the
data samples. We will define the RMSE as

1 N
- _E 5 — 2 Eq.(40
RMSE J T n(Aan Aa,)?, q.(40)

where A@ denotes the implemented model, Aa,, is the ideal dynamic bias, and n denotes the data points in
each signal type analyzed. The RMSE was evaluated for various values of A given that the error increases
with this parameter. The results of the three functions are depicted in Fig.10, this reflect how the
predictability of Harms’s model degrades rapidly with increased A, while the proposed model remains
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within 1% for values of A as large as 3. It is worth mentioning that the proposed model yields an RMSE
of zero for the Rect function, meaning that it perfectly estimates the bias for this signal type since it is the
basis of the model.
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3. EXPERIMENTAL SIGNAL ANALYSIS

The previous sections describe the progression in which the dynamic bias is defined and tested using
simplified temporal signals. However, real life two-phase flows are complex due to their random
turbulent behavior. The dynamic bias of experimental two-phase flow signals is analyzed in this section to
give an idea of how the radiation transmission function deviates from its ideal behavior for various flow
regimes. This is accomplished by converting high-temporal resolution wire-mesh sensor (WMS) signals
along a hypothetical chord into a radiation transmission signal; this procedure was previously
implemented by Manera [23] which showed proper agreement between the gamma densometer data and
the converted WMS signal. It is important to clarify that WMS signals are used as the reference truth due
to their high temporal resolution, on the other hand, actual radiation transmission measurements would
have implicitly contained the dynamic bias that is being investigated.
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The WMS measures the conductivity of the liquid and gas phases mapped over a plane. The temporal
void fraction of the WMS data along the hypothetical chord direction is estimated as

3 Uz li K, t] — Ugli, K]
a(i,t) = KZ( ali, k] — ugli, k] >' Eq.(41)

where 1,; is the average conductivity of the gas-phase , 4, is the average conductivity of the liquid-phase,
Uy, is time dependent conductivity of the two-phase measurement, i and k are the spatially mapped
voxels, and t is the measurement time. In the present study, we estimate the void fraction along the
centerline where i = CL, and is averaged over the pixels along k. The temporal void fraction along the
center line is then input into Eq.(12) to simulate radiation transmission measurement of the ideal function.
The current study focuses on a 1-D arrangement for a point-source and point-detector system. Admittedly,
advance radiation based systems such as computed tomography and radiography systems are spatially
complex, these require expanding the modeling process of multiple individual detectors representative of
these geometries, however this would be a topic for future investigations.

The present research deploys the WMS data belonging to the TOPFLOW facility benchmarked database
obtained and reported by Lucas et al. [24, 25]; the representative flow regimes for this database are
highlighted in Fig. 11. To briefly summarize, the TOPFLOW facility consists of a nominally 195.3 mm
diameter and 8.0 m in length vertical steel pipe. The facility contains 6 injection layers which are
logarithmically spaced away from the WMS plane located in the upper plenum of the facility, each
injection layer is composed of 32 evenly distributed orifices characterized by a 4.0 mm diameter; the
corresponding L/D relative injection distances away from the WMS are [1.4, 2.8, 7.7, 13, 22.9, 39.7]. The
facility’s operational (absolute) pressure is 0.25 MPa. The WMS is characterized by a 64x64 wire
arrangement with a pitch of 3.0 mm between adjacent wires, and a gap distance of 2.0 mm between the
transmission and the perpendicular-receptor layers. The WMS data acquisition was performed with a 2.5
kHz sampling frequency for a duration of 10 seconds. The data used in this study belongs to three flow
regimes and one transitional flow; these are bubbly, bubbly to churn turbulent, churn turbulent, and wispy
annular flow reported by Lucas. The selected datasets corresponds to those with a reported liquid
superficial velocity of 1.017 m/s and with varying superficial gas velocity of [0.037, 0.14, 0.534, 2.038]
m/s in respective order of ascending flow regimes; Table 1 summarizes the selected data sets used in the
present study and these are highlighted in Fig. 11. The dynamic bias behavior for the hypothetical
transmission system was estimated by using sampling periods divisible by the original experimental
sampling period, this being 0.4 ms. The radiation transmission was simulated along the centerline of the
pipe, therefore integrating the spatial void fraction data of the WMS along this chord-length. In this
section, the dynamic bias will be normalized by the contrast attenuation factor A, mindful that the
maximum dynamic bias scales predominantly linearly in relation to 4 < 2, nevertheless, at large values
the behavior deviates from the linear growth. The contrast attenuation factor A for this facility would
correspond to a value of 1.71 for a **'Cs isotopic-source, 1.91 for a **Ir isotopic-source, and 4.07 for an
x-ray source. The integration period required to reach 90% of the asymptotic dynamic bias buildup value
will also be reported for each flow regime in order to give perspective of the corresponding dynamic bias
build time.

Table 1. WMS data sets matrix obtained from Lucas et al. [12].

Case ldentifier Regime Ju Jg Sampling
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[m/s] [m/s] Frequency
[kHZz]
1 074 Bubbly 1.017 0.037 25
2 107 Bubbly to Churn 1.017 0.14 25
Turbulent
3 140 Churn Turbulent 1.017 0.534 25
4 173 Wispy Annular 1.017 2.038 25
Superficial gas velocity Jg[ m/s ] (at 0.25 MPa (absolute))
§ 3 8 g 2 g8 8 £ 8 =z 2@ 3 8 8 8 8
1.611 009 020 031 042 053 064 075 086 097 108 119 130 141 152 163 174 185

1.017 | 008 019 030 041 052 063 j§ 074 | 08 096 | 107 11 129 140 15 162 § 173 || 184

0.641 | 007 018 029 040 051 062 073 0844 095 106 1 128 139 0 161 172 183

0405 | 006 017 028 039 050 061 072 083 094 105 16 127 138 J149 160 171 182

0255 | 005 016 027 038 049 060 071 0824 093 104 § 115 126 137 148 159 170 181

0.161 | 004 015 026 037 048 059 070 081§ 092 103 § 114 125 136) 147 158 169 180

0.102 | 003 014 025 036 047 058 069 080§ 091 102 § 113 124 135] 146 157 168 179

0.0641 | 002 013 024 035 046 057 068 079§ 090 101 § 112 123 134} 145 156 167 178

Superficial water velocity J, [ m/s ]

0.0405 | 001 012 023 034 045 056 067 O078f 089 100 § 111 122 133) 144 155 166 177

Flow regimes: bubbly transition churn Wispy annular
bubbly => turbulent

churn

Fig. 11. TOPFLOW database obtained from and reported by Lucas et al. [24, 25]; highlighted are
the selected datasets for Obubbly, ©bubbly to churn turbulent, = churn turbulent, and O wispy
annular.

4.1 Bubbly Flow

The first regime of interest is the bubbly flow, with a low superficial gas velocity of 0.037 m/s and a
relatively low average void fraction. The parameters of interest are tabulate in Table 2, and are shown in
Fig.12; the time-average spatial void fraction with the black plane representing the transmission centerline
are shown in plot a, the centerline temporal void fraction is plotted in b, and the dynamic bias build up
curves is plotted in ¢ for the various L/D. The spatial void fraction visualizes how the gas is injected and
remains near the wall with a slow cross migration towards the center of the pipe; full migration is
accomplished at the last measurement length L/D = 39.7. The temporal void fraction signals are
characteristically noisy due to the bubble size and quantity, best depicted by the temporal centerline void
fraction. The standard deviation has a gradual increase in relation to the injection length with a max value
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of 3.67% at L/D equal to 39.7. The normalized dynamic bias has a slight increase from the nearest to the
furthest measurement length, however it is too small to attribute it to any effect. The values of Aa/A are
consistently small, below 0.1%, which can be considered negligible. The dynamic bias buildup period
ranges from 58 ms to 141 ms at most from the obtained results, these correspond to sampling frequencies
of 17.24 Hz and 7.08 Hz respectively; The results show that the buildup of the bias is relatively fast,
however it becomes slower at the injection lengths L/D of 7.7 and 13; this is perhaps aided as the gas
migrates towards the center of the pipe and the flow evolves.

Table 2. Bubbly Flow

L/D
1.4 2.8 7.7 13 229 39.7
Parameters
Avg. Void
Fraction 2.29 1.90 2.26 2.82 4.47 6.57
Centerline acy, [%]
Avg. Flow
STD.
3.04 2.90 3.07 3.15 3.59 3.67
Oa,CL [%]
Norm.
Asymptotic 0.04 0.04 0.05 0.04 0.06 0.07
Aa/A [%]
. 90% Buildup
Dynamic Bias Int. Period T [ms] 58 82 135.2 141.2 76 88
Equivalent
Sampling Freq. 17.24 12.2 7.4 7.08 13.16 11.36
f [Hz]
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Fig.12. Analysis of bubbly flow regime: a) time-average spatial void fraction, b) temporal centerline
void fraction, and c¢) dynamic bias build-up curves.
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4.2 Bubbly to Turbulent Churn Flow

The transitional regime from bubbly to turbulent churn has a gas superficial velocity of 0.14 m/s; the flow
analysis is shown in Fig.13 and reported in Table 3. The flow spatial progression shows a faster void
fraction cross migration towards the center of the pipe, with a fully transitioned parabolic profile at L/D
equal to 22.9. The centerline average void fraction shows an overall increase from 10.15% to 23.10%.
The standard deviation increases from 5.06% for the nearest injection length to 7.89% for the furthest
injection length, with the largest value located at L/D equal to 22.9. This effective increase in the standard
deviation occurs as the sharp peaks depicted by the temporal centerline void fraction become more
prominent at increased L/D. The normalized dynamic bias Aa/A increases from 0.13% for the nearest
length to 0.31% for the furthest length. The buildup integration period ranges from 88 ms to 221 ms,
which correspond to sampling frequencies of 11.36 Hz to 4.52 Hz respectively. The results show that the
buildup is the fastest at the smallest L/D, and the buildup of this error tends to get slower with increase in
development length.

Table 3. Bubbly to Churn Turbulent

L/D
1.4 2.8 7.7 13 22.9 39.7
Parameters
Avg. Void
Fraction 10.05 12.90 17.79 17.56 20.74 23.10
Centerline @y, [%]
Avg. Flow
STD.
5.06 5.49 6.51 7.24 8.05 7.89
Oq,cL [%0]
Norm.
Asymptotic 0.13 0.15 0.21 0.27 0.34 0.31
Aa /A [%]
90% Buildup
Dynamic Bias Int. Period 88 178.8 159.2 182.8 187.2 2212
T [ms]
Equivalent
Sampling Freq. 11.36 5.59 6.28 5.47 5.34 452
f [Hz]

24



Journal Pre-proof

a) i

X ! ,}‘u
= g i )
g "\‘\LE*I 4
= ; \\:"\—;\ s 10!

2 time [s] 5 g

S 10 10°

g

g 9

s

° 0.4 -

:g
<

0 T i

s \“’ 500 —— *‘L"/"D 0
(R/D)!, g ><'03 (R/D), Ty [ms] 1000 -« 10 /
Fig.13. Analysis of transition from bubbly to turbulent churn regime: a) time-average spatial void
fraction, b) temporal centerline void fraction, and ¢) dynamic bias buildup curves.

4.3 Turbulent Churn Flow

The second regime of interest is the fully transitioned turbulent churn flow with a gas superficial velocity
of 0.534 m/s; the analysis is shown in Fig.14 and tabulated in Table 4. The time-average spatial void
fraction shown in a) depicts how the gas phase has an increased cross migration at L/D of 7.7. The
centerline void fraction steadily increases from 12.38% from the nearest length to 44.56% at the furthest
length along the centerline, the standard deviation increases from 6.06% to 11.02% respectively
representing a surge in fluctuations with increased distance, best depicted by the temporal centerline
signal shown in Fig.14b. The value of Aa /A increases from 0.19% for the nearest length to 0.61% for the
furthest length, with its maximum value of 0.71% located at an L/D of 22.9. The dynamic bias buildup
integration period ranges from 95 ms to 196 ms, corresponding to sampling frequencies of 10.5 Hz and
5.1 Hz. The buildup is faster near the closest injection length, and tends to get slower with increased

injection length distance L/D.
Table 4. Churn Turbulent

L/D
14 2.8 1.7 13 22.9 39.7
Parameters
Avg. Void
) Fraction @, [%] 12.38 16.94 33.94 38.74 41.46 44.56
Centerline
Avg. Flow STD.
6.06 9.22 11.20 11.27 11.77 11.02
0a,cL [%]
Norm.
Asymptotic 0.19 0.43 0.65 0.65 0.71 0.61
Aa /A [%]
Dynamic Bias 3
90% Buildup
Int. Period 95.2 155.2 158 156 176 196
T [ms]
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Fig.14. Analysis of turbulent churn regime: a) time-average spatial void fraction, b) temporal
centerline void fraction, and c) dynamic bias buildup curves.

4.4 Wispy Annular Flow

The last regime investigated was the wispy annular flow with a gas superficial velocity of 2.038 m/s; the
results are presented in Fig.15 and tabulated in Table 5. The spatial void fraction shown in a) further
demonstrate how the gas phase promptly migrates towards the center of the pipe at L/D equal to 7.7. The
centerline average void fraction increases from 39.89% at the nearest length to 70.32% at the furthest
length, and the standard deviation ranges from 6.70% to 8.24%. The normalized dynamic bias Aa/2
varies across the measurement lengths from 0.22% at the nearest length to 0.32% at the furthest length,
with the largest value of 0.34% at L/D equal to 2.8. The buildup integration period is 145.2 ms for the
nearest length and 235.2 ms for the furthest length, corresponding to sampling frequencies 6.9 Hz and
4.25 Hz respectively. Similar to the previous flow regimes, the buildup is the fastest at the nearest
injection length and tends to become slower with increase in injection length. This flow regime has
overall the slowest buildup in comparison to the other flow regimes.

Table 5. Wispy Annular Flow

L/D
1.4 2.8 7.7 13 22.9 39.7
Parameters
Avg. Void
_ Fraction @, [%] 39.89 46.04 65.22 66.65 68.95 70.32
Centerline
Avg. Flow STD.
6.70 8.26 7.62 7.81 7.55 8.24
0,1 [%]
Norm.
Dynamic Bias Asymptotic 0.22 0.34 0.28 0.29 0.28 0.32
Aa/A [%]
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Fig.15. Analysis of wispy annular flow regime: a) time-average spatial void fraction, b) temporal
centerline void fraction, and ¢) dynamic bias buildup curves.

4.5 Signal Characteristics

To develop a more accurate dynamic bias expression, a method was formulated in section 3.3 to simplify
complex signals into a two-component rectangular signal model which preserves the original signal’s
average void fraction and variance. As reminder to the reader the active and passive amplitudinal
displacement are denoted as &t and £~ respectively. The temporal distribution w describes the fraction of
time in which the signal is active, while (1 — w) dictates the fraction of time the signal is in the passive
phase. In this section we further analyze the results obtained for the WMS data across different flow

regimes.

The relation between the signal variance and the average void fraction is shown in Fig.16a. Here the
general trend shows an increase in variance with increase in average void fraction for the regimes ranging
from bubby to churn turbulent flow, however, the variance does not significantly change for the wispy
annular regime. Fig.16b compares the active and passive amplitudinal components, in which the identity
line represents equidistant or symmetric conditions between these components. The bubbly and bubbly to
churn turbulent flows are characterized by their prominent active amplitudinal component, the churn
turbulent flow falls closer to the identity line yet favors the active component, while the wispy annular
regime lies around the identity line and is observed to have slightly more prominent passive components.
Fig.16¢ depicts the temporal portion of the active component and compares it to the void fraction. The
clusters representing the different regimes show that the temporal distribution does not significantly
change, except in the case of the bubbly flow regime which does show an overall increase in active phase
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duration. Overall, the regime progression shows a tendency to approach a symmetric temporal and
amplitudinal distribution. Lastly, Fig.16d compares the areas underneath the active phase and passive
phase; the addition of these areas represents the average void fraction, therefore it quantifies which phase
has the most significant contribution. As it would be expected, the active phase is consistently the primary
void fraction source; nevertheless, the data for bubbly to churn turbulent regimes also shows that there is
equitable contributions between the active and passive phases for this regime.
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Fig.16. Experimental signal characteristics and components derived from the temporal distribution
model. a) variance vs average void fraction, b) active and passive amplitudinal displacements, c)
temporal distribution vs average void fraction, and d) equivalent active vs passive void fraction
areas.

The objective of this discussion is to add another layer of understanding to the phenomena being
investigated. Generally, the standard deviation of the signal quantifies the spread of the data away from
the mean and whose bounds are typically assumed to be symmetric. However, there are instances where
these fall out of range and do not fully capture the characteristics of the signal. Here we introduce
additional components which enhance in a simple manner the analysis of these complex signals.

4.6 Dynamic Bias Results

The relation between the dynamic bias and the centerline variance for the investigated flow regimes are
shown in Fig.17 for a A = 1, the regimes are identified by individual markers and the color represents the
average void fraction of the centerline signal. The dynamic bias strongly follows a linear scaling in
relation to the signal’s variance, the magnitude of all the signals analyzed remains below 1% for A = 1;
however, considering the turbulent churn regime and based on the scaling of the TOPFLOW paired with a
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BCs isotopic-source can result in a void fraction error of ~1.3% and an x-ray source can result in a
~3.3% error.

The analysis comparing the ideal dynamic bias to Harms’s model, and the proposed temporal distribution
model are shown for each flow regime in Fig.18; Harms’s model is shown as the red scatter dots, while
the proposed model is shown in the black scatter dots, these are plotted along with the bias identity line.
The results show that both models lie near the identity line, the proposed model falls closer to the identity
line, this is most noticeable in the bubbly to churn turbulent and churn turbulent regimes; this is further
shown in zoomed plots of the bubbly regime shown in Fig.18a. Analogous to the analysis performed in
section 3.3, the RMSE was also estimated to compare the models prediction as a function of contrast
attenuation factor A for the studied flow regimes, the results are presented in Fig.19. The RMSE grows
exponentially with A, nevertheless it is considerably small throughout the flow regimes analyzed.
However, comparing Harms’s model and the proposed model shows that the latter has higher accuracy
given that its RMSE magnitude is consistently below Harms’s model for all cases. the RMSE percentage
decrease for the proposed model relative to Harm’s for the range of A improves by 50% to 58% for the
bubbly regime, 40% to 59% for the bubbly to churn transitional regime, 36% to 56% for the churn
regime, and 15% to 56% for the wispy annular. This affirms that approximating the temporal distribution
of the flow improves the estimation of the dynamic bias.
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Fig.17. Dynamic bias relation to the experimental signal variance for A=1.
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4. CONCLUSIONS

The present study demonstrates that the dynamic bias in void-fraction measurements carried out using
radiation transmission techniques is caused by an error buildup that occurs in the temporal integration of a
time-varying exponential transmission function intrinsic to radiation detection measurements. A new
analytical expression describing the dynamic bias was derived based on rectangular pulses. This new
definition considers the effects that the temporal distribution w, the amplitudinal distribution &, and the
attenuation contrast factor 4 have on the dynamic bias; the latter is a dimensionless parameter that is
determined by the radiation trace-length through the flow region, as well as the liquid and gas linear
attenuation coefficient which is dependent on the elemental composition of the working fluids, the type of
radiation and its energy. The dynamic bias expression previously derived by Harms et al. [16] only
focused on the amplitudinal component and assumed temporal symmetry, this expression is also
encompassed in the new analytical definition. The rectangular pulse model serves as the ideal function to
characterize the behavior, evolution, and the outermost limits of the dynamic bias. In addition, an
expression for the critical temporal distribution which yields the largest dynamic bias was derived; this
expression can be helpful in determining an experimental setup’s susceptibility to the dynamic bias.

Next, numerical modeling following radiation transmission of simple void fraction signals was used to
validate the methodology; the signals used include rectangular, sinusoidal, and triangular shaped pulses
which were manipulated by modifying the duty cycle or full width half max such that it yields the
predetermined average void fraction. The dynamic bias was then estimated from the simulated
transmission signals, the detector integration window was varied in relation to the signal period. This
showed that the dynamic bias builds up whenever the detector integration period is smaller than the
phenomena period, and it reaches an asymiptotic value when the detector period becomes equal or larger
than the phenomena period. The buildup is shown to be reduced at fast sampling rates, given that under
these conditions the flow appears to be moving slowly in respect to the detector measurement period. The
asymptotic values of the dynamic bias obtained using 50% void fraction applied to the rectangular and
sinusoidal signals matched to those reported by Andersson et al. [17] which validates the numerical
modeling performed in this study. Additionally, the results obtained from the rectangular pulsed signals
match the analytical results previously derived.

A method was developed to simplify arbitrary signals into an equivalent rectangular two-component
model which preserves the average void fraction and the original signal’s variance; the two-components
refer to an active phase and a passive phase. The goal was to approximate the temporal distribution of the
signal and from this, estimate the dynamic bias from the previously derived analytical expression. The
dynamic bias prediction was compared for the three simplified signals between Harms’s model and the
proposed model. The results showed improvement in the dynamic bias prediction by the proposed model,
which reinforces the importance of including the effects that the temporal distribution has on the dynamic
bias.

In addition, experimental signals for bubbly, churn turbulent, and wispy annular flow regimes obtained
from the TOPFLOW facility [24] using WMS sensors were used to simulate radiation transmission
measurements of said flow regimes, and the associated dynamic bias was analyzed. The dynamic bias was
less than 1% at a contrast attenuation factor of A = 1 for the experimental flow regimes analyzed; the
churn turbulent flow regime had the largest bias due to its inherently larger signal fluctuation. The values
of TOPFLOW facility’s contrast attenuation factor A are 1.71 for a **’Cs isotopic-source, and 4.07 for an
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X-ray source; this can result in a bias magnitude of ~1.3% for a **’Cs and ~3.3% for an x-ray source.
Harms’s and the proposed models were used to predict the dynamic bias of the experimental signals; the
results found both models to have adequate performance, with the proposed model consistently presenting
more accurate results. The 90% bias buildup period for the bubbly regime ranged from 58 ms to 141 ms,
for the bubbly to churn turbulent transition was 88 ms to 221 ms, for the churn turbulent regime it was 95
ms to 196 ms, and for the wispy annular regime it was 145 ms to 238 ms; the fast buildup occurs at short
injection lengths where the flow has not fully developed, this error tends to buildup slower at further
injection distances in which the flow has been fully developed. It is also worth noting that the fast-range
buildup becomes slower as the flow conditions transition from bubbly to wispy annular. Although the
dynamic bias was not significant for the experimental signals analyzed, it is recognized that transient plug
flows with large variance can increase the influence of the dynamic bias.

In order to minimize the undesired effects of this error, it is recommended to perform high-speed
measurements while striking a balance in terms of radiation counts per frame for statistical certainty by
choosing a detector system capable of fast acquisition paired with a strong radiation source to obtain
adequate radiation statistics. From the flow condition aspect, this error will build up slower at low flow
rate conditions, and will worsen with increase in flow rate, in addition to the development state of the
flow as previously mentioned. Additionally, the size of the flow region should be carefully designed in
consideration of the liquid and gas phase elemental composition to maintain a moderate contrast
attenuation factor to distinguish the two phases while maintaining a small dynamic bias. External
experimental materials (i.e., such as insulator, experiment housing, etc.) do not contribute to the dynamic
bias, however, these reduce the available photon flux used for measurements, therefore it is suggested to
use low-Z materials if possible or a strong source to avoid photon starvation. The presented study is
representative of a single detector element; however, it lays the foundations for more complex radiation
imaging systems comprised of several detector elements such as computed tomography and radiography
systems. Concern is raised in the case of computed tomography measurements in which this error
becomes embedded into the void fraction reconstruction through the algorithms implemented to perform
imaging reconstruction; the effects from this should be subject of further investigation. Pairing of
secondary measurement instrumentation such as WMS and needle probes can assist in determining the
flow variance and temporal distribution to help approximate the dynamic bias magnitude intrinsic to the
radiation transmission system and ultimately perform corrections if deemed significant.
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Appendix
A. Triangular Signal

The triangular pulsed signal can be described using piece wise temporal functions. The definition of w
represents the full width half max (FWHM) of the gas phase which in this case is equivalent to half of the
pulse duration. In the present work, two separate definitions are used to generate the temporal void
fraction functions, the first is used when the desired average void fraction is lower than %. Here, the gas
is pulsed with a maximum peak-to-peak amplitude & for the range 0 < w < 1/2. Therefore, the liquid
phase can be described as the remaining passive phase whenever the pulse is over. The signal can be
defined by the piecewise relations as

Ew

— for0<w=<uw

ag(w,$) = { Eq.(A.1)

w
E(Z—%) forow <w < 2w

k 0 otherwise
The variable w is used to sift through the signal cycle and the subscript G denotes the gas pulse. The
average of the signal is obtained from the piecewise sections and can be expressed as

_ 3 wa 2w w

ac(w,&) = fo - dw + jw £ (2 —5) dw Eq.(A2.9)
ag(w,§&) = éw. Eq.(A.2.b)

The variance of the gas pulse can then be defined as

w fW B 2 2w w ~ 2

02, = fo (;— aG> dw + L (E [2 _E] - aG) dw Eq.(A.3.2)

2 2
o2, = 53 Q242 Eq.(A.3.b)

The second definition of the triangular signal occurs in the case where the liquid phase is pulsed, and the
gas phase is dominant. To remain congruent, the FWHM of the liquid pulse is defined as (1 — w),
therefore the gas phase FWHM is defined 1/2 < w < 1; the temporal void fraction in this case is defined
as:
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1—% for0<w<(1-w)
a,(w,w,§&) = 5(L_ 1) for (1— ) <w < 2(1 — w)’ Eq.(A.4)
1-w
3 otherwise

where the subscript L denotes liquid pulsed phase. The average void fraction is obtained following the
process expressed in Eq.(A.2.a), this case simplifies to:

(1-w) 2(1-w)
aL(w,5)=f 1—W—€dw+f E[L—l]dw
0 1—w (1-w) 1—-w
1 Eqg.(A.5.a)
+ f Edw
2(1-w)
a(wé)=1-w-§+2%w Eq.(A.5.h)
The associated variance of the liquid pulse is
5 (1-w) wé ~ 2
Uac(wrf) —J;) (1—m—a6) dw
+ f(1—w) (f [m - 1] N aG) dw Eq.(A.6.a)

1
+ fz (& —ag)?*dw,

(1-w)
2 4 2 16 2 2 2 2,2
04, (w,§) =¢ —§f +w—5&w +?f w— w*+ 4w —4&°w”. Eq.(A.6.b)
Putting it all together, the triangular pulse applied in this study is defined as

1
acgw,w, &) for 0<w< >

arri(w,§) = 1 Eq.(A.7)
a,(w,w, &) for 5 <w<1

B. Sinusoidal Signal

The sinusoidal pulse or signal can also be described using piece wise temporal functions. Similarly, to the
case shown in Appendix A, the gas is pulsed with a peak-to-peak amplitude & for a duration twice the
FWHM. The signal can be described by the piecewise relations as

13 w

ag(w) = {E [cos (n [5 + 1] ) + 1] for 0 <w <20 Eq.(B.1)
0 otherwise

The average void fraction is

g (w, &) = fo ng |cos (n [g +1] ) +1] dw, Eq.(B.2.a)
ag(w,§) = wé. Eq.(B.2.b)

The variance of this gas pulse is
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aozlc(w, &= LZw (g [cos (n [g + 1] ) + 1] —a6>2 dw + L;aGZ dw Eq.(B.3.a)
04, (w, &) = # — 202 Eq.(B.3.b)

Similarly as before, the liquid pulse is described based on the FWHM duration of the gas phase, this
being (1 — w) throughout the range of 1/2 < w < 1; the piecewise function is then

aL(w)={§ [cos(ltww)q-l] for OSWSZ(l—w)_ Eq.(B.4)
& otherwise

The average void fraction is

a,(w,§) = J;

1

Z(M)f[ ("W)+1]d +f £d Eq.(B.5.2)
= |cos w w, q.(B.5.a
2 1—0), 2(1-w)

a,(w,§) =wé. Eq.(B.5.b)

and the variance is defined as

o= [ E o) o)) e

1 Eq.(B.6.a)
+  g-ayam
2(1-w)
S5w—-1
0, (w,§) = &2 [ a)4 — a)z] Eq.(B.6.a)
The piecewise sinusoidal function implemented in this study is
1
ag(w,w, &) for 0<w£§
Asine(w,§) = Eq.(B.7)

1 .

a,(w,w, &) for 3 <w<1
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