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Compared with experimental data of pressure drop of gas-liquid two-phase upward flow
with low gas-liquid ratio in vertical pipe, the mean relative error of pressure drop predicted
by Orkiszewski’s model is 63.62%, the maximum relative error of the model is 98.07%.
This paper first introduces the process of acquiring experimental data, then, combined with
the experimental data, it is pointed out that the Orkiszewski’s model has a small error in
predicting the annular-mist flow pattern, but a large error in predicting the slug flow pattern
and annular-slug transition flow pattern. The author analyzes the structure of Orkiszewski’s
model and points out that the formula of liquid distribution coefficient in slug flow pattern
is complex and very important. In this paper, a new threshold value of liquid distribution
coefficient is proposed and an improved Orkiszewski’s model is obtained by particle
swarm optimization. The calculated results of experimental data show that the average
relative error of the new model is reduced to 25.28%, and the average relative error of the
new model can be reduced from 76.17% to 17.21% for the slug flow pattern with

continuous oil phase and total flow velocity greater than or equal to 3.048m/s.

1. INTRODUCTION

Effective prediction of pressure drop of multiphase pipe
flow is an important theoretical basis for design and analysis
of oil and gas wells. Much research has been carried out [1-4]
in the field. As we all know, Orkiszewski's model is a
representative prediction model for pressure drop of
multiphase flow in vertical pipe based on flow regime division.
The model is obtained by optimizing and combining multiple
models. such as Grifitth [5] and Duns [6]. Orkiszewski's
calculation of data from 148 actual wells showed an average
error of -0.8% [7]. The model is widely accepted [8-19].
Pourafshary et al. [8] obtained the multiphase flow simulator
of composite wellbore/reservoir by combining reservoir
simulator and wellbore simulator, The Orkiszewski’s model is
a branch algorithm of the simulator. Li et al. [9] combined the
traditional multiphase flow correlation with artificial neural
network to obtain a prediction model with a new structure.
Orkiszewski’s model is also a branch algorithm of the
simulator. Abd El et al. [10] analyzed the prediction accuracy
of the correlation relation in different well conditions and
pointed out that in some well conditions, the predicton error of
Orkiszewski’s model was the least. Al-Ruhaimani et al. [11]
analyzed the influence of high liquid viscosity on flow pattern,
pressure gradient and liquid holdup of Orkiszewski’s model.
Akinsete and Adesiji [12] pointed out that Orkiszewski’s
model is very popular and widely used. Waltrich et al. [13]
compared the prediction errors of a variety of prediction
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models based on experimental data, indicating that the average
relative error of Orkiszewski’s model on some data exceeded
50%. Opoku et al. [14] pointed out that Orkiszewski’s model
is especially suitable for situations with large fluctuation range
of gas-liquid ratio, such as gas-lift process. Luo et al. [15],
Chaari et al. [16] pointed out that Orkiszewski’s model
contains a large number of parameters, and it is reccommended
not to exceed the application range. Al Shehri et al. [17]
pointed out in 2020 that the Orkiszewski’s model is still an
important and widely accepted pressure drop prediction
formula. Bogachev et al. [18, 19] regard Orkiszewski’s model
as an optional algorithm of solver.

The calculation results based on experimental test data show
that the average relative error between the pressure drop
predicted by Orkiszewski’s model and the measured pressure
drop is 63.62%, and the average relative error reaches 76.17%
for the continuous oil phase slug flow pattern. Therefore, it is
necessary to further study Orkiszewski's model to improve the
prediction accuracy of pressure drop.

This paper first introduces the process of acquiring
experimental data, analyzes the structure of Orkiszewski’s
model, and points out that the calculation process of liquid
distribution coefficient is very complicated and very important.
Then a new calculation method of liquid distribution
coefficient is proposed and a new model is obtained. The
experimental results show that the new model reduces the
average relative error to 25.99%.


https://crossmark.crossref.org/dialog/?doi=10.18280/ijht.400103&domain=pdf

2. EXPERIMENTAL DATA ACQUISITION

Experimental data are from the multiphase flow
experimental platform, and the components of the platform
equipment are shown in the Figure 1.
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Figure 1. System construction drawing (Meaning of codes, 1.
oil inlet; 2. water inlet; 3. oil-water mixing tank; 4. liquid
pump; 5. pressure gage; 6. regulating valve; 7. moisture
content meter; 8. fluid flowmeter; 9. regulating pressure
valve; 10. gas and liquid mixer; 11. drain pipe; 12. quick
shut-off valve; 13. differential pressure pickup; 14. stainless
steel barrel part; 15. glass steel tube observation section; 16.
Valve; 17. gas-liquid separator)

The experimental scheme is described below. The inside
diameter of vertical pipe is 75 mm. The liquid volume flow
consists of 10, 15,20,30,40,50 m3/d (Water cut is 0%). Gas
liquid ratio consists of 50,100,150,200,300m?*/m>. The
temperature range during the experiment is between 27
degrees Celsius and 29 degrees Celsius. The fluid medium is
air and 5# white oil. There are 30 groups of experimental data.

During the experiment, first control the gas flow and liquid
flow as close as possible to the design value according to the
experimental design scheme. When the system runs smoothly
enough, record the flow pattern (naked eye recognition), close
the quick shut-off valves, and place the pipe in a horizontal
position. When the oil/gas interface is stable, record the liquid
height from the observation part of the glass steel cylinder, and
convert the height to the liquid holdup.

Then, the recorded data include: liquid flow, liquid holdup,
gas flow, temperature, pressure drop, flow regime.

3. ANALYSIS OF ORKISZEWSKTI’S MODEL

The prediction process of Orkiszewski’s model [5, 20, 21]
is shown in the Figure 2.

Classify data by flow regime according to flow regime rules.

The measured data is taken as the ordinate and the predicted
value as the abscissa to make a comparison, as shown in Figure
3.
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Determine the pressure P and temperature T, calculate the corresponding fhuid
physical property parameters and flow parameters, and the corresponding flow

regime boundary.

¥
Determine the flow regime ‘

Annular-Mist flow. Calculate the gas holdup, average
density, friction gradient

Annular-Slug transition flow.

calculate average density and friction gradient according to
the slug flow and Annular-Mist flow respectively, and then
interpolate.

Slug flow. Caleulate slippage velocity, liquid distribution
coefficient, average density and friction gradient

Bubble flow. Calculate the gas holdup, average densiy,
friction gradient

Figure 2. Simple prediction scheme Orkiszewski's model
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Figure 3. Comparison between measured pressure drop and
predicted pressure drop

In Figure 3, black diamond corresponds to slug flow regime,
blue star corresponds to annular-slug transition flow regime,
red pentagram corresponds to annular-mist flow regime, and
the line segment from bottom left to top right corresponds to
the locus of points where the predicted pressure drop is equal
to the test pressure drop. it should be noted that no point
corresponds to bubble flow regime. Obviously, red pentagram
has small error, but black diamond and blue star has fairly big
error. It is noted that the pressure drop prediction model of
annular-slug transition flow regime is weighted average by the
prediction model of slug flow regime and the prediction model
of annular-mist flow regime, therefore, it is very important to
improve the prediction accuracy of pressure drop of slug flow
regime.

Perform quantitative analysis on the data in Figure 3. Firstly,
define relative error as Eq (1):



mv — pv
mv

er = x100%

(1)

where, mv represents the measured value, MPa; pv represents
the predicted value, MPa; || means take the absolute value
operation.

The mean of the relative error of the experimental data
points is called the mean relative error, denoted as Mer. For
Figure 3, Mer is 63.26%, it indicates that the prediction error
of pressure drop is fairly big.

In the slug flow pressure drop prediction model, the
calculation process of liquid distribution coefficient is the
most complex, as shown in Figure 4.

The complexity of calculation process shows the
importance of liquid distribution coefficient, so we can try to
improve the prediction model from the perspective of liquid
distribution coefficient.

| liquid distribution coefficient Cp |
|

y L]
o1l phase continuous | water phase continuous |
W_I_V '_;V
sum velocity sum velocity sum velocity sum velocity
<3.048m's =3.048m's <3.048m's =3.048m's
| formula 1 | | formula 2 | | formula 3 | | formula 4 |
¥ ¥ ¥ ¥
if Co=h’ if Co=ha if Cp=tvs if Co =tvy
output Co; output Co; output Co; output Co;
else else alsa alsa
Calculate Calculate  Cp Calculate Cp Calculate Cp
according to the | | according to the according to the according to the
new formula 1 new formula 2 new formula 3 new formula 4

*  tvirepresents the i th threshold value

Figure 4. Calculation process of liquid distribution
coefficient Cy

4. IMPROVEMENT AND VERIFICATION OF LIQUID
DISTRIBUTION COEFFICIENT

In the experimental data, the water cut is 0%, which belongs
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to the continuous oil phase. Sixteen data points are identified
as slug flows by the Orkiszewski's model, among which 12
data points have a total velocity greater than the threshold of
3.048m/s. Therefore, in this paper, the improvement of the
prediction model of pressure drop of slug flow pattern in
Orkiszewski's model mainly focuses on Formula 2 and
threshold 2 in Figure 4.

For slug flow in Orkiszewski’s model, when the oil phase is
continuous and the total flow rate is greater than or equal to
3.048m/s, the calculation formula of the liquid distribution
coefficient is as follows Eq (2) [6, 7]:

C, =[0.00537x log, (1000 +1)]/ D™
+0.455+0.569x log,, D - (log,, v, +0.516){[0.0016 x log, (1000 +1)]/ D***
+0.722+0.63l0g,, D}

)

where, 1 represents liquid viscosity, Pa®s; D represents pipe
Inner Diameter, m; w represents total velocity of gas-liquid
mixture, m/s.

The 2_th threshold value tv, is as follows Eq (3):

A
gttt
Q+V,A o)

if Co<tv,
then set Co=tv,

3)

where, tv; represents the 2 th threshold value; vy represents
slippage velocity, m/s; A represents pipeline sectional area, m?;
O represents total volume flow, m?/s; p, represents average
density of gas-liquid mixture, kg/m?; p; represents density of
liquid, kg/m?>.
Make the following changes:
tv, =k -tv, (4)
if Cy < tv,
thenset C, = tv,

where, k is scale factor.

The following figure shows the influence of different values
of k on the predicted pressure drop under the slug flow pattern
and on the overall experimental data.

k =1.00, Mer = 63.62%
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Figure 5. Comparison diagram of prediction effect corresponding to different k values (The title of the figure is k£ value and
corresponding mean relative error)

In Figure 5, the total flow velocity corresponding to the data
points in the left figure is greater than or equal to 3.048m/s,
and both are slug flow patterns. It is easy to see that when
k=0.3, the new model improves the predicted pressure drop the
most, and the average relative error decreases to 17.21%, and
the average relative error decreases by about 59%. The figure
on the right shows the comparison of the prediction effect of
the new model when £ is taken with different values. It is easy
to see that when £=0.5, the average relative prediction error is
the smallest, which is 34.98%, decreasing by 29%.

In Figure 5, the optimal value £=0.3 corresponding to the
left figures is inconsistent with the optimal value £=0.5
corresponding to the right figures, because as shown in Fig. 4,
The Orkiszewski’s model under the annular-slug transition
flow regime uses the prediction formula of slug flow regime,
and the improved fluid distribution coefficient for the slug
flow regime will affect the pressure drop prediction effect of
annular-slug transition flow regime.

5. ANOTHER WAY TO IMPROVE THE LIQUID
DISTRIBUTION COEFFICIENT

It is similar to the improvement method made in formula (4),
for slug flow with continuous oil phase and total flow velocity
greater than or equal to 3.048m/s. For continuous oil phase
with total flow velocity less than 3.048m/s, introducing scale
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factor £0=0.1 for threshold value. For annular-slug transition
flow regime, continuous oil phase, the total flow rate is less
than 3.048m/s, introducing scale factor £0’=1 for threshold
value. For annular-slug transition flow regime, continuous oil
phase, the total flow rate is greater than or equal to 3.048m/s,
introducing scale factor £’=0.55 for threshold value.

Mer = 25.99%

25
2
2 o
=]
@
= 20 5
2 <
>
@
1=
=%
T 15 o ¢
1=
T
E#' 2 ’
Z 10 b
= * 70
= %
b | ¢ SLUG
2 # "L + ANNULAR-SLUG TRANSITION
=S| * % “ ANNULAR-MIST
0
0 5 10 15 20 25
Predicted pressure drop
kPa

Figure 6. Multi-scale factors improved model prediction
effect drawing



When £0=0.1, k0°=1, £/=0.2 and £’=0.55, the prediction
effect of the improved Orkiszewski’s model is shown in the
Figure 6.

The average relative error of the new model is 25.99%.
Compared with the original model, the average relative error
decreased by 50.18%.

6. OPTIMIZATION
COEFFICIENTS

OF PROPORTIONAL

The objective function to be optimized is:

min Mer(k,k’,k0,k0"
0.05<k<13
0.05<k’<1.3
0.05<k0<13
0.05<k0'<1.3

Standard particle swarm optimization (PSO) algorithm is
adopted, and its pseudo-code is shown in Figure 7.

Procedure PSO
For each particle i
Initialize position X; and velocity V, for particle i
Evaluate particle i and set pBest;=X;
end for
gBest=min{pBest;}
Jfor k=I to max_gen
fori=ItoN
update the velocity and position of particle i
ford=ItoD

Vi =wxV +cx rand 1 x p Best [ — X[ )
+6; % rand 2{ x( g Best { — X7 )

p— | i e
7 —mml _,=max-|‘—lza_,=ll_- }}

Vo
XP = X7+
end for
Evaluate paticle i
if fit( X;) < fit( pBest; )
DBest;= X,
if fit( pBest, ) < fit(gBest)
gBest=pBest;
end for
end for
print gBest

end procedure

Figure 7. Pseudo-code of standard particle swarm
optimization

where,
N: population size
max_gen: maximum generations
k: generation counter from 1 to max gen
i: particle’s id counter from 1 to N
pBest;: the best previous position of the it particle
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gBest: the best position discovered by the whole population

d: dimension

X{: it particle’s d dimension’s value of position

V& ith particle’s d” dimension’s value of velocity

w: inertia weight (wy = 0.9, w; = 0.2)

c1=c>=2: learning factor

rand1¢, rand2¢: random numbers in the range [0, 1]

The optimized parameters are: k=0.05, k0=0.25, k’=0.678,
k0’=0.845, The average relative error of the new model is
25.28%. The prediction effect is similar to that of the model in
section 5.

7. CONCLUSIONS

(1) Based on the experimental data of vertical pipe upward
multiphase flow, the prediction error of the improved
Orkiszewski’s model decreases to 25.28%, while the original
form is 63.26%.

(2) In this paper, the threshold value in Orkiszewski’s model
is improved by introducing the scale factor, However, the
author did not analyze the reasons behind the phenomenon.
The next step is to study the mechanism behind the
phenomenon.
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