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27 56.26 [ 0.6541 43.11 -28.6 | 10120 14.49 | 2372.166
28 57.3 | 0.6851 4494 | -9.965 8372 12.54 | 1886.848
29 56.27 | 0.6544  43.13 | -28.39| 10180 14.01 | 2268.746
30 5728 | 0.6842 | 44.89 | -10.22 8398 12.14 | 1807.463
31 56.17 | 0.6515 | 4295| -30.42 9184 1595 2671.94
32 57.17 | 0.6805  44.67 -12.6 7592 13.88 | 2148.688
33 56.17 [ 0.6514 | 42.95 -30.4 9232 15.41 | 2559.392
34 57.14 | 0.6803 [ 44.66 | -12.15 7620 13.44 |1 2054.316
35 56.52 | 0.6617 | 43.56| -23.43 8602 14.52 | 2331.488
36 56.03 [ 0.6474 | 4271 | -33.17 9569 15.72 | 2635.426
37 57.05| 0.6775 | 44.49 | -14.08 7960 13.46 | 2073.842
38 56.52 | 0.6618 [ 43.56| -23.46 8597 14.68 | 2361.171
39 5652 0.6617 | 43.56( -23.45 8640 14.29 | 2287.376
40 56.52 | 0.6617 [ 43.56 -23.4 9108 13.95 | 2219.807
41 56.53 | 0.6619 | 43.57| -23.44 8275 15.32 | 2499.151
42 56.71 [ 0.6673 | 43.89( -20.54 8261 14.19 | 2267.329
43 56.39 | 0.6577 | 4332 | -25.55 9068 14.84 | 2418.469
44 56.17 | 0.6515 | 42.95| -29.76 9137 15.86 | 2641.978
45 5692 0.6735| 4425 -16.84 8249 13.6 | 2127.423
46 56.51 | 0.6613  43.53 | -23.67 8615 14.52 | 2332.33

Table 3-2: Experimental results for the seven objective responses.

A step by step guide on how the HYSY'S simulations are executed and how the results are achieved
is given in Appendix 1.1 — HYSYS Experiment Procedure.

The goal is to be able to create a linear regression model for each objective, which can be used to
predict the variable values in different cases and at the same time minimise the power consumption
for the separation process. Two main cases are set up for investigation — one focusing on the gas
export and one for the oil export.

Case 1 Case 2

Minimise power when: Minimise power when:
HC dew point < -2 [C] HC dew point <-2 [C]
Wobbe index < 58.2 [MJ/m’]

HHV < 46 [MJ/m’] RVP < 12 [psia]

SG <0.7 [rel_to_air]

Table 3-3: Overview of desired optimisation cases.

3.1.2 Data Processing

Intelligent and easy accessible calculation software is needed to handle and process the large
amount of data from the simulations. Through supervision from the Ramboll supervisor, Python
programming language was chosen. Python is a free distributed add-on and there are several options
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for the environmental development interface. In this case Spyder was used, it has advanced editing,
interactive testing, debugging and introspection features.

The data is listed in an Excel CSV-file to simplify the document format, so no disturbances occur
when retrieving the data from the file in the program. The simulation combination values are listed
with their respective results in columns. Before starting to create the code for the linear regression
models, the needed libraries and scientific packages are included or imported in the beginning of the
code script. In order to create the regression models in Python, the module statsmodels is used
among other. It gives an overview of the importance, by P > | t |, of the coefficients for each
possible variable and their interactions. Several coefficients can be excluded from the models, since
they have no or an insignificant influence. A method called backward elimination. An example of
the HHV regression model is given in Figure 3-2 and Figure 3-3. Figure 3-2 shows, in the blue
box, the start conditions for the model with coefficients for every possible variable, variable
interactions and second order terms.

OLS Regression Results

Dep. Variable: HHV  R-squared: 2.999
Model: OLS  Adj. R-squared: 9.998
Method: Least Squares F-statistic: 1356.
Date: Thu, @7 Aug 2014 Prob (F-statistic): 4.29e-33
Time: 12:08:03  Log-Likelihood: 97.584
No. Observations: 46  AIC: -153.2
Df Residuals: 25 BIC: -114.8
Df Model: 20

coef std err t P>|t| [95.0% Conf. Int.]
Intercept 41.3282 7.761 5.325 2.0e00 25.345 57.312
Expander 2.1531 2.023 6.637 e.eee 0.106 2.201
Reboiler 2.80976 8.e21 @.360 8.722 -@.e36 2.e51
Seperator 2.9581 2.807 1.188 2.246 -8.704 2.620
Booster -8.1342 8.177 -8.760 2.454 -0.498 2.229
TEG @.25e3 2.e68 3.667 e.eel e.11e 0.391
Expander:Reboiler 6.25e-06 || 6.95e-85 9.090 8.929 -9.000 2.0e00
Expander:Seperator -8.e047 2.ee3 -1.348 e.19@ -e.e12 2.802
Expander:Booster -@.eell @.eee -7.988 @.eee -@.e0l -@.eel
Expander:TEG 2.ee1l 2.000 7.9e8 0.e00 2.eol 2.e01
Reboiler:Seperator @.eees @.ee4 9.286 8.838 -9.e07 2.ee9
Reboiler:Booster 4.376e-85 2.000 ©.288 2.775 -9.000 2.000
Reboiler:TEG -9.376e-@5 @.eee -8.618 8.542 -9.000 2.eee
Seperator:Booster -@.e016 2.ees -9.206 2.839 -e.e17 e.el14
Seperator:TEG -8.e359 @.ee8 -4.736 2.eo0e -9.e52 -9.020
Booster:TEG -9.0014 9.000 -4.654 2.000 -0.002 -0.e01
Expander2 @.eee2 @.eee @.735 9.469 -9.000 2.e0l
Reboiler2 -9.0002 0.000 -0.986 8.373 -0.e01 0.e00
Seperator2 @.e261 @.es1 @.515 2.611 -0.e78 e.13e
Booster2 9.0009 9.001 0.940 9.356 -0.e01 8.e03
(f 6.699 @.eel @.735 08.469 -@.eel1 @.ee3

Figure 3-2: HHV Ordinary Least Squares regression model - all term included.

After removing insignificant terms one by one with values for P > | t | higher than 0.05, represented
in the green box, in order to make sure the model is not giving misleading results. Figure 3-3 shows
the remaining terms and their coefficients after the backward elimination. The adjusted R-squared
value has also been increased, which indicates an improved model.
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OLS Regression Results

Dep. Variable: HHV  R-squared: 2.999
Model: OLS Adj. R-squared: 0.999
Method: Least Squares F-statistic: 3663.

Date: Thu, @7 Aug 2014 Prob (F-statistic): 1.52e-5@

Time: 12:19:35 Log-Likelihood: 93.688

No. Observations: 46  AIC: -167.4

Df Residuals: 36 BIC: -149.1

Df Model: 9

f7‘=7 ;;:j\ std err t P>|t] [95.8% Conf. Int.]
Intercept 44.6248 3.981 11.209 0.0ee 36.551 52.699
Expander @.1551 0.012 12.939 0.e00 9.131 0.179
Seperator @.7386 8.192 3.853 0.e00 9.350 1.127
Booster -e.2107 ©.e87 -2.430 0.020 -8.387 -0.835
TEG @.2821 0.827 10.319 0.eee 9.227 0.337
Expander:Booster -0.0011 0.e0e -8.719 0.0e0e -0.e01 -0.e0l1
Expander:TEG @.0011 ©.000 8.719 0.0e00 9.001 0.e01
Seperator:TEG -2.8344 0.006 -5.449 0.000 -8.0847 -8.0822
Booster:TEG -@.0014 ©.000 -5.350 0.0ee0 -e.002 -0.001
\ngftePZ 9.9013/ 0.ee0 2,745 0.0609 9.0600 0.0602
Omnibus: 2.164 Durbin-Watson: 2.349
Prob(Omnibus): ©.921 Jarque-Bera (JB): ©.1388

Skew: -2.125 Prob(JB): 8.910
Kurtosis: 2.812 Cond. No. 6.98e+06

Figure 3-3: Final HVV Ordinary Least Squares regression model result.

A procedure description of every step in the HHV regression model example is given in Appendix
1.2 — Python Regression Model Procedure.

The HHV model with respect to the five variables from Table 3-1 page 22, X1 to X5, is formed:

HHV = 0.1551-X1+0.7386- X3 — 0.2107 - X4 + 0.2821 - X5
—0.0011-X1-X4+0.0011-X1-X5—0.0344- X3 (4]
-X5—0.0014-X4-X5+ 0.0013 - X4 - X4 + 44.6248

Each regression model for the objective responses has been created through this procedure. The
Python code script can be found in Appendix 1.3 — Entire Python Code Script.

3.1.3 Model Improvement and Verification

Each model for the objective responses has to be verified in order to implement them in
optimisation case 1 and 2 and to determine their reliability. Several methods are used to check if the
model fits.

Python provides the opportunity to create a variety of statistical plots that indicates outliers, which
indicates where mistakes could be located and if they have any influence on the model. The HHV
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model is for an example checked by plotting the predicted values up against data set simulated in
HYSYS, see Figure 3-4. For a good model fit the dots should form a linear line, which is does.

46-0 T T T T T T T T

45.5+ .

45.0 - .

435} &» |

43.0f . .

Predicted using regression model

42.5}+ .

42.0 ™ .

41.5 I ] 1 ] ] I ] 1
41.5 42.0 42.5 43.0 43.5 44.0 44.5 45.0 45.5 46.0

Simulated values with HYSYS

Figure 3-4: HHV model predicted vs. HYSYS simulated values.

If a point obviously lies outside the linear line, further investigation of the model could be
necessary. Several plots are suitable to check possible outliers. The residual vs. fitted values plot in
Figure 3-5 page 29 show the points from the HYSYS simulations. Residuals are used to control the
models adaptation of the data. A large residual indicates a bad adaptation of the model to a data
point. The spread of the data points should look like they are randomly placed, but should also be
symmetric vertically about 0 and indicate a normalised distribution. In this plot one should look for
non-constant variance and nonlinearity, which would indicate that some change in model is
necessary (11). A good fit will result in a more or less linear line across the scatter. When taking the
very low residual values at the y-axis in consideration for Figure 3-5, the regression model
represented by the blue line, is good fit and showing a linear line.

These plots among a few others were applied to each model and the outliers present investigated.
For some plots, outliers are indicated by a number. This number represents the simulation number
from the CSV-file. These simulations were then reviewed to see if the data was entered probably. If
so, the combination for the given simulation can be executed again to compare the entered values. It
resulted in location of a few mistakes. Some simulations had to be done again, where the simulation
results varied from the first entered. The most significant mistake was a wrong placement of a
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decimal separator. The regression model creation had to be repeated after applying the correction to
the CSV-file, which gave a more accurate result.
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Figure 3-5: Residual vs. fitted values plot of the HHV model.

To verify the model further values for variables that have not been used in the experiment is applied
both in each of the Python regression models and HYSYS for comparison. Levels that lie in
between the mid-level and high/low level (+0.5 & -0.5) and outside the experimented range (+1.5 &
-1.5) are compared.

Python/HYSYS variable values = (40, 30, 2.4, 92.5, 32.5)
Python results: HYSYS results: Error % | Error #
diff.

Wobbe: 57.20 | Wobbe: 56.83 -0.65 -0.37
SG: 0.6758 | SG: 0.6709 | -0.7287 -0.0049
HHV: 43.87 | HHV: 44.1 0.52 0.23
Dew: -17.65 | Dew: -17.61 -0.25 0.04
RVP: 13.91 [ RVP: 13.78 -0.93 -0.13
NGL: 2195.5 | NGL: 2147.2 -2.20 -48.25
Power: 8072.9 | Power: 8063.0 -0.12 -9.93

Table 3-4: Model verification, +0.5 variable value comparison.

AAU — Esbjerg 15-01-2015 Page 29 of 101




EN7-2

Bachelor Thesis

Ramboll Oil & Gas, Esbjerg

Python/HYSYS variable values = (30, 20, 2.2, 87.5, 27.5)
Python results: HYSYS results: Error % | Error #
diff.

Wobbe: 56.50 [ Wobbe: 56.18 -0.56 -0.32
SG: 0.6556 | SG: 0.6516 -0.61 -0.004
HHV: 42.75 | HHV: 42.96 0.50 0.21
Dew: -30.47 | Dew: -30.11 -1.18 0.36
RVP: 15.32 | RVP: 15.44 0.81 0.12
NGL: 25549 | NGL: 2558.9 0.15 3.93
Power: 9311.0 | Power: 9308.0 -0.032 -2.95

Table 3-5: Model verification, -0.5 variable value comparisons.

Table 3-4 and Table 3-5 shows the comparison of the +0.5 and -0.5 values applied to the models
and HYSYS. The percentage errors and the numerical differences are given. In general the
percentage errors are very low for all models in both scenarios.

Same comparison is done for values outside the experimented range. That is for values at +1.5 and -
1.5 in Table 3-6 and Table 3-7.

Python/HYSYS variable values = (50, 40, 2.6, 100, 40)
Python results: HYSYS results: Error % | Error #
diff.

Wobbe: 57.98 | Wobbe: 57.38 -1.03 -0.60
SG: 0.6969 | SG: 0.6873 -1.37 -0.01
HHV: 45.04 | HHV: 45.07 0.074 0.033
Dew: -6.89 | Dew: -7.90 14.58 -1.01
RVP: 13.28 | RVP: 13.06 -1.63 -0.22
NGL: 1990.4 | NGL: 1955.5 -1.75 -34.89
Power: 7419.2 | Power: 7209.0 -2.83 -210.17

Table 3-6: Model verification, +1.5 variable value comparisons.

Python/HYSYS variable values = (20, 10, 2.0, 80, 20)
Python results: HYSYS results: | Error % | Error #
diff.
Wobbe: 55.62 [ Wobbe: | N/A | N/A N/A
SG: 0.6303 | SG: N/A | N/A N/A
HHV: 41.37 | HHV: N/A | N/A N/A
Dew: -49.01 | Dew: N/A | N/A N/A
RVP: 18.24 | RVP: N/A | N/A N/A
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NGL: 3226.70 | NGL: N/A | N/A N/A
Power: 11126.8 | Power: N/A | N/A N/A

Table 3-7: Model verification, -1.5 variable value comparisons.

In HYSYS it was not physical possible to run the simulations in the process design with values at -
1.5 and therefor no results are compared in Table 3-7. The percentage errors in Table 3-6 are for
most parameters larger, compared to the results in Table 3-4 and Table 3-5. The HC dew point
model has a high percentage error of almost 15 %, but since the numerical error is only 1 degree
Celsius, it is still an acceptable result.

The regression models fit the HYSY'S results and are ready to be implemented in the optimisation
code, where the function to be optimised can be constraint by one or more of the others.

3.1.4 Results
Case 1 and 2 are calculated in Python and the results are compared to a HYSYS simulation applied
with the variable values found from the Python calculation in order to verify each case.

The code script for optimisation:
from scipy.optimize import minimize

def f1(x):

# Dew - Constrain function

return -1*(1.8594*x[0] + 13.6961*x[2] + 2.6635*x[4] - 0.0043*x[0]*x[3] - 0.0040*x[0]*x[4] -
0.0801*x[2]*x[3] - 0.3040*x[2]*x[4] - 0.0063*x[3]*x[4] - 0.0055*x[0]*x[0] - 121.1210) - 2

def f2(x):

# Wobbe - Constrain function

return -1*(0.0862*x[0] + 0.3914*x[2] - 0.1072*x[3] + 0.1550*x[4] - 0.0006*x[0]*x[3] +
0.0006*x[0]*x[4] - 0.0184*x[2]*x[4] - 0.0007*x[3]*x[4] + 0.0007*x[3]*Xx[3] + 56.6857) + 56.2

def f3(x):

# HHV - Constrain function

return -1*(0.1551*x[0] + 0.7386*x[2] - 0.2107*x[3] + 0.2821*x[4] - 0.0011*x[0]*x[3] +
0.0011*x[0]*x[4] - 0.0344*x[2]*Xx[4] - 0.0014*x[3]*x[4] + 0.0013*x[3]*x[3] + 44.6248) + 46

def f4(x):

# SG - Constrain function

return -1*(0.0029*x[0] + 0.0159*x[2] - 0.0035*x[3] + 0.0048*x[4] - 9.062e-05*x[0]*x[2] -
1.887e-05*x[0]*x[3] + 1.838e-05*x[0]*x[4] - 0.0006*x[2]*x[4] - 2.25e-05*x[3]*x[4] + 2.204e-
05*x[3]*x[3] + 0.6699) + 0.7

def objectivefun(x):

#Function to be minimized (Power)

return -162.7289*x[0] - 1823.7320*x[2] - 166.4767*x[4] + 28.6875*x[0]*x[2] - 1.2327*x[0]*X[3]
+ 0.7800*x[0]*x[4] + 0.0258*x[1]*x[3] - 43.7112*x[2]*x[3] + 67.0597*x[2]*x[4] -
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3.2682*x[3]*x[4] + 1.4819*x[0]*x[0] + 93.7959*x[2]*x[2] + 1.8744*x[3]*x[3] +
3.0675*x[4]*x[4] + 1.72e+04

‘Constraints’

cons = ({'type': 'ineq’, 'fun'; f1},
{'type': 'ineq’, 'fun’: f2},

{'type': 'ineq’, 'fun’: 13},

{'type': "ineq’, 'fun’: f4})

‘Bounds’
bnds = ((25, 45), (15, 35), (2.1, 2.5), (85, 95), (25, 35))

"Initial guess independt variables'
X0 = [35, 25, 2.3, 90, 30]

res = minimize(objectivefun, X0, method="SLSQP", bounds=bnds, constraints=cons)

print res

print "Dew =", Dew(res['x"][0],res['x] [1],res['x'][2],res['x'][3].res['x'1[4])
print "Wobbe =", Wobbe(res['x'][0],res['x'1[1],res[ x']1[2].,res[ x1[3].res['x1[4])
print "SG =", SG(res['x"][0],res['x'][1],res['x']1[2],res['x']1[3].res['x']1[4])

print "HHV =", HHV(res['x][0],res[ x][1],res[ x1[2],res[ x][3].res[ x] [4])

The boundaries can be changed to see how the optimisation function performs - for example outside
the training set. As well can the constraint functions values or the composition of them be changed
to apply a desired case.

For case 1 it was necessary to set the wobbe index constraint to < 56.2 [MJ/m’], because the wobbe
index data collected from the simulations are close to 55.8 [MJ/m3] as the minimum value. The
optimisation function had difficulties in finding the optimum before changing it.

Case 1
Minimise power when:

e HC dew point <-2 [C]

e  Wobbe index < 56.2 [MJ/m’]
e HHV <46 [MJ/m’]

e SG<0.7[rel to air]

Ovtimisation Results: HYSYS Results Error Error #
P ) (Validation): %: difference:
Power 1 ggqp [Power | ge3 | 010 9
consumption consumption
HC dew 3613 | HC dew 3605 | 022 0.08
point point
Wobbe 56.2 | Wobbe 55.9 -0.54 -0.3
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HHV 42.3 HHV 42.47 0.40 0.17
SG 0.6470 | SG 0.6433 -0.57 -0.0037
RVP 17.05 | RVP 17.02 -0.18 -0.03
Variables found: Variables from optim.:

P Expander 26.95 | P Expander 26.95 N/A

T Reboiler 15 T Reboiler 15 N/A

P 3" Sep. 2.5 | P3"Sep. 2.5 N/A

P Booster 85 P Booster 85 N/A

T TEG 25 T TEG 25 N/A

Table 3-8: Case 1 optimisation results vs. HYSYS comparison.

The optimisation function for case 1 is finding the almost exact same values as the HYSYS
simulation applied the, by Python, found variable values. The numerical error difference does more
or less not exist and the percentage errors spans only from 0.1 to 0.57.

Throughout the experimental plan and working with the simulations in HYSYS and Python, it is
obtained that the wobbe index has a high influence to the energy consumption. To see the effect of
the wobbe index, it is omitted from the optimisation constraints.

Case 1-b
Minimise power when:

e HC dew point <-2 [C]
e HHV <46 [MJ/m’]
e SG<0.7[rel to air]

Optimisation Results: HYSYS Results Error Error #
(Validation): % difference:

Power 7008 | Power 7017 0.13 9
consumption consumption
HC dew 623 | HCdew 5428 | -1287 | 0802
point point
Wobbe 57.87 | Wobbe 57.58 -0.50 -0.29
HHV 45.15 | HHV 45.43 0.62 0.28
SG 0.6970 | SG 0.6933 -0.53 -0.0037
RVP 12.45 | RVP 12.53 0.64 -0.08
Variables found: Variables from optim.:
P Expander 45 P Expander 45 N/A
T Reboiler 15 T Reboiler 15 N/A
P 3" Sep. 2.5 | P3"Sep. 2.5 N/A
P Booster 85 P Booster 85 N/A
T TEG 35 T TEG 35 N/A

Table 3-9: Case 1-b optimisation without wobbe index as a constraint results vs. HYSYS comparison.

When not taking demands for the wobbe index into consideration it minimises the power
consumption by more than 1800 kW, compared to case 1. The percentage errors are also in this case
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in general very low. The HC dew point percentage error is high, but the numerical error difference
is still acceptable.

Case 2
Minimise power when:

e HC dew point <-2 [C]
e RVP <12 [psia]

Optimisation Results: HYSYS Results Error Error #
(Validation): %: difference:

Power 7129 | Power 7084 -0.63 45
consumption consumption
HC dew 6,03 | HCdew 5439 | <1058 | 0.638
point point
Wobbe 57.88 | Wobbe 57.57 -0.54 -0.31
HHV 45.18 | HHV 4541 0.51 0.23
SG 0.6975 | SG 0.6931 -0.63 -0.0044
RVP 12.00 | RVP 12.02 0.17 0.02
Variables found: Variables from optim.:
P Expander 45 P Expander 45 N/A
T Reboiler 35 T Reboiler 35 N/A
P 3" Sep. 245 [P 3" Sep. 2.45 N/A
P Booster 85 P Booster 85 N/A
T TEG 35 T TEG 35 N/A

Table 3-10: Case 2 optimisation results vs. HYSYS comparison.

The dew point percentage error is again high for this case, but it is still acceptable because of the
low numerical difference. The errors for the other parameters are very low or almost not existing.

Within the boundaries used in the experimental test, the optimisation model predicts the almost
exact same results as the HYSYS simulations does with the variable input, provided by Python for
all cases.

How the model performs when the high low boundaries are increased by a factor is investigated in
order to try finding an even better optimum.

The new boundaries applied to code script are:

‘Bounds’
bnds = ((15, 55), (5, 45), (1.9, 2.7), (75, 105), (15, 45))

The Python calculations give a warning when applying these boundaries, but the constraints are
often still met. Therefor a comparison is yet still interesting.
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Case 1 — new boundaries
Minimise power when:

e HC dew point <-2 [C]

e Wobbe index < 56.2 [MJ/m’]
e HHV <46 [MJ/m’]

e SG<0.7[rel to air]

Optimisation Results: HYSYS Results Error Error #
(Validation): %: difference:

Power 7859 | Fower 7818 | -0.52 41
consumption consumption
HC dew 355 | HC dew 3492 | -1.63 0.58
point point
Wobbe 56.2 Wobbe 55.95 -0.44 -025
HHV 42.5 HHV 42.57 0.16 0.07
SG 0.6498 | SG 0.645 -0.74 -0.0048
RVP 18.73 | RVP 18.04 -3.68 -0.69
Variables found: Variables from optim.:
P Expander 31.48 | P Expander 31.48 N/A
T Reboiler 5 T Reboiler 5 N/A
P 3" Sep. 2.7 | P3"Sep. 2.7 N/A
P Booster 75 P Booster 75 N/A
T TEG 17.61 | TTEG 17.61 N/A

Table 3-11: Case 1 - new boundaries, results vs. HYSYS comparison.

Compared to the results for case 1 in Table 3-8, the percentage errors in this case are slightly larger
for some parameters, but still very low in general. The power consumption when increasing the
boundaries is almost 1000 kW lower.

Case 1-b — new boundaries
Minimise power when:

e HC dew point <-2 [C]
e HHV <46 [MJ/m’]
e SG<0.7[rel to air]

Ovbtimisation Results: HYSYS Results Error Error #
P ) (Validation): %: difference:

Power 1 goqq |Power 1 or35 | 1056 691
consumption consumption
HE dew 6.14 | HC dew 187 | 6959 | 427
point point
Wobbe 57.9 Wobbe 58.07 0.29 0.17
HHV 4542 | HHV 46.31 1.96 0.89
SG 0.699 | SG 0.7081 1.17 0.0082
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RVP | 1259 |RvVP | 15.42 2248 | 283

Variables found: Variables from optim.:

P Expander 47.82 | P Expander 47.82 N/A

T Reboiler 5 T Reboiler 5 N/A

P 3" Sep. 2.7 | P3"Sep. 2.7 N/A

P Booster 76.2 P Booster 76.2 N/A

T TEG 28.87 | TTEG 28.87 N/A

Table 3-12: Case 1-b new boundaries, optimisation results vs. HYSYS comparison.

The error differences are now more inconsistent and the constraints are not maintained. Power
consumption, HC dew point and the RVP errors are too large and unacceptable.

Case 2 — new boundaries

Minimise power when:

e HC dew point <-2 [C]

e RVP <12 [psia]

Optimization Results: HYSYS Results Error Error #
(Validation): %: difference:

Power 6494 | Fower 7180 | 10.56 686
consumption consumption
Dew -2 Dew 3.817 -290.85 5.817
Wobbe 58.2 | Wobbe 58.54 0.58 0.34
HHV 4594 | HHV 47.16 2.66 1.22
SG 0.71 SG 0.7225 1.76 0.0125
RVP 11.77 | RVP 15.42 31.01 3.65
Variables found: Variables optim:
P Expander 50.27 | P Expander 50.27 N/A
T Reboiler 5 T Reboiler 5 N/A
P 3" Sep. 2.7 | P3"Sep. 2.7 N/A
P Booster 75.31 | P Booster 75.31 N/A
T TEG 30.1 T TEG 30.1 N/A

Table 3-13: Case 2 - new boundaries, optimisation results vs. HYSYS comparison.

Again the error differences are too high and unacceptable for power consumption, HC dew point

and RVP. No constraints are met.

3.1.5 Optimisation by HYSYS
HYSYS has a build in optimiser function where it is possible to apply the parameter to be optimised

along with the wanted constraints. Several tests were performed in order to determine the accuracy

of the optimiser.

Minimize power without any constraints

e All variables set to lowest values before start.
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Optimiser failed after several resets of an adjuster’s iteration since it reached its maximum
of 100 and several activations of the optimisation process was needed, since an
inconsistency warning occurred and paused the process.

e All variables set to highest values before start.
The optimiser comes out successful and converged faster than any of the other test. The

power consumption ended up at 7400 kW.

e All variables set to mid values before start.
Successful outcome again, but the power consumption is at 7950 kW. Several activations of

the optimisation process were once again needed.

In comparison the regression model in Python calculates the power consumption to be 7008 kW.
Applying the variable values found by the model in HYSY, gave almost the exact same result, 7017
kW.

Minimize power case 1 and 2 applied
e All variables set to lowest values before start
e All variables set to highest values before start
e All variables set to mid values before start
e All variables set to high-low-high-low-high before start
e All variables set to low-high-low-high-low before start

The majority of the cases tested above failed in the optimisation process. The ones that had a
successful HYSYS outcome were in fact not successful, since not all constraints were fulfilled. As
an example case 1 with mid-level variable values entered before starting the optimisation process,
found a power consumption of 8014 kW, but the wobbe constraint were too high. The other three
constraints were met.

The HYSYS optimiser needs a value for each variable before being apple to perform the
optimisation. The results were very inconsistent for all tests. When trying to minimise the power
consumption, even without any constraints applied, each simulation gave a different result
regarding power consumption and the found variables. The same inconsistencies apply to the results
when adding the constraints, which rarely were met. In general the function is very slow compared
to the regression model and it takes between 1-4 minutes to complete one optimisation scenario.
HYSYS are looping the simulations until it has found a local optimum, which causes the long
converging time and inconsistencies depending on the starting variable values. Whereas the
regression model is finding a global optimum and is fulfilling the constraints.

3.1.6 Manually Adjusting

To achieve the desired output for the wobbe index only, it would be interesting to see the result for
power consumption. By manually adjusting only one or two main variables, i.e. P after expander
and TEG inlet T, it resulted in a power consumption of 9807 kW. The variable values started at
mid-level and it took several tries before reaching the goal. Especially the final small adjustment to
reach exactly 56.2 took the most. The adjustments were done in Python and checked in the HYSYS
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model, which was almost identical. If applying the optimisation model in Python to the same case —
Wobbe constraint at 56.2 — the power consumption is only 8840 kW. If adding more constraints this
process of manually adjusting the variables to meet the desired constraints will take a tremendous
amount of time - a comprehensive trial and error session.

3.1.7 Summary

The concept of DOE has been applied to tests performed on a HYSYS oil and gas separation
process. An experimental plan of 46 tests with a 3 level variation in 5 factors with 7 parameter
responses has been executed. The data output has been processed in Python, where a variety of
libraries and modules has been used to analyse the data. A regression model for each parameter was
created and verified by plots and calculations comparing them to HYSYS results. An optimisation
algorithm was used to minimise the power consumption and maintaining desired export constraints
at the same time. The variables values found in each case was applied to HYSYS and the results
compared. In general the errors of the cases are very small or not existing, which show that with the
DOE and RSM methods, it is possible to predict the variable values for minimising the power
consumption and preserving the constraints within the experimental boundaries. When increasing
the boundaries by a factor the model showed some inconsistencies and larger percentage errors,
which makes it almost unusable outside the boundaries. Along with the optimisation possibility the
DOE concept also reduces the number of required experiments radically.

HYSYS’ own optimiser function was tested and found impractical because of its inconsistencies in
the results and requires a larger amount of time.

By manually adjusting the parameters to meet the demanded constraints the power consumption
becomes significantly larger and required lots of trial and error runs to complete. This emphasizes
the effect of the DOE optimisation model in saved power consumption and the time spent on
manually adjusting the variables to meet the constraints given.
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3.2 Weight Estimation Modelling

The error propagation method is applied to a Master Equipment List, MEL, from a previous
Ramboll project, in order to investigate the possibilities of the method. The investigation also
comprises which parameters affect the combined uncertainty.

The Monte Carlo method is applied to multiple parameters in order to determine a total topside
production weight. Central process equipment that depends on a combination of oil, gas and water
flow rates is simulated in HYSYS - same separation set-up used in the process optimisation section.
The weight estimation of the equipment is depending on values, i.e. pressure, flow, temperature,
etc. provided by HYSYS for each piece of equipment in the simulation. This weight estimation of
the most central process equipment is the foundation for calculating the total topside weight. Monte
Carlo simulation is used in order to randomly select values for flow rates and factors within a
calculated standard deviation.

3.2.1 Error Propagation Applied to Existing MEL

The MEL used consist of more than 150 pieces of equipment. For several types there are needed 2
or 3 of the same. These sets are considered as one unit since the uncertainty are the same for them
all. The weight of one is multiplied with 2 or 3 to achieve the unit’s weight.

The span of +/- 30 % is calculated for each piece of equipment and units of the same type in the
MEL. The span is then squared and the square root of the sum is the span of the combined
uncertainties, in accordance with equation [3]. The MEL with all the error propagation calculations
can be found in Appendix 2.1 — Error Propagation Applied to STA-3 MEL.

The combined uncertainty span is calculated to be 188.34 tonnes, which is a lot smaller than the +/-
30 % of 675.85 tonnes. The total weight of the MEL is 1126.42 tonnes and the span of 188.34
tonnes corresponds to a combined uncertainty of only +/- 8.36 %.

16
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+/- % combined uncertainty
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% uncertainty applied to each piece of equipment

Figure 3-6: Combined uncertainty graph as a function of applied % uncertainty to each piece of equipment.
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As shown by Figure 3-6, the combined uncertainty percentage error is linear depending on the
applied uncertainty percentage to each piece of equipment. If a single type of equipment is
extremely heavy compared to the rest, it has a great influence on the combined uncertainty. As an
example there are 3 main power generators, which whey 258.6 tonnes combined. If their weight
doubled, the combined uncertainty would increase from 8.36 % to 11.85 %.

To prepare a MEL for the HYSYS simulation of central process equipment, the MEL in Appendix
2.1 is cut down so it represents almost the same types and number of equipment as the HYSYS
model. The new smaller MEL is calculated in the same way as before, to see how the combined
uncertainties react. When applying a +/- 30 % uncertainty to each type or unit of equipment, the
combined uncertainty is higher than before, +/- 12.38 %, which is an increase of roughly 50 %. The
MEL has been cut by approximately one third. In Appendix 2.2 — Error Propagation Applied to Cut
Down STA-3 MEL calculations for both +/- 30 % and +/- 50% applied is given. When comparing
the original MEL and the cut down MEL, it is observed that in the shorter MEL most of the
equipment has all different weights. In the original MEL several types of equipment are of the same
weight. If the weights for some of the equipment in the cut down MEL, are changed to be more
alike the combined +/- percentage uncertainty drops.

3.2.2 Combined Weight Estimation Based on HYSYS Data

When designing a process plant the flow rates combined with temperature and pressure are the
major influential factors. It is possible to change the flow rates in HYSYS according to a plausible
range. In order to easily apply the simulated HYSYS values into the calculating weight estimation
spread sheets, the calculation methods are combined into one spread sheet. The equipment weight
can then be calculated for each simulation with a given combination of the flow rates for oil, gas
and water, to see how the variation in the flow rates affect the duty, temperature and pressure etc.
required for pumps, compressors, coolers & heat exchangers, separators and scrubbers along with
several more types of equipment. These parameters are used for the weight estimations.

An example of a simulation result is given in Appendix 2.3 — HYSYS Equipment List Data. These
data, among other known design criteria for the equipment, are then applied to combined weight
estimation sheet, which can be found in Appendix 2.4 — Combined Excel Weight Estimation Sheet.

3.2.3 Simulation Plan and Modelling

The approach for modelling a function for the weight estimate depending on the flow rates for oil,
gas and water is almost the same as the one used in the process optimisation section. A full factorial
experiment plan is carried out in HYSYS. The variable values for the levels are given in Table 3-14.

Variable — Oil Gas Water
[barrel/day] [m3/ hr] | [barrel/day]
High (+1) 25300 32090 37740
Mid (0) 23000 29170 31450
Low (-1) 20700 26250 25160

Table 3-14: Variable values and levels used in HYSYS
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The ranges for oil, gas and water has been determined by Ramboll’s chief consultant, Anders
Andreasen.

The variables from the process optimisation section are set to their originally designed mid-level
values.

The experiment is a 3 factor 3 level experiment equals to 3° = 27 simulation combinations. The
simulation results can be found in Table 3-15.

Sim. X1 X2 X3 Wobbe | SG HHV | HC Power | RVP | Eq.
no. index Dew weight
1 0 0 0]56.57 ]0.6631 [ 43.65 |-22.79 | 8937 |13.94 | 558.1
2 1 1 1]56.53 ]0.6619 [ 43.57 |-23.31 [ 10030 | 13.81 ] 598.0
3 -1 -1 -1156.59 ]0.6637 | 43.68 |[-22.52 | 7777 [13.98 ]516.9
4 0 0 1]56.52 ]0.6617 [ 43.56 |-23.33 | 9425 13.64 | 581.1
5 0 0 -1156.54 ]0.6621 | 43.59 [-23.22 | 8268 | 13.84 | 536.0
6 1 1 0]56.54 ]0.6622 [ 43.59 |-23.20 | 9450 [13.89 | 571.2
7 1 1 -1156.55 ]0.6624 | 43.60 [-23.15 | 8871 14.05 | 550.2
8 -1 -1 0]56.56 ]0.6626 | 43.62 |-23.04 | 8364 [ 13.83 | 537.7
9 -1 -1 1]56.55 ]0.6624 [ 43.61 |-23.09 [ 8954 | 13.73 |]564.9
10 1 0 0]56.54 ]0.6621 | 43.59 |-23.24 | 9233 13.63 | 567.8
11 -1 0 0]56.57 ]0.6631 [ 43.64 |-22.80 | 8869 [ 14.64 | 556.7
12 0 1 1]56.54 |0.6623 [ 43.60 |-23.12 [ 9973 14.45 ]596.3
13 -1 1 1]56.58 |0.6634 [ 43.66 |-22.60 [ 9952 | 15.30 ] 595.3
14 0 -1 -1156.56 |0.6627 | 43.62 [-23.00 | 7822 [ 13.33 ] 519.5
15 1 -1 -1156.53 ]0.6619 | 43.57 [-23.41 | 7902 |[12.80 | 522.5
16 0 1 0]56.56 ]0.6628 [ 43.63 |-22.97 | 9410 [ 14.57 ] 569.6
17 0 -1 0]56.56 ]0.6627 [ 43.62 |-22.94 | 8428 [ 13.28 | 540.6
18 1 0 1]56.50 ]0.6609 | 43.52 |-23.69 | 9475 13.04 | 582.9
19 1 -1 1]56.53 ]0.6619 [ 43.57 |-23.33 [9082 | 12.66 | 569.5
20 -1 0 -1156.57 ]0.6631 | 43.64 |[-22.82 | 8264 [ 14.67 | 535.7
21 -1 1 -1156.60 |0.6639 |43.69 [-22.47 | 8781 15.56 ] 544.6
22 -1 0 1]56.59 ]0.6637 [ 43.68 |-22.51 | 9515 14.71 | 582.4
23 0 1 -1156.57 [0.6631 | 43.65 [-22.81 | 8827 |[14.71 ]549.3
24 1 -1 0]56.51 ]0.6612 [43.53 |-23.70 | 8460 [12.65 | 541.7
25 1 -1156.54 ]0.6620 | 43.58 [-23.32 | 8351 13.31 |537.4
26 -1 1 0]56.59 ]0.6635 [43.67 |-22.60 | 9394 | 15.52 ] 565.8
27 0 -1 1]56.48 |0.6603 | 43.48 |-24.05 | 8935 12.88 ] 562.8

Table 3-15: Experimental plan, HYSYS results and eq. weight estimate.

As seen in the table the only objectives impacted by the variation in the flow rates are the power
consumption and the equipment weight estimation. The other has little or no deviation in their
outcome.

The goal for the experiment is to create a regression model for the equipment weight estimations.
The same procedure when creating the regressions models for the process optimisation is used.
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The equipment weight regression model was found to be:

EqWeight = 0.0010- X1 + 0.0278 - X2 + 0.0037 - X3 (5]
—3.896-1077 - X2 - X2 — 58.2391

Improvement of the model is done by analysing outliers etc. as done similar in the process
optimisation experiment.

A graph showing the simulated HYSY'S values vs. the predicted values calculated by the model can
be found in Figure 3-7. The points form a decent linear line and the model is good fit.
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Figure 3-7: Simulated HYSYS values vs. Predicted regression model values.

The model is verified by comparing the regression model calculation of mid, low and high level
values and the corresponding HYSYS simulation results for the same combinations. Table 3-16
page 43 shows that the percentage error and numerical percentage are very low for all comparisons.
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Python/HYSYS variable mid values = (23000, 29170, 31450)

Python results: HYSYS results applied | Error | Error # diff.
to EqWeight spread %
sheet:

EqWeight: | 560.55 | EqWeight: 558.1 0.44 2.45

Python/HYSYS variable low values = (20700, 26250, 25160)

Python results: HYSYS results applied | Error Error # diff.
to EqWeight spread %
sheet:
EqWeight: | 516.84 | EqWeight: 516.9 -0.01 -0.06
Python/HYSYS variable high values = (25300, 32090, 37740)
Python results: HYSYS results applied | Error | Error # diff.
to EqWeight spread %
sheet:
EqWeight: | 597.6 | EqWeight: 598.0 -0.07 -0.4

Table 3-16: EqWeight model verification for mid, low and high levels.

Verification for values between mid to high and mid to low values and values outside training set

has also been made.

Python/HYSYS variable mid-high values = (24150, 30630, 34595)

Python results: HYSYS results applied | Error | Error # diff.
to EqWeight spread %
sheet:
EqWeight: | 579.9 | EqWeight: 578.5 0.24 1.4
Python/HYSYS variable mid-low values = (21850, 27710, 28305)
Python results: HYSYS results applied | Error | Error # diff.
to EqWeight spread %
sheet:
EqWeight: | 539.53 [ EqWeight: 535.1 0.82 4.43
Python/HYSYS variable high-high values = (26450, 3550, 40885)
Python results: HYSYS results applied | Error | Error # diff.
to EqWeight spread %
sheet:
EqWeight: | 613.64 | EqWeight: 677.7| -10.44 -64.06
Python/HYSYS variable low-low values = (19550, 24790, 22015)
Python results: HYSYS results applied | Error | Error # diff.
to EqWeight spread %
sheet:
EqWeight: | 492.5 | EqWeight: 500.4 -1.6 -7.9

Table 3-17: Verification of the model with values not used to create the model.
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Table 3-17 shows the comparison errors of the values applied to the model and to the equipment
estimation spread sheet through HYSYS. When testing the model above the ranges for the flow
rates in the high-high level case, the percentage error are getting to high. Otherwise the model
performs really well and can be used as the foundation to calculate a total weight for a production
platform.

Factors for all of the additional equipment are to be calculated and found from known offshore
platform data and equipment lists. The different factors needed are:

e The rest of the remaining process equipment not sized by HYSYS data.

e A combined factor for the remaining equipment, i.e. electrical/instrumentation, piping and
structural.

e Accommodation.

By reviewing existing process MELs an imperial factor, Frs, of 1.283 is found by isolating the
weight of the central process equipment, similar to the equipment used in the HYSYS simulation
and the weight of the remaining equipment in relation to each other. From equation [5] the
contribution of the rest can be written as:

Weight,.sc = EqWeight(oil, gas,water) * Fyo5t [6]

Where oil, gas and water are the flow rates applied from Table 3-14 page 40, corresponding to X1,
X2 and X3 in equation [5]. The total weight of the process equipment is found by combining
equation [5] and [6] and can be written as:

Weight,rocess = EqWeight + Weight, s [7]

Through weight data from known offshore installations, where the weights for
electrical/instrumentation, piping, structural and process equipment are indicated, along with the
module weight. An average factor, Fta, where the process equipment related to the total weight is
found to be 4.08, see Table 3-20 and Table 3-21 page 47 and 48 for further information.

The accommodation facility is as standard set to weigh 800 tonnes, Weightaccommodation. The total
weight for a production platform can then be written as:

Waghttotal = Weightprocess ) Ftotal + Weightaccommodation [8]
Applying mid-level rates to oil, gas and water the total weight becomes:

Weight,pa = ((560.55 + (560.55 x 1.283)) - 4.08) + 800

= 6021.3 tonnes (%]

This is however a result where no uncertainties is applied to any contribution in the equation.
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When applying a conservative uncertainty of 50% to each piece of equipment in the MEL
calculated by mid-level rates for oil, gas and water, the result of equation [9] becomes:

Weightioraso = ((837.1 + (837.1 * 1.283)) - 4.08) + 800

= 8597.3 tonnes [10]

Uncertainties could also be applied for Frest, Fiotat and Weightaccommodation t0 give an even more
conservative result.

3.2.4 Monte Carlo Method Applied

When uncertainties are taking into account one could easily choose the worst case scenario for each
factor. To have a more realistic result, where the uncertainties applied to each contribution in the
model are randomly picked within a normal distribution curve, the Monte Carlo method is needed.
The random selected value for one contribution is totally independent from the other. The model
can be applied a given number of runs, where each contribution are randomly selected and summed
together. A few runs will give an inaccurate result, since it is unlikely to have hits that cover the
normal distribution. A large amount of trials is therefore required and using Python as the program
to compile the large amount of samples will be suitable.

Adding Uncertainties
Uncertainties need to be added to every single contribution which includes:

e Oil flow rate.

e (Qas flow rate.

e Water flow rate.

e The EqWeight, equation [5].

e The Weights, equation [6].

e The combined factor for the remaining equipment.
e Accommodation weight.

The uncertainties applied to the list above are converted into a standard deviation, which is a
measure of dispersion from the mean value. Ramboll’s approach to the uncertainties, are that they
covers the middle 80 % under the normal distribution curve and is corresponding to +/- 2 standard
deviations. This deviates from the example given in Figure 1-9 page 20, where +/- 1 standard
deviation corresponds to 68.2% and +/- 2 corresponds to 95.4%. When calculating the standard
deviation an adjustment is therefore needed, in accordance with equation [11].

X=u+Zo [11]

Where p is the mean and o the standard deviation of the variable X, and Z is the value from the
standard normal distribution for the desired percentile. To adjust the standard deviation it has to be
divided by the z-value of the 90™ percentile of the distribution. From a z-score table or by using
Python, the z-value is found to be +/-1.28. The 90" percentile indicates that 40% from the mean
value to the boundary is covered.
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Flow rates

The standard deviations, o, for each flow rate are the range from level 0 to +1. This range is then
divided by the z-value of 1.28. In Table 3-18 the ¢ for oil, gas and water are listed.

Flow rate of: Standard deviation, o:
Oil 25300 — 23000
Opil = 178 = 1796.9
Gas 32090 — 29170
OGas = 178 = 2281.3
Wat 37740 — 31450
ater Cwater = — = 4914.1

Table 3-18: Standard deviations of oil, gas and water flow rates.

EqWeight and Weightes: added 50% uncertainty
For the central process equipment weight, calculated by the combined weight estimation sheet, each

piece of equipment are added a 50% uncertainty in each of the 27 simulations. The combined
standard deviation is calculated by squaring each ¢ related to each piece of equipment and taking
the square root of the sum. Example of the method is applied to Appendix 2.4 and is listed in Table

3-19.

Equipment Span (+/- 50%) | Span squared _ Span/2 |¢’

__1.28

Inlet cooler 12.51 156.47 4.89 23.88
Qil export cooler 0.33 0.11 0.13 0.02
LP1 inlet cooler 1.58 2.51 0.62 0.38
LP2 inlet cooler 35.21 1239.45 13.75 189.12
IP inlet cooler 30.90 954.69 12.07 145.67
Glycol inlet cooler 11.66 135.94 4.55 20.74
HP cooler 6.21 38.59 2.43 5.89
Interstage heater 4.27 18.21 1.67 2.78
1st stage separator 9.73 94.66 3.80 14.44
2nd stage separator 4.74 22.43 1.85 3.42
3rd stage separator 4.32 18.64 1.69 2.84
LT separator 1.50 2.26 0.59 0.34
LP1 scrubber 0.91 0.83 0.36 0.13
LP2 scrubber 1.74 3.01 0.68 0.46
IP scrubber 3.90 15.22 1.52 2.32
Glycol inlet scrubber | 7.63 58.23 2.98 8.89
Expander inlet
scrubber 6.95 48.31 2.72 7.37
Glycol contactor 6.90 47.59 2.69 7.26
LP1 compressor 6.98 48.78 2.73 7.44
LP2 compressor 15.75 247.92 6.15 37.83
IP compressor 25.15 632.33 9.82 96.49
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HP compressor 16.43 270.04 6.42 41.20
Gas lift compressor 0.00 0.00 0.00 0.00
Expander 9.28 86.15 3.63 13.15
Re compressor 9.28 86.15 3.63 13.15
Return pump 0.22 0.05 0.08 0.01
PW pump 0.22 0.05 0.08 0.01
Qil booster pump 1.10 1.21 0.43 0.18
Oil pump 7.88 62.09 3.08 9.47
WI pump 3 x 50% 41.22 1699.30 16.10 259.29
Heat exchanger 1 24.66 607.98 9.63 92.77
Heat exchanger 2 12.15 147.56 4.75 22.52
NGL splitter 6.19 38.33 2.42 5.85
Power generator 2 x
100% 172.36 29707.97 67.33 4533.08
Fine filter x 2 (2
micron) 4.10 16.78 1.60 2.56
SRP package 39.16 1533.54 15.30 234.00
CIP Package 7.50 56.23 2.93 8.58
Vacuum dearerator 3.78 14.32 1.48 2.18
Vacuum pump x 2 0.92 0.85 0.36 0.13
Vacuum pump skid x
2 2.77 7.65 1.08 1.17
558.1 195.25 - o2 =76.27

Table 3-19: Appendix 2.4 combined standard deviation example.

The average combined standard deviation of the 27 simulation, 76.46 tonnes, is used as the final
standard deviation in the Monte Carlo model.

The same approach is applied to the Weight,et MEL’s and an average of 43.1 tonnes is found to be
the standard deviation.

Factor for the remaining equipment
The Fiotal factor is created by comparing weight data from known offshore installations listed in

Table 3-20.

Platform | Total Weight Process Weight Rel.
[tonnes] [tonnes] (factor)

A 1106 225 4.92
B 1190 338 3.52
C 1385 346 4.00
D 1676 546 3.07
E 1205 232 5.19
F 1612 530 3.04
G 805 141 5.71

Table 3-20: Weight data of offshore installations (12).
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Low High Span Span/2

factor factor o= 1.28
3.04 5.71

Mid f a08| =% 104

Table 3-21: Factor, rest mid-level and standard deviation.

A standard deviation of 1.04 tonnes is applied to the factor contribution of the Monte Carlo model.

Accommodation
The living quarters is set to whey 800 tonnes and it is applied a +/- 20% uncertainty. Table 3-21
shows the calculation.

Span (+/- 20%) _ Span/2
~1.28

320 125.0

Table 3-22: Accommodation standard deviation.

3.2.5 The Monte Carlo Model

The different contributions from section 3.2.4 are joined together into one model. The model can
then be applied with a given number of randomly picked samples from each contribution — Monte
Carlo Simulation. The Python model sample is written as:

'Model with uncertainties'
Samples = 100000
X = Samples

'Rates at 10%, 10% and 20% uncertainties (used in HYSYS sim)’
oil = (np.random.normal(23000, 1796.9, X))

gas = (np.random.normal(29170, 2281.3, X))

water = (np.random.normal(31450, 4914.1, X))

Weight = EqWeight(oil, gas, water)

Weight_uncertainty = (np.random.normal(0, 76.46, X))
Weight_plus_uncertainty = Weight + Weight_uncertainty

Rest = (EqWeight(oil, gas, water)*1.283)

Rest_uncertainty = (np.random.normal(0, 43.1, X))
Rest_plus_uncertainty = Rest + Rest_uncertainty

Weight_total = Weight_plus_uncertainty + Rest_plus_uncertainty

factor = (np.random.normal(4.08, 1.04, X))

"Total weight multiplied by combined factor + accommondation’
Weight_total_factor = Weight_total * factor + (np.random.normal(800, 125, X))

The entire code script can be found in Appendix 2.5 — Monte Carlo Code Script.
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3.2.6 Monte Carlo Simulation Results
The model is run several times with a various number of samples in order to find the required
amount where the model is performing well with an acceptable calculation time for the program.

Simulations with samples of 100, 1.000, 10.000, 100.000, 1.000.000 and 10.000.000 are carried out
and the results of the following are noted:

e Mean

e Minimum

e Maximum

e Standard deviation

The results are listed in Appendix 2.6 — Monte Carlo Results, Samples Variety where it can be
obtained that from 100.000 samples and beyond, the histograms fits the normal distribution curve
more or less perfectly. The mean and standard deviation values do not vary by more than a few
tonnes as they are converging around the 100.000 sample mark, shown in Figure 3-8.

The minimum and maximum values are increasing, when simulating more than 100.000 samples in
the model. Hitting these extreme outer limits is very unlikely and is close to a chance of 0%. Some
of the minimum results are negative, which is caused by the high uncertainties that results in high
standard deviations relative to the mean values in the contributions. The 100.000 samples results are
shown in Table 3-23 and Figure 3-9 page 50.

Convergence of Mean and Standard Deviation
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5950 1360
100 1000 10000 100000 1000000 10000000
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Figure 3-8: Convergence plot of the values for mean and standard deviation.
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100.000 samples

results: Weight [tonnes]:
Mean 6006
Minimum 496
Maximum 13077
Standard deviation 1395

Table 3-23: Monte Carlo results when simulating 100000 samples.

The estimated weights of offshore equipment are by experiences very rarely to be less than the
estimated weight without uncertainties applied, i.e. the mean value. The mean value is therefore the
best possible outcome. Worst case scenario is expected to be within 2 standard deviations and there

is only a 10% chance of hitting a value above mean + 2 standard deviations.

The x-axis of Figure 3-9 is the weight in tonnes of the topside structure randomly picked by the
Monte Carlo simulation and the blue columns, which there is 100 of, represents all of the 100.000
simulations. The higher the column is the more hits of the value is simulated by the Monte Carlo
model at that weight interval for the given column. The y-axis is the probability of hitting a value in
a given column. The total area within the normal distribution curve, green line, sums up the
probabilities to be 100%.
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Figure 3-9: Histogram with a normal distribution curve of the Monte Carlo results of 100.000 samples.
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The mean value added only 1 standard deviation multiplied 1.28, represents only a 15.9% chance of
hitting a value that is above and is considered a reasonable scenario, which is not as conservative as
the mean added 2 standard deviation.

6006 + 1395 - 1.28 = 7792 tonnes [12]

The result in equation [12] is an increase of 29.7% from the mean value.

To distinguish the affect each contributions has to the Monte Carlo models combined standard
deviation. Simulations where one contribution’s uncertainty is removed and instead mid-level or
mean values are applied and reviewed. The remaining 4 contributions are applied their uncertainties
in the same way as before and it results in 5 simulations cases, conducted again with 100.000
samples.

Case Uncertainty set to Minimum Maximum Standard

mid/mean value weight weight deviation
[tonnes] [tonnes] [tonnes]

1 Accommodation 468 12733 1389

2 Factor, Fal 4078 8102 428

3 Rest uncertainty 208 12074 1383

4 Weight uncertainty 177 11829 1358

5 Rates 178 12473 1387

Table 3-24: Uncertainty cases results.

From Table 3-24 it can be seen that only case 2 differs from the rest. The factor uncertainty for
Frotal, 1s impacting the models standard deviation and is decreasing it significantly, ref. equation [8]
page 44. It also shows that the other uncertainties have little or almost no impact on the combined
standard deviation compared to the result from Table 3-23. The mean values are for all cases around
6000 tonnes.

The Fiotal factor uncertainty consists of three contributions. These are split up and their respective
standard deviations are calculated. The model is then applied three factor uncertainties instead of
one combined to see the influence it will have for the results.

100000 samples results

(partitioned factor

uncertainty): Weight [tonnes]:
Mean 6141
Minimum 163
Maximum 13181
Standard deviation 1440

Table 3-25: Monte Carlo result, when the factor uncertainty is partitioned.
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Table 3-25 shows the results. Comparing them to Table 3-23 the mean and standard deviation are
slightly larger, 2-3 %. For both the Monte Carlo simulation results the mean and standard deviation
values are consistent, only differing a few tonnes, when running the simulation multiple times. The
minimum and maximum values are more varying and can easily be +/- 600 tonnes. Even for
simulations conducted with one million samples.

To roughly investigate how the model performs up against a real life study, the Ramboll STA-3
study total topside weight result is compared to the Monte Carlo model result. The flow rates from
the STA-3 study are applied to the Monte Carlo model without any uncertainty. Uncertainties for
the remaining contributions are still preserved. The total weight of the STA-3 topside was in the
study calculated to be 9247 tonnes. The mean of the Monte Carlo model is converged at 6177
tonnes and the standard deviation at 1425 tonnes. If adding 2 standard deviations to the mean value
it results in a total weight of 9027 tonnes. The difference is only 220 tonnes, which is considered to
be a good result, when taking the large amount of work done by the other disciplines into account.

3.2.7 Summary

By using error propagation to combine the uncertainties for MELs in study phases, it will give a
better more precise and lower weight estimate. The method could easily be applied to the existing
MEL templates at Ramboll and the result can be held up against the current conservative weight
estimates. One should be aware of the lists size and composition of weights. If one piece is
significantly heavier compared to the rest, it will have a large impact on the combined uncertainty.
As well, if the weights in the MEL are all very different or alike, it will either increase or decrease
the combined uncertainty.

Ramboll’s weight estimation methods have been combined into one spread sheet, where the central
process equipment is present. Data from a HYSYS separation process simulation can easily be
copied to the spreadsheet in order to obtain the influence to the weight estimations caused by
changes in the simulation set-up. A regression model of the equipment weight depending on
variation in oil, gas and water flow rates was created by carrying out full factorial experiment plan.
This model set the foundation for a combined model to estimate the total topside weight and is
intended to be used in early phase studies at Ramboll. Every contribution in the combined model is
applied with normal distributed uncertainties and the Monte Carlo method is used to simulate
randomly picked values.

The model performs well and calculates fast for a large amount of samples — within seconds for all
simulations. The factor contribution for electrical/instrumentation, piping and structural weight has
the largest impact to the combined standard deviation and when partitioning the Fia factor, the
mean and standard deviation values increases. If the model where to be improved, it is crucial that
more data from each contribution in the factor has to be at a higher detail level. It is easy to apply
new inputs or changes to the model in Python to test different scenarios and cases. This has helped
indicate the behaviours of the model. It is also possible to adapt other uncertainties to the model
depending on the project study or phase that need to be processed.
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The model performs well up against up against the STA-3 study. The opportunity of saving time in
early phase project by only letting the process department create their fundamental design of the
central process equipment could be plausible.
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Sources of errors

Process Optimisation

In order for this method to be successful, it has to be thoroughly and strictly executed. A lot of
manually entered data in HYSYS and excel is needed, which often can lead to mistakes. The
simulations have to be performed one by one in HYSYS and the results transferred to excel. For
each simulation it is important to be aware of if any errors occurring during the HYSYS simulation
and resetting the adjusters or number of iteration in order to get the right results. The results were
often displayed even if errors occurred.

During the creation of the Python code and model, a lot of debugging took place, as well as trying
different possibilities of code scripts found by research, for a given aspect in the model. This
process contained several mistakes and errors, which was analysed and solved. The final code script
is intended to be used by whom it could be useful to in future studies at Ramboll. The code script
then has to be changed in order to adapt it for a given case. This would require a remake of any
needed regression models and renaming the elements in the code script. Future creation of a
thorough step by step guideline is therefore relevant in order to minimise the chance of errors
occurring and mistakes made by the user.

Weight Estimation — Monte Carlo

Once again the large amount of manually performed data processing can lead to mistakes and the
method has to be executed strictly to give a successful outcome. Besides entering the simulation
plan into HYSY'S and the results to excel, like in the process optimisation method, a lot of data has
to be entered into the combined weight estimation spread sheet. This is another factor where
mistakes can be made before being able to apply the CSV-file into Python.

Because of the need to only create one regression model, where the central process equipment
weight depends on the flow rates, and renaming a few elements in the code script. The usage of the
model is easier and less demanding for the person adapting it to future studies compared to process
optimisation procedure.

Inaccuracy lies in the factors used in the model and their respective uncertainties. These are based
on data from known offshore installations. To improve the result these data, is done by collecting
more data from other installations and reviewing the relations between the process equipment and
the remaining equipment in a higher level of detail. Another option is to create separate models for
piping, electrical/instrumentation and structural in the same way as for the process equipment. Such
model could be applied in the more detailed phases of a project.
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Future Work

Process Optimisation

For further verification and improvement of the method, it would be interesting to test the
optimisation model on other HYSYS simulations set-ups. These HYSYS set-ups could be from
other completed studies or even from production platforms in use, to investigate if a saving in the
energy consumption would be possible.

The method could also be used in other stages at the platform, than the oil and gas separation, i.e.
water treatment, chemical units or any other units where it could be an advantage to save energy.

Weight Estimation — Monte Carlo

The level of detail in several aspects of the model could be improved in order to achieve a better
estimate. At first the weight estimation methods for each type of equipment could be improved by
collecting vendor information for newer equipment technologies instead of using the older Ramboll
Estimation Manual. By reviewing more data for the factors found from known offshore installations
and Master Equipment Lists, would contribute to an improvement of the accuracy of the general
model as well. For a more detailed and accurate result it would be interesting to adapt the model
with data only from installations very similar to the topside design in the given study. This requires
more work in each project, since each time the model and the used data are unique in every aspect
of the model. The improvement of the weight estimation methods and factors would also result in
an improvement of the uncertainties used. Verification and comparison up against other completed
studies would be relevant. In order to make sure the comparison made to the STA-3 study is not a
one hit wonder.

In general for both methods, it is very relevant in the future to create detailed user guidelines for the
procedure and usage of the methods, in order to make other Ramboll employees being able to adapt
it to their future projects. The cost for a topside structure is linked to the weight and dimension of
each piece of equipment. Adding a cost element into the model would be a great and relevant
expansion in the future.
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Conclusion

This bachelor thesis is based on selected issues worked upon during the internship at Ramboll Oil &
Gas by the energy engineering student, Kasper Rgnn Rasmussen. The problems described in the
analysis are set to be part of the annual development goal for Ramboll. Development studies are
done each year at Ramboll in order to optimise their way of working or finding new and innovative
methods to the oil and gas industry.

When designing an offshore oil and gas separation facility, it is difficult to predict the lowest
possible energy consumption, when at the same time the export quality constraints have to be met.
The many interactions between the large varieties of equipment make it almost impossible to
distinguish trends among them. In order to optimise a given HYSY'S process simulation in reference
to the power consumption, five variables which was known to have a large impact, were
investigated by a DOE and RSM approach. These methods made it possible, on behalf of a
systematically experiment plan, to create regression models for each of the desired export outputs
and the power consumption. The optimisation model could be set up to minimise the power in
accordance to export constraints depending on a given scenario. By the verification of the model it
showed the best results, when using it inside the experimental training set boundaries. The model
provides large energy savings in the investigated cases compared to a traditional manual adjustment
of the variables and proves that the approach and method is suitable for future use in the industry
for study projects or to existing platforms.

In early phase projects the essential work lies in the creating the MEL and determine the weight for
each piece of equipment. The total weight of the MELs are added an uncertainty percentage
depending on the phase and detail level of the project. By error propagation the uncertainties was
added to each piece of equipment instead and it resulted in a combined uncertainty, which was
lower than the initial applied uncertainty. This approach proved to give a better and more precise
weight estimate and together with the modelling of a regression model of the central process
equipment, it set the foundation for a total topside weight. This was done by using the HYSYS
simulation results, which depended on the variation in the oil, gas and water rates, and applying
them to the combined weight estimation spreadsheet. Factors for the rest of the process equipment
and the remaining piping, electrical/instrumentation and structural weight were created by
correlation of data from known installations. By using the Monte Carlo method to predict a result
within the normal distribution for each uncertainty applied to every contribution in the model. It
was possible to give a weight estimate for a total topside platform, where the randomly picked
contributions in the model are independent. The major influence in the model comes from the Figta
factor. To improve the models accuracy the contribution in the Fia factor are to be created in a
higher detail level. This would be an advantage if the model were to be applied in a concept phase
study. If the improvements of the model are verified to be sufficient, this tool could in the future
save a lot of man hours in early phase project.
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Appendix 1.1 - HYSYS Experiment Procedure
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The spread sheet ‘Parameter Variation’ is entered in order to set the variable values according to

the experiment plan.
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When entering the spread sheet the given values for the simulation are applied in row B (red circle).
Row C and D are the variable boundaries (black circle) and are only present in the spread sheet in
order to remember them and make it easier to apply simulation combinations. From row E to N are
the objective responses to the given simulation (green box). In this example all variables are set to
mid-level (0).
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When the simulation has converged and no warning has occurred the results can be read and copied.
If any error should occur in the simulation a message is shown, and then it is possible to quickly
locate where there is a problem in the simulation. Often a few clicks can reset and recalculate the
simulation without the problem occurring again.

[ Spreadsheet: Parameter variation - = & =

Connections | Parameters | Formulas ‘ Spreadsheet | Calculation Order I User Variables | MNaotes |

-Current Cell

Exportable
Variahle: | ‘ Angles in: | '| I Edit Rows/Columns
A B = D E F G H I J K L M N

1 Parameter Setting Low High Wobbe index SG HHV  Dew point Power RVP c1 2 c3 C
2 Pressure after exp... 35.00 bar 25.00 45.00 56.55 MJ/m3  0.6625r... 43.61... -2306C 8645 kW 14.63 55299 kg/h 1325899 kg/h  1618.2156 kg/h 603.9271 kg/h
3 Temperature rebo... 25.00 C 15.00 35.00

4 Pressure 3. stage s... 2.300 bar 2.100 2.500

5 Pressure after boo... 90.00 bar 85.00 95.00

3 TEG inlet tempera... 30.00C 25.00 35.00

7

8

9

10

1

C1, C2, C3 and C4 are summed together and are combined the amount of NGL. The data for the
simulation is then applied in an Excel spread sheet. The next simulation combination from the
experiment plan is entered and the procedure repeats itself until the experiment plan is done.

An overview of the total HYSYS simulation is shown below.
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Appendix 1.2 — Python Regression Model Procedure
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HHYV Model Example
Python code script example — HHV regression model:

#Start conditions: results2 = sm.ols("HHV ~ (Expander+Reboiler+Seperator+Booster+TEG)**2
+Expander2 + Reboiler2 + Seperator2 + Booster2 + TEG2', data=df).fit()

results2 = sm.ols("HHV ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
Reboiler:Seperator - Reboiler:Booster - Expander:Reboiler - Seperator:Booster - Reboiler:TEG -
Reboiler - Expander:Seperator + Booster2', data=df).fit()

print results2.summary()

1* regression summery run includes every possible variable, variable interactions and second order
terms from the start the conditions.

OLS Regression Results

Dep. Variable: HHV  R-squared: 0.999
Model: OLS Adj. R-squared: ©.998
Method: Least Squares F-statistic: 1356.
Date: Thu, 87 Aug 2014 Prob (F-statistic): 4.29e-33
Time: 12:08:@3 Log-Likelihocod: 97.584
No. Observations: 46  AIC: -153.2
Df Residuals: 25 BIC: -114.8
Df Model: 20

coef std err t P>|t]| [95.0% Conf. Int.]
Intercept 41.3282 7.761 5.325 ©.080e 25.345 57.312
Expander ©.1531 ©.023 6.637 ©.eoe @.1e6 0.201
Reboiler 8.ee76 @.021 @.360 8.722 -@.8e36 @.e51
Seperator ©.9581 e.se7 1.188 ©.246 -e.7e4 2.620
Booster -8.1342 e.177 -8.760 8.454 -9.498 9.229
TEG ©.250e3 @.e68 3.667 e.eel e.11e 9.391
Expander:Reboiler 6.25e-06 6.95e-@5 @.e%e 0.929 -0.000e @.eee
Expander:Seperator -8.ee47 @.ee3 -1.348 ©.19@ -8.012 @.e02
Expander:Booster -9.e011 @.000 -7.908 9.e00 -0.eel -8.eel
Expander:TEG e.eell ©.e00 7.9e8 ©.e0e e.eel 0.e01
Reboiler:Seperator ©.eees8 @.e04 ©.206 ©.838 -@.ee7 2.0ee9
Reboiler:Booster 4,.376e-85 @.000 ©.288 8.775 -@.000 0.000
Reboiler:TEG -9.376e-05 @.eee -8.618 8.542 -@.0e20 @.eeo
Seperator:Booster -@.eels @.ee8 -0.206 ©.839 -0.0e17 e.el4
Seperator:TEG -@.e359 @.ee8 -4.736 ©.e0e -@.8e52 -2.020
Booster:TEG -8.e014 @.e00 -4.654 0.e00e -0.802 -0.001
Expander2 ©.e0e2 @.eee @.735 ©.469 -@.ee0 @.eel1
Reboiler2 -9.ee02 ©.000 -©.906 8.373 -0.e01 ©.e00
0.0261 @.051 .515 -0.978 e.130
Booster ©.eee9 @.ee1 ©.940 B.356 -0.801 ©.0e03
TEG2 ©.eee7 e.ee1 e.735 ©.469 -9.001 ©.0e03
Omnibus: ©.411 Durbin-Watson: 2.429
Prob(Omnibus): ©.814 Jarque-Bera (JB): 0.106
Skew: -0.113 Prob(JB): ©.948
Kurtosis: 3.865 Cond. No. 1.30e+07
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P > | t | values above 0.05 are removed one by one, starting usually with a second order terms. In
the 2™ run Seperator?2 is removed.

OLS Regression Results

Dep. Variable: HHV  R-squared: 2.999
Model: OLS Adj. R-squared: ©.998
Method: Least Squares F-statistic: 1469
Date: Thu, @7 Aug 2014 Prob (F-statistic): 1.25e-34
Time: 12:10:52 Log-Likelihood: 97.341
No. Observations: 46  AIC: -154.7
Df Residuals: 26 BIC: | -118.1
Df Model: 19

coef std err t P>|t]| [95.0% Conf. Int.]
Intercept 41.0145 7.627 5.378 @.e0e 25.337 56.692
Expander ©.1533 0.823 6.739 @.eee @.1e7 9.200
Reboiler 8.0112 0.020 @.573 9.571 -8.029 9.e51
Seperator 1.1839 ©.668 1.773 ©.088 -9.1389 2.556
Booster -8.13e5 8.174 -0.751 9.460 -9.488 @.227
TEG 2.2411 8.865 3.713 9.eel e.1e3 @.375
Expander:Reboiler 6.25e-06 6.86e-85 0.091 ©.928 -9.000 @.000
Expander:Seperator -g.ee47 8.003 -1.367 ©.183 -0.012 @.002
Expander:Booster -8.eell 0.000 -8.022 @.eee -8.00l -@.eel
Expander:TEG @.e011 0.000 8.822 ©.000 0.e01 @.001
Reboiler:Seperator] -3.018e-15 ©.003 -8.8le-13 [ 1.000 -0.007 0.007
Reboller:Booster 1.25e-85 0.000 0.091 9.928 -@.0ee ©.000
Reboiler:TEG -6.25e-05 8.eee -8.456 9.652 -8.000 ©.000
Seperator:Booster -2.0031 0.007 -9.456 9.652 -8.017 9.011
Seperator:TEG -@.8344 8.007 -5.014 ©.000 -9.0438 -e.020
Booster:TEG -2.0013 0.000 -4.923 ©.000 -8.002 -e.eel
Expander2 9.e002 ©.000 ©.738 ©.467 -9.000 @.eel1
Reboiler2 -98.ee02 0.06ee -0.928 @.362 -0.001 ©.000
Booster2 2.00e9 0.e01 ©.946 @.353 -@.001 @.ee3
TEG2 ©.0ee7 8.e0l ©.738 9.467 -g.eel @.ee3
Omnibus: ©.759 Durbin-Watson: 2.427
Prob(Omnibus): 8.684 Jarque-Bera (JB): @.359
Skew: -8.212 Prob(J3B): 2.836
Kurtosis: 3.892 Cond. No. 1.30e+07
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Reboiler:Seperator is removed in the 3™ run since it has a maximum value for P > | t|.

OLS Regression Results

.e11
.e21
.eel
.ee1

.ees

Dep. Variable: HHV  R-squared: ©9.999
Model: OLS Adj. R-squared: ©2.998
Method: Least Squares F-statistic: 1610.
Date: Thu, 87 Aug 2014 Prob (F-statistic): 3.84e-36
Time: 12:12:22 Log-Likelihood: 97.341

No. Observations: 46  AIC: -156.7

Df Residuals: 27 BIC: -121.9

Df Model: 18

coef std err t P>|t] [95.8% Conf. Int.]

Intercept 41.8145 7.482 5.482 e.eee 25.663 56.
Expander 9.1533 ©.022 6.867 ©.000 e.1e7 0.
Reboiler 2.0112 2.e18 8.639 ©.528 -0.025 e.
Seperator 1.1339 8.65@ 1.822 @.ese -8.149 2,
Booster -@.13e5 0.171 -0.765 9.451 -9.481 e.
TEG 2.2411 @.e64 3.784 ©.001 e.l1l1e e.
Expander:Reboiler 6.25e-86 6.73e-05 9.093 0.927 -0.000 e.
Expander:Seperator -0.0e47 0.ee3 -1.393 0.175 -0.012 Q.
Expander:Booster -8.0011 ©.000 -8.175 ©.000 -9.0e1 -0.
Expander:TEG e.eell @.eee 8.175 0.ee0 6.eel 0.
(Reboiler:Booster ]  1.25e-@5 0.000 0.093 -0.000 0.
Reboiler:TEG -6.25e-65 @.ee0 -0.464 ©.646 -0.000 0.
Seperator:Booster -0.0031 e.ee7 -0.464 @.646 -0.017 <]
Seperator:TEG -8.0344 e.ee7 -5.109 @.eee -8.e438 -e
Booster:TEG -8.6013 0.e60 -5.017 0.ee0 -98.002 -e
Expander2 @.0eee2 ©.e00 e.752 ©.459 -9.000 ]
Reboiler2 -8.06002 @.eee -8.946 ©.353 -8.e0l 0.
Booster2 ©.eee9 @.eel 8.964 0.344 -0.eel e
TEG2 @.eee7 @.eel 8.752 2.459 -8.001 Q.
Omnibus: ©.759 Durbin-Watson: 2.427
Prob(Omnibus): ©.684 Jarque-Bera (JB): 2.359
Skew: -8.212 Prob(3JB): 9.836
Kurtosis: 3.092 Cond. No. 1.30e+07
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Reboiler:Booster is removed for the 4™ run.

OLS Regression Results

Dep. Variable: HHV  R-squared: 0.999
Model: 0OLS Adj. R-squared: 8.999
Method: Least Squares F-statistic: 1768.
Date: Thu, @7 Aug 2014 Prob (F-statistic): 7.10e-38
Time: 12:13:13  Log-Likelihood: 97.334
No. Observations: 46  AIC: -158.7
Df Residuals: 28 BIC: -125.8
Df Model: 17
coef std err t P> t| [95.8% Conf. Int.]

Intercept 40.9864 7.342 5.582 0.000 25.947 56.026
Expander 8.1533 8.0822 6.992 9.e00 @.1es8 8.198
Reboiler @.e123 e.e12 9.989 8.331 -0.013 8.e338
Seperator 1.1839 ©.633 1.855 8.274 -0.123 2.491
Booster -0.1302 0.163 -0.777 0.444 -0.474 9.213

0.2411 0.063 3.853 L 9.113 0.369
6.25¢-06  6.6le-05 e.005 (__0.925 ] -0.000  ©.000
Expander:Seperator -0.e047 0.003 -1.419 0.167 -0.011 0.002
Expander:Booster -0.0011 0.0e00 -8.324 0.000 -0.001 -0.001
Expander:TEG @.eell e.eee 8.324 @.eee @.eel @.eel
Reboiler:TEG -6.25e-85 ©.eee -0.473 0.64@ -@.eee e.e0e
Seperator:Booster -8.e831 0.0ee7 -8.473 0.648 -8.e17 e.ele
Seperator:TEG -0.8344 0.007 -5.202 0.000 -8.048 -9.021
Booster:TEG -8.ee13 e.eee -5.18e8 8.eee -0.002 -8.e0e1
Expander2 ©2.e802 2.e00 8.765 8.451 -@.000 8.eel1
Reboiler2 -0.e002 ©.0e00 -0.963 9.344 -@.eel1 ©.e00
Booster2 ©.e009 0.00l 9.981 ©.335 -0.001 9.e03
TEG2 @.ee07 .00l @.765

9.451 -0.001 9.e03

Prob(Omnibus): ©.695 Jarque-Bera (JB): 0.346
Skew: -8.268 Prob(3B): 9.841
Kurtosis: 3.881 Cond. No. 1.26e+87
5" run - Expander:Reboiler removed.
OLS Regression Results

Dep. Variable: HHV  R-squared: @.999
Model: OLS Adj. R-squared: ©.999
Method: Least Squares F-statistic: 1945.
Date: Thu, @7 Aug 2014 Prob (F-statistic): 1.58e-39
Time: 12:15:29  Log-Likelihood: 97.327
No. Observations: 46  AIC: -160.7
Df Residuals: 29 BIC: -129.6
Df Model: 16

coef std err t P>|t| [95.0% Conf. Int.]
Intercept 40.9809 7.215 5.68@ ©.000 26.224 55.738
Expander 8.1534 9.e21 7.142 ©.000 e.11e 0.197
Reboiler 8.0125 e.el2 1.042 ©8.386 -9.012 8.e37
Seperator 1.1839 8.627 1.888 09.069 -8.099 2.467
Booster -@.13e2 2.165 -8.791 0.436 -8.467 2.207
TEG 2.2411 9.062 3.920 ©.000 @.115 0.367
Expander:Seperator -0.0047 @.ee3 -1.444 0.160 -8.011 @.ee2
Expander:Booster -0.0011 0.000 -8.47e ©.000 -0.001 -0.001
Expander:TEG e.eell 8.e00 8.47@ ©.000 @.e0l 8.8l
Reboiler:TEG -6.25e-05 0.000 -08.4381 8.634 -0.000 2.000
Seperator:Booster -@.0031 9.006 -0.431 8.634 -8.016 e.ele
Seperator:TEG -9.0344 2.006 -5.294 ©.000 -0.043 -9.021
Booster:TEG -0.0013 0.e00 -5.197 0.000 -0.002 -0.001
Expander2 ©.0002 0.000 8.779 0.442 -0.000 2.001
Reboiler2 -08.0802 8.e80 -8.98@ 8.335 -8.ee1 2.eee
Booster2 8.0009 2.e01 9.999 0.326 -9.001 2.003
TEa2 ) 0.0007 0.001 e.779 (2222 ) -0.001 2.003
Omnibus: ©.783 Durbin-Watson: 2.422
Prob(Omnibus): ©.676 Jarque-Bera (JB): @.366
Skew: -0.212 Prob(JB): @.833
Kurtosis: 3.184 Cond. No. 1.25e+87
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The second order term TEG2 is removed for the 6™ run.
OLS Regression Results

Dep. Variable: HHV ~ R-squared: 8.999
Model: OLS Adj. R-squared: 9.999
Method: Least Squares F-statistic: 21e2.
Date: Thu, @7 Aug 2014 Prob (F-statistic): 4.53e-41
Time: 12:15:58  Log-Likelihood: 96.851
No. Observations: 46  AIC: -161.7
Df Residuals: 3@ BIC: -132.4
Df Model: 15
coef std err t P> |t| [95.8% Conf. Int.]
Intercept 42.1878 7.e01 6.026 0.0e0 27.891 56.485
Expander ©.1497 9.021 7.198 0.000 @.107 0.192
Reboiler 2.0e099 e.ell @.360 0.396 -@.214 @.e33
Seperator 1.1839 0.623 1.900 0.067 -0.e89 2.456
Booster -8.169@ 8.156 -1.e83 8.287 -98.488 @.15e
TEG 9.2836 2.828 19.079 0.000 9.226 2.341
Expander:Seperator -9.0047 @.0e3 -1.453 08.157 -9.011 @.e02
Expander:Booster -@.e011 e.ee0 -8.526 ©.000 -9.001 -9.001
Expander:TEG 9.e011 0.000 8.526 0.000 @.e01 @.e01
Reboiler:TEG -6.25e-85 ©.000 -@.484 0.632 -0.000 e.e0e
Seperator:Booster -0.0031 0.006 -0.484 0.632 -0.016 e.ele
Seperator:TEG -8.8344 2.e86 -5.329 0.000 -8.e438 -8.021
Booster:TEG -8.0013 0.0200 -5.232 0.000 -8.e02 -e.e0l
Expander2 @.ee02 ©.000 1.873 9.292 -0.000 @.e01
(Reboilerz ) -e.ece2 0.080 -0.785 -0.001  ©.000
00STer @.e011 8.e8l1 1.385 0.0 -9.e01 @.ee3
Omnibus: ©.973 Durbin-Watson: 2.423
Prob(Omnibus): ©.615 Jarque-Bera (JB): @.296
Skew: -9.218 Prob(J8): 08.863
Kurtosis: 3.391 Cond. Ne. 1.22e+07
7™ run — Reboiler2 removed
OLS Regression Results
Dep. Variable: HHVY  R-squared: ©9.999
Model: OLS Adj. R-squared: 0.999
Method: Least Squares F-statistic: 2280.
Date: Thu, @7 Aug 2014 Prob (F-statistic): 1.25e-42
Time: 12:16:27  Log-Likelihood: 96.383
No. Observations: 46  AIC: -162.8
Df Residuals: 31 BIC: -135.3
Df Model: 14
coef std err t P>|t| [95.0% Conf. Int.]
Intercept 39.811e 6.273 6.346 0.000 27.017 52.605
Expander 9.1548 0.020 7.899 0.8 2.115 0.195
Reboiler @.0014 0.004 9.360 8.721 -0.ee7 8.009
Seperator 1.1839 0.619 1.912 ©.865 -2.879 2.447
Booster -8.1159 @.140 -@.83@ @.413 -@.401 0.169
TEG ©.2836 0.028 10.142 0.000 0.227 0.341
Expander:Seperator -@.ee47 @.ee3 -1.462 @.154 -@.0e11 ©8.0082
Expander:Booster -8.0011 0.000 -8.579 @.000 -8.001 -8.001
Expander:TEG 2.eell 0.000 8.579 ©.000 2.001 9.001
Rebod H -6.25e-@5 0.000 -0.487 R.529 -0.000 ©.000
-0.0031 0.006 -0.487 -0.016 0.010
Seperator:TEG -9.8344 8.006 -5.362 9.000 -8.847 -8.021
Booster:TEG -@.eel13 0.eee -5.264 2.000 -9.ee2 -8.eel
Expander2 @.0002 0.000 0.817 9.420 -9.000 0.001
Booster2 ©.0008 0.001 1.076 9.290 -0.0e1 0.002
Omnibus: 8.816 Durbin-Watson: 2.346
Prob(Omnibus): ©.665 Jarque-Bera (JB): 0.211
Skew: ©.251 Prob(JB): 0.900
Kurtosis: 3.316 Cond. No.

1.10e+07
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8" run — Seperator:Booster removed.

OLS Regression Results

Dep. Variable:
Model:
Method:

Date:

Time:

No. Observations:
Df Residuals:

Df Model:

HHV

oLs

Least Squares
Thu, @7 Aug 2014
12:17:04

R-squared:

Adj. R-squared:
F-statistic:

Prob (F-statistic):
Log-Likelihood:
AIC:

BIC:

2.999
8.999
2515.
2.74e-44
96.207
-164.4
-138.8

Intercept 40.4579 6.0538 6.679 e.eee 28.119 52.797

Expander 8.1548 2.019 7.994 8.000 0.115 8.194

Reboiler e.eeld e.ee4 @.365 8.718 -@.ee6 0.ee9

Seperator 8.9827 8.222 4.064 0.000 @.45@ 1.355

Booster -9.1231 8.137 -8.897 8.377 -9.483 9.156

TEG @.2836 @.e28 1e.265 e.eee @.227 e.340

Expander:Seperator -8.ee47 @.ee3 -1.430 8.149 -8.011 0.e82

Expander:Booster -9.e011 0.e00 -8.683 o.eee -8.e0l -9.e01

Expander:TEG e.eell e.eee 8.683 e.eee e.eel e.eel

Reboiler:TEG -6.25e-05 0.eee -9.493 0.625 -@.000 0.eee

Seperator:TEG -9.0344 9.006 -5.427 o.eee -0.e47 -9.e21

Booster:TEG -@.e014 e.eee -5.328 8.eee -@.ee2 -@.eel

Expander2 0.0002 0.000 0.826 -8.000 0.001

Booster2 0.e003 e.eel 1.e89 8.284 -@.eel e.ee2

Omnibus: ©.876 Durbin-Watson: 2.328

Prob(Omnibus): ©.645 Jarque-Bera (JB): 0.238

Skew: ©.013  Prob(38): ©.888

Kurtosis: 3.352 Cond. No. 1.87e+07

9" run — Expander2 removed.

OLS Regression Results

Dep. Variable: HHV  R-squared: ©.999

Model: OLS Adj. R-squared: ©.999

Method: Least Squares F-statistic: 2751.

Date: Thu, @7 Aug 2014 Prob (F-statistic): 7.12e-46

Time: 12:17:37  Log-Likelihood: 95.721

No. Observations: 46  AIC: -165.4

Df Residuals: 33 BIC: -141.7

Df Model: 12

coef std err t P>|t] [95.0% Conf. Int.]

Intercept 44,2123 3.988 11.e88 @.eee 36.1e@ 52.325

Expander ©8.1658 e.el4 11.847 ©.eee 8.137 8.194

Reboiler 2.eel4 e.ee4 8.367 8.716 -2.0ee6 e.ee9

Seperator 2.9027 e.221 4.e83 ©.eee 8.453 1.352

Booster -9.21e7 @.es87 -2.431 ©.e21 -8.387 -8.834

TEG ©.2836 e.027 10.315 ©.000 9.228 9.348

Expander:Seperator -8.ee47 e.ee3 -1.487 9.146 -.0e11 8.e82

Expander:Booster -8.eell 2.0e0 -8.725 ©.eee -9.e01 -9.e01

Expander:TEG 8.ee11 @.eee 8.725 .00 @.ee1 @.ee1
-6.25e-05 e.00  -0.496 [_e.623 -0.00¢  ©.000

Seperator:TEG -9.0344 @e.ee6 -5.453 ©.eee -@.047 -.022

Booster:TEG -@.ee13 2.ee0 -5.354 ©.eee -@.002 -@.eel

Booster2 9.0013 2.000 2.747 e.ele ©.000 8.e02

Omnibus: @.551 Durbin-Watson: 2.326

Prob(Omnibus): @.759 Jarque-Bera (JB): 9.123

Skew: -8.898 Prob(JB): 9.941

Kurtosis: 3.160 Cond. No. 7.82e+06
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10" run — Reboiler: TEG removed.

OLS Regression Results

Dep. Variable: HHV  R-squared: ©.999

Model: OLS Adj. R-squared: 2.999

Method: Least Squares F-statistic: 3e70.

Date: Thu, 7 Aug 2014 Prob (F-statistic): 1.41e-47

Time: 12:18:09 Log-Likelihood: 95.551

No. Observations: 46 AIC: -167.1

Df Residuals: 34 BIC: -145.2

Df Model: 11

coef std err t P>|t| [95.0% Conf. Int.]

Intercept 44,2592 3.942 11.228 ©.000 36.248 52.27e
Expander 9.1658 9.014 11.98@ 9.000 ©.138 9.194
(Reboiler )  -e.eees 0.001 -0.778 -0.002  ©.001
Seperator ©8.9e27 ©.219 4.130 ©.000 ©.458 1.347
Booster -9.2107 ©.086 -2.459 0.019 -9.385 -9.037
TEG 9.2821 8.027 10.443 ©.000 0.227 9.337
Expander:Seperator -9.0ee47 0.003 -1.5e4 ©8.142 -@.el11 0.002
Expander:Booster -8.0011 8.eee -8.824 ©.eee -9.eel -9.e0l1
Expander:TEG 0.0011 @.eee 8.824 ©.000 @.e01 @.eel
Seperator:TEG -0.0344 0.0ee6 -5.515 9.000 -0.047 -9.022
Booster:TEG -8.0e13 9.000 -5.415 9.000 -9.ee2 -9.e01
Booster2 @.ee13 @.eee 2.778 @.00e9 @.ee0 @.ee2
Omnibus: ©.335 Durbin-Watson: 2.323
Prob(Omnibus): ©.846 Jarque-Bera (JB): 2.041

Skew: -8.865 Prob(JB): 8.980
Kurtosis: 3.869 Cond. No. 6.99e+06

11™ run — Reboiler removed

OLS Regression Results

Dep. Variable: HHV  R-squared: 9.999

Model: OLS Adj. R-squared: ©.999

Method: Least Squares F-statistic: 3415.

Date: Thu, @7 Aug 2014 Prob (F-statistic): 3.15e-49

Time: 12:18:41  Log-Likelihood: 95.145

No. Observations: 46  AIC: -168.3

Df Residuals: 35 BIC: -148.2

Df Model: 1e

coef std err t P>|t]| [95.0% Conf. Int.]

Intercept 44,2474 3.920 11.288 9.eee 36.290 52.205
Expander ©.1658 8.e14 12.848 8.eee 8.138 8.194
Seperator ©.9e27 8.217 4.153 8.0ee 9.461 1.344
Booster -0.2107 @.e85 -2.473 2.0e138 -8.384 -9.838
TEG ©.2821 0.027 10e.502 0.000 ©.228 ©8.337
(Expander:Seperator])  -0.0047 .003  -1.513 -0.011  0.002
Expander:Booster -8.0e11 2.000 -8.874 9.000 -@.eel -9.eel
Expander:TEG 9.eel1l1 2.eee 8.874 9.eee 8.ee1 8.eel
Seperator:TEG -0.0344 ©8.006 -5.546 9.0ee -8.e47 -0.822
Booster:TEG -8.ee13 e.eee -5.445 9.eee -8.ee2 -8.eel
Booster2 @.eel3 e.ee0 2.794 9.ees e.eee 8.ee2
Omnibus: ©.573  Durbin-Watson: 2.25@
Prob(Omnibus): 8.751 Jarque-Bera (JB): 9.214

Skew: -@.161  Prob(JB): 2.899
Kurtosis: 3.e86 Cond. No. 6.99e+06
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12" and final run — Expander:Seperator removed
OLS Regression Results

Dep. Variable:
Model:

Method:

Date:

Time:

No. Observations:

Df Residuals:
Df Model:

oLs
Least Squares
Thu, @7 Aug 2014

R-squared:

Adj. R-squared:
F-statistic:

Prob (F-statistic):
Log-Likelihood:

Intercept
Expander
Seperator
Booster

TEG
Expander:Booster
Expander:TEG
Seperator:TEG
Booster:TEG
Booster2

AIC:

BIC:
t P>|t]
11.209 9.0e0
12.939 9.000
3.853 0.000
-2.430 0.020
10.319 0.000
-8.719 9.000
8.719 0.eee
-5.449 9.0ee
-5.350@ 9.0e0
2.745 0.ee9

Omnibus:
Prob(Omnibus):
Skew:
Kurtosis:

12:19:35

46

36

9

coef std err
44,6248 3.981
©.1551 9.012
©.7386 0.192
-0.2107 9.887
©.23821 0.027
-0.0011 0.000
0.0011 e.eee
-2.8344 ©.006
-0.0014 0.eee
9.00e13 e.eee
2.164

9.921

-90.125

2.812

Durbin-Watson:
Jarque-Bera (JB):
Prob(3B):

Cond. No.

-0.e22

@.ee2

The number of terms has been reduced and the R-squared value is very close to 1, which indicates a
good fitted model. These runs are performed multiple times for each model, where the chosen first
terms are varying in some extend to see if another results would occur. The P > | t | values are
changing depending on the term excluded from the model.
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Appendix 1.3 — Entire Python Code Script
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# -*- coding: utf-8 -*-

Created on Mon Aug 04 10:04:30 2014

@author: KARR

import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

from pandas import DataFrame

import statsmodels.formula.api as sm

import statsmodels.api as smapi

import statsmodels.graphics.regressionplots as regplot
from statsmodels.graphics.regressionplots import *
import seaborn as sns

Location = r'\\ramoil.ramboll-group.global.network\Common\GlobalProjects\2014
'\1100011376\P-Process\Design of experiment\Sim_data.csv’

df = pd.read_csv(Location, sep=";")

print df

'Regression models’

#Start conditions: results = sm.ols('Power ~ (Expander+Reboiler+Seperator+
#Booster+TEG)**2 +Expander2 + Reboiler2 + Seperator2 + Booster2 + TEG2',
#data=df).fit()

'First results before correcting dataset'

results = sm.ols('NGL ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:Reboiler - Expander:TEG - Reboiler:Booster - Reboiler:Seperator -
'Reboiler:TEG - Expander:Seperator - Seperator -Seperator:Booster - Booster:TEG
' + Reboiler2 + Booster2', data=df).fit()

resultsl = sm.ols('RVP ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Reboiler:Booster - Expander:TEG - Expander:Seperator - Reboiler:Seperator -
'Expander:Reboiler - Reboiler:TEG - Booster:TEG - Seperator:TEG -
'Seperator:Booster - Seperator - Booster - Reboiler + Reboiler2 +
'Seperator2', data=df).fit()

results2 = sm.ols('HHV ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:Reboiler - Reboiler:Seperator - Reboiler:TEG - Reboiler:Booster -'
'Seperator:Booster - Expander:Seperator - TEG - Reboiler - Seperator+Expander2
'+ Booster2 + TEG2', data=df).fit()

results3 = sm.ols('SG ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Reboiler:TEG - Reboiler:Seperator - Expander:Reboiler - Reboiler:Booster -
'Seperator:Booster - Expander:Seperator - TEG - Reboiler - Seperator +Expander2
'+ Booster2 + TEG2', data=df).fit()

results4 = sm.ols('Wobbe ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Reboiler:TEG - Reboiler:Booster - Expander:Reboiler - Reboiler:Seperator -
'Seperator:Booster - Expander:Seperator - TEG - Reboiler - Seperator + Expander2
'+ Booster2 + TEG2', data=df).fit()

results5 = sm.ols('Power ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:Reboiler - Reboiler:Seperator - Booster:TEG - Expander:TEG -
'Reboiler:TEG - Reboiler:Booster - Expander:Seperator - Seperator:Booster -
'Expander:Booster - Reboiler + Booster2', data=df).fit()

results6é = sm.ols('Dew ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:Reboiler - Reboiler:Seperator - Reboiler:Booster - Expander:Seperator
'- Reboiler:TEG - TEG - Booster:TEG - Seperator:Booster - Expander:Booster -
'Seperator - Expander:TEG - Reboiler + Booster2 + TEG2', data=df).fit()

'Second go :-)'

results = sm.ols('NGL ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Reboiler:Seperator - Expander:TEG - Reboiler:TEG - Expander:Seperator -
'Expander:Reboiler - Reboiler:Booster - Seperator:Booster - Seperator’,



data=df).fit()

resultsl = sm.ols('RVP ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:TEG - Reboiler:Seperator - Reboiler:TEG - Expander:Seperator -
'Expander:Reboiler - Seperator + Reboiler2 + TEG2', data=df).fit()

results2 = sm.ols('HHV ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Reboiler:Seperator - Reboiler:Booster - Expander:Reboiler - Seperator:Booster
'- Reboiler:TEG - Reboiler - Expander:Seperator + Booster2', data=df).fit()

results3 = sm.o0ls('SG ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:Reboiler - Reboiler:Booster - Reboiler:Seperator - Reboiler:TEG
'-Seperator:Booster - Reboiler + Booster2', data=df).fit()

results4 = sm.ols('Wobbe ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Expander:Reboiler - Reboiler:Booster - Reboiler:Seperator - Seperator:Booster
'- Reboiler:TEG - Reboiler - Expander:Seperator + Booster2', data=df).fit()

results5 = sm.ols('Power ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Booster - Reboiler:Seperator - Reboiler - Expander:Reboiler - Reboiler:TEG
'+Expander2 + Seperator2 + Booster2 + TEG2', data=df).fit()

results6é = sm.ols('Dew ~ (Expander+Reboiler+Seperator+Booster+TEG)**2 -
'Reboiler:TEG - Reboiler - Expander:Reboiler - Booster - Reboiler:Seperator -
'Expander:Seperator - Reboiler:Booster +Expander2', data=df).fit()

print results.summary()

print resultsl.summary()
print results2.summary()
print results3.summary()
print results4.summary()
print results5.summary()
print results6.summary()

def Power(Expander, Reboiler, Seperator, Booster, TEG):

ExpC=-162.7289
SepC=-1823.7320
TEGC=-166.4767
ExpSepC=28.6875
ExpBoosC=-1.2327
ExpTEGC=0.7800
RebBoosC=0.0258
SepBoosC=-43.7112
SepTEGC=67.0597
BoosTEGC=-3.2682
Exp2C=1.4819
Sep2C=93.7959
Boos2C=1.8744
TEG2C=3.0675
Int=1.72e+04

respower = ExpC*Expander + SepC*Seperator + TEGC*TEG + ExpSepC*Expander*
Seperator + ExpBoosC*Expander*Booster + ExpTEGC*Expander*TEG + RebBoosC*
Reboiler*Booster + SepBoosC*Seperator*Booster + SepTEGC*Seperator*TEG +
BoosTEGC*Booster*TEG + Exp2C*Expander*Expander + Sep2C*Seperator*Seperator
+ Boos2C*Booster*Booster + TEG2C*TEG*TEG + Int

return respower

def Wobbe(Expander, Reboiler, Seperator, Booster, TEG):

ExpC=0.0862

SepC=0.3914

BoosC=-0.1072

TEGC=0.1550

ExpBoosC=-0.0006

ExpTEGC=0.0006

SepTEGC=-0.0184

BoosTEGC=-0.0007



Boos2(C=0.0007
Int=56.6857

reswobbe = ExpC*Expander + SepC*Seperator + BoosC*Booster + TEGC*TEG +
ExpBoosC*Expander*Booster + EXpTEGC*Expander*TEG + SepTEGC*Seperator*TEG
+ BoosTEGC*Booster*TEG + Boos2C*Booster*Booster + Int

return reswobbe

def SG(Expander, Reboiler, Seperator, Booster, TEG):
ExpC=0.0029
SepC=0.0159
BoosC=-0.0035
TEGC=0.0048
ExpSepC=-9.062e-05
ExpBoosC=-1.887e-05
EXpTEGC=1.838e-05
SepTEGC=-0.0006
BoOsSTEGC=-2.25e-05
Bo0s2C=2.204e-05
Int=0.6699

ressg = ExpC*Expander + SepC*Seperator + BoosC*Booster + TEGC*TEG +
ExpSepC*Expander*Seperator + ExpBoosC*Expander*Booster + ExpTEGC*Expander
*TEG + SepTEGC*Seperator*TEG + BoosTEGC*Booster*TEG + Boos2C*Booster*
Booster + Int

return ressg

def HHV(Expander, Reboiler, Seperator, Booster, TEG):

ExpC=0.1551
SepC=0.7386
BoosC=-0.2107
TEGC=0.2821
ExpBoosC=-0.0011
ExpTEGC=0.0011
SepTEGC=-0.0344
BoosTEGC=-0.0014
B00s2C=0.0013
Int=44.6248

reshhv = ExpC*Expander + SepC*Seperator + BoosC*Booster + TEGC*TEG +
ExpBoosC*Expander*Booster + ExXpTEGC*Expander*TEG + SepTEGC*Seperator*TEG +
BoosTEGC*Booster*TEG + Boos2C*Booster*Booster + Int

return reshhv

def RVP(Expander, Reboiler, Seperator, Booster, TEG):

ExpC=-0.3862
RebC=0.0903
Boos(C=-0.1227
TEGC=-0.9514
ExpBoosC=0.0031
RebBoosC=-0.0007
SepBo0sC=0.0163
SepTEGC=0.0490
BoosTEGC=0.0027
Reb2C=-0.0009
TEG2C=0.0060
Int=38.3067

resrvp = ExpC*Expander + RebC*Reboiler + BoosC*Booster + TEGC*TEG +
ExpBoosC*Expander*Booster + RebBoosC*Reboiler*Booster + SepBoosC*Seperator*
Booster + SepTEGC*Seperator*TEG + BoosTEGC*Booster*TEG + Reb2C*Reboiler*
Reboiler + TEG2C*TEG*TEG + Int

return resrvp

def NGL(Expander, Reboiler, Seperator, Booster, TEG):
ExpC=-97.5646
RebC=-4.6692



def

BoosC=-31.7798
TEGC=-164.7876
ExpBoosC=0.7904
SepTEGC=18.2413
BoosTEGC=0.7947
Int=7797.0129

resngl = ExpC*Expander + RebC*Reboiler + BoosC*Booster + TEGC*TEG +
ExpBoosC*Expander*Booster + SepTEGC*Seperator*TEG + BoosTEGC*Booster*
TEG + Int

return resngl

Dew(Expander, Reboiler, Seperator, Booster, TEG):
ExpC=1.8594
SepC=13.6961
TEGC=2.6635
ExpBoosC=-0.0043
EXpTEGC=-0.0040
SepBoosC=-0.0801
SepTEGC=-0.3040
BoosTEGC=-0.0063
Exp2C=-0.0055
Int=-121.1210

resdew = ExpC*Expander + SepC*Seperator + TEGC*TEG + ExpBoosC*Expander*
Booster + ExpTEGC*Expander*TEG + SepBoosC*Seperator*Booster + SepTEGC*
Seperator*TEG + BoosTEGC*Booster*TEG + Exp2C*Expander*Expander + Int
return resdew

print Wobbe(35, 25, 2.3, 90, 30)
print SG(35, 25, 2.3, 90, 30)
print HHV(35, 25, 2.3, 90, 30)
print Dew(35, 25, 2.3, 990, 30)
print Power(35, 25, 2.3, 90, 30)
print RVP(35, 25, 2.3, 90, 30)
print NGL(35, 25, 2.3, 90, 30)

'Optimization’
from scipy.optimize import minimize

def

def

def

def

def

f1(x):

return -1*(1.8594*x[0] + 13.6961*x[2] + 2.6635*x[4] - 0.0043*x[0]*x[3] -
0.0040*x[0]*x[4] - 0.0801*x[2]*x[3] - 0.3040*x[2]*x[4] - 0.0063*x[3]*x[4]
- 0.0055*x[0]*x[0] - 121.1210) - 2

f2(x):

return -1*(0.0862*x[0] + 0.3914*x[2] - 0.1072*x[3] + 0.1550*x[4] -
0.0006*x[0]*x[3] + 0.0006*x[0]*x[4] - ©.0184*x[2]*x[4] - 0.0007*x[3]*x[4]
+ 0.0007*x[3]*x[3] + 56.6857) + 56.2

Wobbe2(x) :

return 0.0862*x[0] + 0.3914*x[2] - 0.1072*x[3] + 0.1550*x[4] - 0.0006*x[0]
*x[3] + 0.0006*x[B]*x[4] - 0.0184*x[2]*x[4] - 0.0007*x[3]*x[4] + 0.0007
*x[3]*x[3] + 56.6857

f3(x):

return -1*(0.1551*x[0] + ©.7386*x[2] - ©.2107*x[3] + 0.2821*x[4] -
0.0011*x[0]*x[3] + 0.0011*x[0]*x[4] - 0.8344*x[2]*x[4] - 0.0014*x[3]*x[4]
+ 0.0013*x[3]*x[3] + 44.6248) + 46

fa(x):

return -1*(0.0029*x[0] + 0.0159*x[2] - ©.0035*x[3] + 0.0048*x[4] -
9.062e-05*x[0]*x[2] - 1.887e-05*x[0]*x[3] + 1.838e-05*x[0]*x[4] -



0.0006*x[2]*x[4] - 2.25e-05*x[3]*x[4] + 2.204e-05*x[3]*x[3] + 0.6699) + 0.7
def f5(x):
return -1*(-0.3862*x[0] + 0.0903*x[1] - 0.1227*x[3] - 0.9514*x[4] +

0.0031*x[0]*x[3] - 0.0007*x[1]*x[3] + 0.0163*x[2]*x[3] + ©.0490*x[2]*x[4]
+ 0.0027*x[3]*x[4] - 0.0009*x[1]*x[1] + 0.0060*x[4]*x[4] + 38.3067) + 12

def objectivefun(x):

return -162.7289*x[0] - 1823.7320*x[2] - 166.4767*x[4] + 28.6875*x[0]*x[2]
- 1.2327*x[0]*x[3] + 0.7800*x[0]*x[4] + 0.0258*x[1]*X[3] - 43.7112*x[2]
*x[3] + 67.0597*x[2]*x[4] - 3.2682*x[3]*x[4] + 1.4819*x[0]*x[@] + 93.7959
*x[2]1*x[2] + 1.8744*%x[3]*x[3] + 3.0675*x[4]*x[4] + 1.72e+04

cons = ({'type': 'ineq', 'fun': f1},
{'type': 'ineq', 'fun': f2},
{'type': 'ineq', 'fun': f3},
{"type': 'ineq', 'fun': f4})

bnds = ((25, 45), (15, 35), (2.1, 2.5), (85, 95), (25, 35))

'Initial guess independt variables'
x0 = [35, 25, 2.3, 90, 30]

res = minimize(objectivefun, x@, method='SLSQP', bounds=bnds, constraints=cons)

print res
print fl(res['x'])
print f2(res['x'])
print f3(res['x'])
x"1)
ew

print f4(res['x’
print "Dew =", D
print "Wobbe =",
Wobbe(res[ 'x"'][@],res['x"'J[1],res['x"][2],res[ 'x"][3],res['x"][4])

print "SG =", SG(res['x'][@],res['x'][1],res['x"][2],res['x"][3],res['x"']1[4])
print "HHV =", HHV(res['x'][@],res['x'][1],res['x"][2],res['x"][3],res[ 'x"][4])
print "RVP =", RVP(res['x'][@],res['x"][1],res['x"][2],res['x"][3],res[ 'x"][4])

(res['x"][@],res['x"][1],res['x"][2],res['x"][3],res['x"][4])

'Plots’

plt.figure(01)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.Wobbe, results4.fittedvalues, color="blue", lowess=True)
plt.savefig("Wobbe_resid.png")

plt.figure(02)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.SG, results3.fittedvalues, color="blue", lowess=True)
plt.savefig("SG_resid.png")

plt.figure(03)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.RVP, resultsl.fittedvalues, color="blue", lowess=True)
plt.savefig("RVP_resid.png")

plt.figure(04)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.HHV, results2.fittedvalues, color="blue", lowess=True)



plt.savefig("HHV_ resid.png")

plt.figure(05)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.NGL, results.fittedvalues, color="blue", lowess=True)
plt.savefig("NGL_resid.png")

plt.figure(06)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.Power, results5.fittedvalues, color="blue", lowess=True)
plt.savefig("Power_resid.png")

plt.figure(07)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.Dew, results6.fittedvalues, color="blue", lowess=True)
plt.savefig("Dew_resid.png")

plt.show()

plt.figure(1)
plt.plot(df.NGL,results.fittedvalues, 'bo')
plt.title('NGL")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("NGL_predicted_vs_simulated.png")

plt.figure(8)
plt.hist(results.norm_resid())
plt.ylabel('Count")
plt.xlabel('Normalized residuals"')
plt.title('NGL")
plt.savefig("NGL_hist_residuals.png")

plt.figure(15)

res=results.resid

fig=smapi.qqgplot(res)

plt.title('NGL")
plt.savefig("NGL_qggplot.png")
plot_leverage_resid2(results)
plt.savefig("NGL_leverage_vs_residuals.png")
influence_plot(results)
plt.savefig("NGL_influence.png")

plt.figure(2)
plt.plot(df.RVP,resultsl.fittedvalues, 'bo")
plt.title('RVP")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("RVP_predicted_vs_simulated.png")

plt.figure(9)
plt.hist(resultsl.norm_resid())
plt.ylabel('Count")
plt.xlabel('Normalized residuals')
plt.title('RVP")
plt.savefig("RVP_hist_residuals.png")

plt.figure(16)

resl=resultsl.resid

fig=smapi.qgplot(resl)

plt.title('RVP")
plt.savefig("RVP_qggplot.png")
plot_leverage_resid2(resultsl)
plt.savefig("RVP_leverage_vs_residuals.png")



influence_plot(resultsl)
plt.savefig("RVP_influence.png")

plt.figure(3)
plt.plot(df.HHV,results2.fittedvalues, 'bo")
plt.title('HHV")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("HHV predicted_vs_simulated.png")

plt.figure(10)
plt.hist(results2.norm_resid())
plt.ylabel('Count")
plt.xlabel('Normalized residuals"')
plt.title('HHV")
plt.savefig("HHV_hist_residuals.png")

plt.figure(17)

res2=results2.resid

fig=smapi.qgplot(res2)

plt.title( 'HHV")
plt.savefig("HHV_ggplot.png")
plot_leverage_resid2(results2)
plt.savefig("HHV_leverage_vs_residuals.png")
influence_plot(results2)
plt.savefig("HHV_influence.png")

plt.figure(4)
plt.plot(df.SG,results3.fittedvalues, 'bo')
plt.title('SG")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("SG_predicted_vs_simulated.png")

plt.figure(11)
plt.hist(results3.norm_resid())
plt.ylabel('Count")
plt.xlabel('Normalized residuals"')
plt.title('SG")
plt.savefig("SG_hist_residuals.png")
plt.figure(18)

res3=results3.resid
fig=smapi.qgplot(res3)
plt.title('SG")
plt.savefig("SG_qggplot.png")
plot_leverage_resid2(results3)
plt.savefig("SG_leverage_vs_residuals.png")
influence_plot(results3)
plt.savefig("SG_influence.png")

plt.figure(5)
plt.plot(df.Wobbe,results4.fittedvalues, 'bo")
plt.title( 'Wobbe")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("Wobbe_predicted_vs_simulated.png")
plt.figure(12)

plt.hist(results4.norm_resid())
plt.ylabel('Count")

plt.xlabel('Normalized residuals"')

plt.title( 'Wobbe")
plt.savefig("Wobbe_hist_residuals.png")
plt.figure(19)

res4=results4.resid

fig=smapi.qgplot(res4)

plt.title( 'Wobbe")
plt.savefig("Wobbe_qgplot.png")



plot_leverage_resid2(results4)
plt.savefig("Wobbe_leverage_vs_residuals.png")
influence_plot(results4)
plt.savefig("Wobbe_influence.png")

plt.figure(6)
plt.plot(df.Power,results5.fittedvalues, 'bo")
plt.title( 'Power")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("Power_predicted_vs_simulated.png")
plt.figure(13)

plt.hist(results5.norm_resid())
plt.ylabel('Count")

plt.xlabel('Normalized residuals"')
plt.title('Power")
plt.savefig("Power_hist_residuals.png")
plt.figure(20)

res5=results5.resid

fig=smapi.qgplot(res5)

plt.title( 'Power")
plt.savefig("Power_qgplot.png")
plot_leverage_resid2(results5)
plt.savefig("Power_leverage_vs_residuals.png")
influence_plot(results5)
plt.savefig("Power_influence.png")

plt.figure(7)
plt.plot(df.Dew,results6.fittedvalues, 'bo")
plt.title('Dew")

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model™)
plt.savefig("Dew_predicted_vs_simulated.png")
plt.figure(14)
plt.hist(results6.norm_resid())
plt.ylabel('Count")

plt.xlabel('Normalized residuals"')
plt.title('Dew")
plt.savefig("Dew_hist_residuals.png")
plt.figure(21)

resé=results6.resid

fig=smapi.qgplot(res6)

plt.title('Dew")
plt.savefig("Dew_qggplot.png")
plot_leverage_resid2(resultsé6)
plt.savefig("Dew_leverage_vs_residuals.png")
influence_plot(results6)
plt.savefig("Dew_influence.png")

plt.show()
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Appendix 2.1 — Error Propagation Applied to STA-3 MEL
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EN7-2 Bachelor Thesis Ramboll Oil & Gas, Esbjerg
STA-3

MEL

Weight Span

Equipment: (tonnes) (-30%) (+30%) Span squared

2 x Inlet Cooler (Tube side) 24.80 17.36 32.24 14.88 221.41
Test Separator Inlet Cooler 9.00 6.30 11.70 5.40 29.16
1st Stage Separator 27.00 18.90 35.10 16.20 262.44
2nd Stage Separator 12.60 8.82 16.38 7.56 57.15
3rd Stage Separator 8.40 5.88 10.92 5.04 25.40
Test Separator 10.50 7.35 13.65 6.30 39.69
2 x Crude Oil Booster Pump A/B 2.15 1.50 2.79 1.29 1.66
Crude Oil Export Cooler 2.52 1.76 3.28 1.51 2.29
2 x Crude Oil Export Pump A/B 15.26 10.68 19.84 9.16 83.83
Oil Fiscal Meter 9.00 6.30 11.70 5.40 29.16
Combined Oil and Gas Analyzer House 3.00 2.10 3.90 1.80 3.24
Oil Metering Proofer 9.00 6.30 11.70 5.40 29.16
Oil Pig Launcher 2.00 1.40 2.60 1.20 1.44
1st Stage LP Inlet Cooler 5.50 3.85 7.15 3.30 10.89
1st Stage LP Suction Scrubber 1.50 1.05 1.95 0.90 0.81
2 x LP Suction Drum Pump A/B 1.00 0.70 1.30 0.60 0.36
1st Stage LP Compressor 17.00 11.90 22.10 10.20 104.04
2nd Stage LP Compressor 0.00 0.00 0.00 0.00
2nd Stage LP Inlet Cooler 5.50 3.85 7.15 3.30 10.89
2nd Stage LP Suction Scrubber 4.00 2.80 5.20 2.40 5.76
Booster Inlet Cooler 33.60 23.52 43.68 20.16 406.43
Booster Suction Scrubber 1.20 0.84 1.56 0.72 0.52
Booster Compressor 2860 20.02 37.18 17.16 294.47
HP Compressor 0.00 0.00 0.00 0.00
Dehydration Inlet Cooler 15.90 11.13 20.67 9.54 91.01
Dehydration knock out scrubber 1.60 1.12 2.08 0.96 0.92
Glycol Contactor 4.90 3.43 6.37 2.94 8.64
Gas / Gas Exchanger 17.40 12.18 22.62 10.44 108.99
Gas / Liquid Exchanger 16.20 11.34 21.06 9.72 94.48
Expander Inlet Scrubber 3.80 2.66 4.94 2.28 5.20
Turbo Expander 4.50 3.15 5.85 2.70 7.29
LT Separator 7.40 5.18 9.62 4.44 19.71
NGL Splitter 19.80 13.86 25.74 11.88 141.13
Reboiler 2.60 1.82 3.38 1.56 2.43
HP suction scrubber 2.30 1.61 2.99 1.38 1.90
HP After cooler 6.20 4.34 8.06 3.72 13.84
Gas lift suction scrubber 1.40 0.98 1.82 0.84 0.71
Gas lift compressor 5.40 3.78 7.02 3.24 10.50
Gas lift recycle cooler 2.00 1.40 2.60 1.20 1.44
Gas lift meter 0.30 0.21 0.39 0.18 0.03
Gas Fiscal Meter 18.00 12.60 23.40 10.80 116.64
Gas Pig Launcher 2.10 1.47 2.73 1.26 1.59
Glycol Regeneration Package 9.90 6.93 12.87 5.94 35.28
3 x Cooling Medium Cooler 11.70 8.19 15.21 7.02 49.28
Cooling Medium Expansion Tank 1.60 1.12 2.08 0.96 0.92
3 x Cooling Medium Pump 13.02 9.11 16.93 7.81 61.03
Cooling Medium Filter 1.10 0.77 1.43 0.66 0.44
Cooling Medium Storage Tank 10.00 7.00 13.00 6.00 36.00
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Cooling Medium Make up Pump 1.00 0.70 1.30 0.60 0.36
Chemical Injection Package 16.00 11.20 20.80 9.60 92.16
Storage capacity all chemicals 30.00 21.00 39.00 18.00 324.00
Chemical collection tank 7.00 4.90 9.10 4.20 17.64
Chemical collection pump 0.10 0.07 0.13 0.06 0.004
HP Flare Knock out Drum 8.35 5.85 10.86 5.01 25.11
HP flare metering package 0.50 0.35 0.65 0.30 0.09
LP flare metering package 0.25 0.18 0.33 0.15 0.02
Flare ignition package 0.50 0.35 0.65 0.30 0.09
LP flare gas ejector 0.25 0.18 0.33 0.15 0.02
HP Hydro cyclone 2.20 1.54 2.86 1.32 1.74
LP Hydro cyclone 0.60 0.42 0.78 0.36 0.13
2 x Produced Water treatment Unit 27.20 19.04 35.36 16.32 266.34
2 x Water Return Pump 0.20 0.14 0.26 0.12 0.01
Fuel Gas Scrubber 0.70 0.49 091 0.42 0.18
Fuel Gas Superheater 1.00 0.70 1.30 0.60 0.36
Fuel Gas Inlet Cooler 1.80 1.26 2.34 1.08 1.17
Hypochlorite Package 1.30 0.91 1.69 0.78 0.61
Hypochlorite storage tank 3.87 2.71 5.03 2.32 5.39
2 x Seawater Lift Pump 10.15 7.11 13.20 6.09 37.12
3 x Coarse Filter 18.90 13.23 24.57 11.34 128.60
2 x Fine Filter 5.60 3.92 7.28 3.36 11.29
Sulphate Removal Package Skid 47.00 32.90 61.10 28.20 795.24
Clean In Place Package 9.00 6.30 11.70 5.40 29.16
Vacuum Deaerator 7.60 5.32 9.88 4.56 20.79
2 x Vacuum Pump 1.00 0.70 1.30 0.60 0.36
3 x Seawater Injection Booster Pump 1.50 1.05 1.95 0.90 0.81
3 x Produced Water Injection Booster Pump 1.50 1.05 1.95 0.90 0.81
3 x Water Injection Pump 32.40 22.68 42.12 19.44 37791
Fresh Water Generation Package 3.00 2.10 3.90 1.80 3.24
Fresh Water Storage Tank 0.00 0.00 0.00 0.00 0.00
2 x Fresh Water Distribution Pump 0.60 0.42 0.78 0.36 0.13
Hazardous Open Drain Tank 2.00 1.40 2.60 1.20 1.44
2 x Hazardous Open Drain Pump 0.60 0.42 0.78 0.36 0.13
Drain caisson pump 0.50 0.35 0.65 0.30 0.09
Non Hazardous Open Drain Tank 0.50 0.35 0.65 0.30 0.09
2 x Non Hazardous Open Drain Pump 0.60 0.42 0.78 0.36 0.13
Drain caisson pump 0.50 0.35 0.65 0.30 0.09
Closed Drain / LP Flare Knock out Drum 4.00 2.80 5.20 2.40 5.76
2 x Closed Drain Pump 1.00 0.70 1.30 0.60 0.36
3 x Heli Fuel Tank 6.00 4.20 7.80 3.60 12.96
2 x Diesel Tank 0.00 0.00 0.00 0.00 0.00
Diesel Filter 0.50 0.35 0.65 0.30 0.09
2 x Diesel Pump 0.60 0.42 0.78 0.36 0.13
2 x Diesel Filter 1.00 0.70 1.30 0.60 0.36
2 x Air Compressor 4.00 2.80 5.20 2.40 5.76
2 x Air Dryer Package 5.00 3.50 6.50 3.00 9.00
Air Receiver 5.00 3.50 6.50 3.00 9.00
2 x Inert Gas Generator 12.00 8.40 15.60 7.20 51.84
Sewage Macerator Package 0.50 0.35 0.65 0.30 0.09
3 x Firewater Pump Package 135.00 94.50 175.50 81.00 6561.00
Deluge Valve Skids 14.00 9.80 18.20 8.40 70.56
2 x Firewater Jockey Pump 1.20 0.84 1.56 0.72 0.52
3 x Main Power Generator 258.60 181.02 336.18 155.16 24074.63
Emergency Diesel Generator 16.00 11.20 20.80 9.60 92.16
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Wellhead Control Panel 4.00 2.80 5.20 2.40 5.76
Total Square root of the sum 1126.42 788.50 1464.35 675.85 188.34
=#+- 94.17

+/-% 8.360144
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Appendix 2.2 — Error Propagation Applied to Cut Down STA-3 MEL
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STA-3
MEL Cut down to central process equipment
Span
Equipment Weight (-30%) (+30%) Span squared
2 x Inlet Cooler (Tube side) 24.80 17.36 32.24 14.88 221.41
1st Stage Separator 27.00 18.90 35.10 16.20 262.44
2nd Stage Separator 12.60 8.82 16.38 7.56 57.15
3rd Stage Separator 8.40 5.88 10.92 5.04 25.40
2 x Crude Oil Booster Pump A/B 2.15 1.50 2.79 1.29 1.66
Crude Oil Export Cooler 2.52 1.76 3.28 1.51 2.29
2 x Crude Oil Export Pump A/B 15.26 10.68 19.84 9.16 83.83
1st Stage LP Inlet Cooler 5.50 3.85 7.15 3.30 10.89
1st Stage LP Suction Scrubber 1.50 1.05 1.95 0.90 0.81
2 x LP Suction Drum Pump A/B 1.00 0.70 1.30 0.60 0.36
1st Stage LP Compressor 17.00 11.90 22.10 10.20 104.04
2nd Stage LP Compressor 0.00 0.00 0.00 0.00
2nd Stage LP Inlet Cooler 5.50 3.85 7.15 3.30 10.89
2nd Stage LP Suction Scrubber 4.00 2.80 5.20 2.40 5.76
Booster Inlet Cooler 33.60 23.52 43.68 20.16 406.43
Booster Suction Scrubber 1.20 0.84 1.56 0.72 0.52
Booster Compressor 28.60 20.02 37.18 17.16 294.47
HP Compressor 0.00 0.00 0.00 0.00
Glycol Contactor 4.90 3.43 6.37 2.94 8.64
Gas / Gas Exchanger 17.40 12.18 22.62 10.44 108.99
Gas / Liquid Exchanger 16.20 11.34 21.06 9.72 94.48
Expander Inlet Scrubber 3.80 2.66 4.94 2.28 5.20
Turbo Expander 4.50 3.15 5.85 2.70 7.29
LT Separator 7.40 5.18 9.62 4.44 19.71
NGL Splitter 19.80 13.86 25.74 11.88 141.13
Reboiler 2.60 1.82 3.38 1.56 2.43
HP suction scrubber 2.30 1.61 2.99 1.38 1.90
HP After cooler 6.20 4.34 8.06 3.72 13.84
Gas lift compressor 5.40 3.78 7.02 3.24 10.50
2 x Main Power Generator 172.40 120.68 224.12 103.44 10699.83
Total Square root of the sum 453.53 317.47 589.59 272.12 112.26
=#+- 56.13
+/-% 12.3763
Span
Equipment Weight (-50%) +50%) Span squared
2 x Inlet Cooler (Tube side) 24.80 12.40 37.20 24.80 615.04
1st Stage Separator 27.00 13.50 40.50 27.00 729.00
2nd Stage Separator 12.60 6.30 18.90 12.60 158.76
3rd Stage Separator 8.40 4.20 12.60 8.40 70.56
2 x Crude Oil Booster Pump A/B 2.15 1.07 322 2.15 4.61
Crude Oil Export Cooler 2.52 1.26 3.78 2.52 6.35
2 x Crude Oil Export Pump A/B 15.26 7.63 22.89 15.26 232.87
1st Stage LP Inlet Cooler 5.50 2.75 8.25 5.50 30.25
1st Stage LP Suction Scrubber 1.50 0.75 2.25 1.50 2.25
2 x LP Suction Drum Pump A/B 1.00 0.50 1.50 1.00 1.00
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1st Stage LP Compressor 17.00 8.50 25.50 17.00 289.00
2nd Stage LP Compressor 0.00 0.00 0.00 0.00
2nd Stage LP Inlet Cooler 5.50 2.75 8.25 5.50 30.25
2nd Stage LP Suction Scrubber 4.00 2.00 6.00 4.00 16.00
Booster Inlet Cooler 33.60 16.80 50.40 33.60 1128.96
Booster Suction Scrubber 1.20 0.60 1.80 1.20 1.44
Booster Compressor 28.60 14.30 42.90 28.60 817.96
HP Compressor 0.00 0.00 0.00 0.00
Glycol Contactor 4.90 2.45 7.35 4.90 24.01
Gas / Gas Exchanger 17.40 8.70 26.10 17.40 302.76
Gas / Liquid Exchanger 16.20 8.10 24.30 16.20 262.44
Expander Inlet Scrubber 3.80 1.90 5.70 3.80 14.44
Turbo Expander 4.50 2.25 6.75 4.50 20.25
LT Separator 7.40 3.70 11.10 7.40 54.76
NGL Splitter 19.80 9.90 29.70 19.80 392.04
Reboiler 2.60 1.30 3.90 2.60 6.76
HP suction scrubber 2.30 1.15 345 2.30 5.29
HP After cooler 6.20 3.10 9.30 6.20 38.44
Gas lift compressor 5.40 2.70 8.10 5.40 29.16
2 x Main Power Generator 172.40 86.20 258.60 172.40 29721.76
Total Square root of the sum 453.53 317.47 589.59 272.12 187.10
=#+- 93.55

+/-% 20.62717
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Appendix 2.3 - HYSYS Equipment List Data
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B Spreadshet qupment T

| A B i o 3 F G H
1 : Items:
2 Coolers & Heaters Tag na: Dty (R} T tube in (1 T tube cut (C} T shell in () T shell out (T} Orwerall U
3 | Inlet cooler I5-HA-OL G380 kW IMEC 000 C 25.00 40,00
4 0il expart cooler M-Ha-O1 AR=CE 5500 C Ss0aC 25.00 40,00

| LP1 inlet cooler 23-HE-O1 1707 EW S0ETC Jop0C 25.00 40,00
0] LP2 inlet cooler 23-HE-02 JELE bW 2963C 3000 25.00 40,00
7 | 1P inlet cooler 23-HE-03 TN 83anc 3000 25.00 40,00
B | Glyeol inlet cooler 23-HE-D4 4020 W Leac Jopoc 25.00 40,00
9 | HF cooler 2T-HE-02 2091 KW 1510C 3000 C 25.00 40,00
i) | Interstage heater 20-HA-OL 00000 kW G5.30C B530C 25.00 40,00
u | Separatars Tag na: Flow ol (m3/hr)  Flow water (mihri Design # (barg}
1z | 1st stage separator 20-¥A-OL 1819 mith 1090 m3th 3004 bar
13 | 2nd stage separator 20-VA-02 1E7Emith 1119 mith 8000 bar
14 3rd stage separator 20-Va-01 IT1IE mi/h 10289 m3th 2350 bar
15 Scrubbers Tagno: Waporflowa:T.P.. VapordensatT.F..  Lig densat T.F (k. Design P (barg)
16 | LT separator 25-WG-02 Fl46mith 3978 kgémd 4595 9 kg/'m3 35.00 bar
17 | LP1 scrubhber 23-yG-01 2573 mvh 3113 kegimd 558 G g 'm3 1750 bar
I8 | LP2 scrubber 23-¥G-02 215 mith 8502 kgyfm3 454 kg'md G50 bar
19 | IP scrubber 23-¥G-03 1648 mdth 2820 kgym3 5566 kmgy'm3 25.50 bar
20 nyl'.l:i inlet scrubber 24-%G-01 3031 m¥h 1304 kgima 1305 kg/'m3 8950 bar
il | Expander inlet scr... 25-G-01 A6 mith 1206 kgymad &% kg/md 750 bar
Fr | Glycol contactor 24-\Ve-01 3031 mth 1304 kgyémd 3305 kg'm3 89.50 bar
11 | Compressors & Ex... Tag na: Duty (k)
4 LPF1 compressor 23-KA-01 2455 W
5 I LFZ compressor 23-KA-02 SES T W
i} | 1P compressor 23-KA-03 JLES KW
i) | HP compressor 27-KA-01 1048 W
28 | Gas fift compressor 27-KA-02 £.256=-005 W
29 | Expander 25-WH-01 3545 kW
] | Re compressor 25-KA-01 35 W
Ei | Pumps Tag na.: Dty (kW)
az | Return pump 23-PA-01 TO2ke-002 b
u | W pump 44.phaL 02361 kW
ET] il baaster pump 21-PA-OL 453 I
35 I il pump 21-PA-02 INSEAEW Wl pump 29-PA-D... 1B07 kbW
36 | Hesteschangers Tagna: Dty (kW) T tube in (01 T tubse out (C) 1 shellin () T shell out (€} Overall U
Er | Heat exchanger 1 M-HA-O1 BE0T W Inonc 1624C -483C mnac 1202 kelfh-md-C
i | Heat exchanger 2 25-HA-02 ZELO W 1leac pL AN 2509C L 1220 klfh-m2-C
EER eI B e RS e S B e o, 3 e e i) B ey A
P - | NRERGRE Artual flow Design P
4L : MNGL splitter ZE-VE-OL 1612 md/h 331.50 bar
R — — ————— Duty (W)
43 | Total power = BETA EW
4 Flow Design P
45 I Fine fikter I mdth 1p.00
4i | Florw
a7 | SRP package 083 mih
48 | Florw
ag | OF package 08I mh
50 Flow Design P
51 : Waruwm deserator 28I mh 1p.00
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Appendix 2.4 — Combined Excel Weight Estimation Sheet
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Combined equipment sizing sheet

*Copy values from HYSYS and known parameters corresponding to the cells marked with GREEN

For convenience if needed:
*Convert BPD to m3/hr

*Converrt MMSCFD to m3/hr:

+/- percantage error

X %:

T tube in Ttube out Tshellin Tshell out LMTD Tube shell Weight -
Coolers & Heaters Tag no.: Duty (kW): (°C): (°C): (°C): (°c): (°C): (#): U (W/m2/C): Area (m2): ID (m): Length (m): Weight (t): Weight + X% |X%
Inlet cooler 36-HA-01 227.1 0.88 6.83 12.51 18.76 6.25
Qil export cooler 21-HA-01 12.3 0.28 2.68 0.23 0.34 0.11
LP1 inlet cooler 23-HE-01 76.1 0.65 5.94 1.60 2.40 0.80
LP2 inlet cooler 23-HE-02 270.3 0.97 7.03 35.06 52.59 17.53]
IP inlet cooler 23-HE-03 444.8 1.40 7.54 31.37 47.06 15.69
Glycol inlet cooler 23-HE-04 308.1 0.76 7.11 11.87| 17.80 5.93
HP cooler 27-HE-02 135.9 0.54 5.73 6.22 9.33 3.11
Interstage heater 20-HA-01 0.0 0.15 1.49 4.27 6.40 2.13
Flow water Reten. Time Allow. Stress wW/T wW/T Weight -
Separators Tag no.: (m3/hr): (min.): % Full: L/D Ratio: Design P (barg): (N/mm2) ID (m): T/T (m): req.: select:  Shell (t): Head (t):|Weight (t): Weight + X% |X%
1st stage separator 20-VA-01 2.26 9.05 15.98 15.98 8.22 1.51] 9.73 14.60 4.87
2nd stage separator 20-VA-02 2.00 7.99 6.67 10.00 4.00 0.74] 4.74 7.11 2.37
3rd stage separator 20-VA-03 191 7.62 4.13 10.00 3.65 0.67 4.32 6.48 2.16
Corr.
Vapor flow Vapor dens. Liquid dens. K factor  Corrected K L/D Design P Allow. Stress allow. w/T w/T Weight -
Scrubbers Tag no.: at (m3/hr): at(kg/m3): at(kg/m3): (m/s): factor: Ratio: (barg): (N/mm?2) (mm): ID (m): T/T (m): req.: select:  Shell (t): Head (t):|Weight (t): Weight + X% |X%
LT separator 25-VG-02 0.1 0.058 0.97 3.38 15.22 15.22 1.25 0.26 1.51 2.26 0.75
LP1 scrubber 23-VG-01 0.1 0.070 0.93 3.27 3.90 10.00 0.77 0.16 0.93] 1.39 0.46
LP2 scrubber 23-VG-02 0.1 0.068 1.29 4.50 6.24 10.00 1.45 0.31 1.76| 2.64 0.88
IP scrubber 23-VG-03 0.1 0.060 1.49 5.22 16.68 16.68 3.27 0.68 3.95 5.92 1.97
Glycol inlet scrubber 24-VG-01 0.1 0.053 1.28 4.48 44.46 44.46 6.39 1.31 7.70 11.55 3.85
Expander inlet scrubber 25-VG-01 0.1 0.053 131 4.58 44.44 44.44 6.69 1.37, 8.06] 12.09 4.03
Glycol contactor 24-VB-01 0.1 0.057 1.24 4.32 43.06 43.06 5.78 1.18 6.96 10.44 3.48
Weight -
Compressors & Expanders [Tag no.: Duty (kW): Lenght (m): Height (m): Width (m): Weight (t): Weight + X% |X%
LP1 compressor 23-KA-01 3.33 1.48 2.19 7.04 10.56 3.52
LP2 compressor 23-KA-02 5.33 1.98 2.37 15.86 23.78 7.93
IP compressor 23-KA-03 6.99 2.34 2.48 25.24 37.86 12.62]
HP compressor 27-KA-01 5.45 2.01 2.38 16.44 24.66 8.22
Gas lift compressor 27-KA-02 0.02 0.06 0.93 0.00| 0.00 0.00
Expander 25-KH-01 3.91 1.64 2.25 9.29 13.94 4.65)
Re compressor 25-KA-01 3.91 1.64 2.25 9.29 13.94 4.65
Additional kW (if needed
automatically included in Duty applied in main eq. Weight -
Pumps Tagno.:  |Duty (kW): eq.): (min 4 kW & max 789 kw) Lenght (m): Height (m): Width (m): Weight (t): Weight + X% |X%
Return pump 23-PA-01 0 4 1.34 0.67 0.64 0.22 0.33 0.11
PW pump 44-PA-01 0 4 1.34 0.67 0.64 0.22 0.33 0.11
Qil booster pump 21-PA-01 0 64.5 1.82 0.82 0.60| 1.10| 1.65 0.55
Oil pump 21-PA-02 0 Real duty WI pump: 305.8151227 4.42 1.52 1.71 7.89] 11.84 3.95
WI pump 3 x 50% 29-PA-02 114.5 903.5 789 6.92 1.97 2.32 41.22 61.83 20.61
T tube in Ttubeout Tshellin Tshell out LMTD Tube shell Overall U U Weight -
Heat exchangers Tag no.: Duty (kW): (°C): (°c): (°C): (°C): (°C): (#): (kJ/hr/m2/C) (W/m2/C): Area (m2): OD (m): Length (m): Weight (t): Weight + X% X%
Heat exchanger 1 25-HA-01 333.8 120.80 0.46 5.19 24.65 36.98 12.33]
Heat exchanger 2 25-HA-02 338.9 60.44 0.41 4.77 12.84| 19.25 6.42
Additional equipment Tag no.:
Corr.
L/D Design P Allow. Stress allow. w/T w/T Weight -
Actual flow (m3/hr): Reten. Time (min.): % Full: Ratio: (barg): (N/mm2) (mm): ID (m): T/T (m): req.: select:  Shell (t): Head (t):|Weight (t): Weight + X% (X%
NGL splitter 25-VE-01 1.95 6.81 15.49 15.49 5.16 1.08 6.24] 9.36 3.12
Generator Taurus 70 Generator Mars 100
kW Needed Generator Taurus 60 chosen for power chosen for power  Generator Titan 250 chosen Total weight of
(max. chosen for power demand demand between 5101 demand between  for power demand between Lenght for one Height for one Width for one|the two Weight -
19570): up to 5100 kw and 7160 kW 7161 and 10215 kW 10216 and 19570 kW generator (m): generator (m): generator (m):]generators (t): |Weight + X% |X%
Power generator 2 x 100% |N/A 0 0 3 0 14.2 3.8 2.8 172.36) 258.54 86.18
w/T w/T Weight of Weight -
Flow (m3/hr): Design P (barg): Allow. Stress (N/mm2) Corr. allow. (mm): ID (m): T/T (m): req.: select:  Shell (t): Head (t):]two(t): Weight + X% |X%
Fine filter x 2 (2 micron) N/A 2.28 1.5 11.3 11.3 0.96 1.09 4.10 6.14 2.05
Weight -
Flow (m3/hr): Lenght (m): Height (m): Width (m):  |Weight (t): Weight + X% X%
SRP package N/A 6.7 5.8 3.7 39.16} 58.74 19.58
Weight -
Flow (m3/hr): Lenght (m): Height (m): Width (m): Weight (t): Weight + X% |X%
CIP Package N/A 2.9 5.8 2.5 7.50 11.25 3.75
wW/T wW/T Weight -
Flow (m3/hr): Design P (barg): Allow. Stress (N/mm2) Corr. allow. (mm): ID (m): T/T(m): req.:  select: Shell(t): Head (t):;]Weight (t): Weight + X% |X%
Vacuum dearerator N/A 1.5 9 8.7 10.0 3.35 0.43] 3.78) 5.68 1.89|
Additional kW (if needed
automatically included in Duty applied in main eq. Weight of Weight -
Duty (kW): eq.): (min 4 kW & max 789 kw) Lenght (m): Height (m): Width (m): twol(t): Weight + X% |X%
Vacuum pump x 2 N/A 0 10.4 1.25 0.62 0.39 0.92 1.38 0.46
Weight of Weight -
Vacuum pump weight (t): Lenght (m): Height (m): Width (m): two(t): Weight + X% |X%
Vacuum pump skid x 2 N/A 0.46 1.98 0.99 0.62 2.77 4.15 1.38
TOTAL 560.9 841.4 280.5
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Appendix 2.5 — Monte Carlo Code Script
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Created on Fri Oct 10 10:56:13 2014

@author: KARR

Created on Thu Oct 09 14:47:35 2014

@author: KARR

import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import array

import pylab as p

from numpy import genfromtxt

from pandas import DataFrame

from scipy.stats import stats

from scipy.stats import norm

from numpy.random import normal

import matplotlib.mlab as mlab

from pandas import DataFrame

import statsmodels.formula.api as sm

import statsmodels.api as smapi

import statsmodels.graphics.regressionplots as regplot
from statsmodels.graphics.regressionplots import *
import seaborn as sns

Location = r'\\ramoil.ramboll-group.global.network\Common\GlobalProjects\2014
"\1100011376\P-Process\DOE & Weight-Cost estimation\Full factorial
"\FF_sim data CSV.csv'

df = pd.read_csv(Location, sep=",")

print df

data = np.genfromtxt(Location, dtype=float, delimiter=',', names=True)
print data

print data[ 'Wobbe']

print data['SG"]

print data[ 'HHV']

print data[ 'Dew"]

print data[ 'Power']

print data[ 'RVP"']

print data[ 'NGL"]

print data[ 'EqWeight']
print data[ 'EqWeightpos']
print data[ 'EqWeightneg"]
print data['sumS2']

'Regression models'
Start conditions: results = sm.ols('Power ~ (Oil+Gas+Water)**2 + 0il2 + Gas2
+ Water2', data=df).fit()

results = sm.ols('Power ~ (Oil+Gas+Water)**2 - Gas:Water - Oil:Gas - Oil:Water
"+ Water2', data=df).fit()
resultsl = sm.ols('EgqWeight ~ (Oil+Gas+Water)**2 - 0il:Gas- Oil:Water -



"Gas:Water + Gas2', data=df).fit()

print results.summary()
print resultsl.summary()

'Models’

def Power(0il, Gas, Water):
0ilC = 0.0238
GasC = 0.1705
WaterC = 0.1708
Water2C = -1.244e-06
IntC = -713.2169
respower = 0ilC*0il + GasC*Gas + WaterC*Water + Water2C*Water*Water + IntC
return respower

def EqWeight(0il, Gas, Water):
0ilC = 0.0010
GasC = 0.0278
WaterC = 0.0037
Gas2C = -3.896e-07
IntC = -58.2391

reseqweight = 0ilC*0il + GasC*Gas + WaterC*Water + Gas2C*Gas*Gas + IntC
return reseqweight

'Mid level’
print Power(23000, 29170, 31450)
print EgqWeight(23000, 29170, 31450)

"High level’
print Power (25300, 32090, 37740)
print EgqWeight (25300, 32090, 37740)

'Low level'
print Power (20700, 26250, 25160)
print EgqWeight (20700, 26250, 25160)

'mid-high’
print EgqWeight(24150, 30630, 34595)

'mid-low’
print EgqWeight (21850, 27710, 28305)

"high-high’
print EgqWeight (26450, 33550, 40885)

"low-low'
print EgqWeight (19550, 24790, 22015)

plt.figure(0)

sns.set(style="whitegrid")

sns.set_style("ticks")

sns.residplot(df.EqWeight, resultsl.fittedvalues, color="blue", lowess=True)
plt.savefig("EqWeight resid.png")

plt.figure(1)
plt.plot(df.EqWeight,resultsl.fittedvalues, 'bo')



plt.title( ' EquWeight')

plt.xlabel("Simulated values with HYSYS")
plt.ylabel("Predicted using regression model")
plt.savefig("EqWeight predicted vs_simulated.png")

plt.figure(2)

res=resultsl.resid
fig=smapi.qgplot(res)
plt.title('EqgWeight")
plt.savefig("EqWeight_qgqgplot.png")

plt.figure(3)
plot_leverage resid2(resultsl)
plt.savefig("EqWeight leverage vs residuals.png")

plt.figure(4)
influence_plot(resultsl)
plt.savefig("EqWeight_influence.png")

'Model with uncertainties'
Samples = 1000000
X = Samples

'Rates at 10%, 10% and 20% (used in HYSYS sim)'’
oil = (np.random.normal(23000, 1796.9, X))

gas = (np.random.normal(29170, 2281.3, X))
water = (np.random.normal(31450, 4914.1, X))

'Rates at 40%'

oil = (np.random.normal(23000, 7187.5, X))
gas = (np.random.normal(29170, 9115.6, X))
water = (np.random.normal(31450, 9828.1, X))

'Rates at 30%'

oil = (np.random.normal(23000, 5390.6, X))
gas = (np.random.normal(29170, 6836.7, X))
water = (np.random.normal(31450, 7371.1, X))

'Rates at 20%'

oil = (np.random.normal(23000, 3593.8, X))
gas = (np.random.normal(29170, 4557.8, X))
water = (np.random.normal(31450, 4914.1, X))

'Rates at 10%'

oil = (np.random.normal(23000, 1796.9, X))
gas = (np.random.normal(29170, 2281.3, X))
water = (np.random.normal(31450, 2457, X))

'Rates at mid/mean values'
0il = 23000

gas = 29170

water = 31450

Weight = EqWeight(oil, gas, water)

Weight_uncertainty = (np.random.normal(@, 76.46, X))
Weight_plus_uncertainty = Weight + Weight_uncertainty

Rest = (EqWeight(oil, gas, water)*1.283)

Rest_uncertainty = (np.random.normal(@, 43.1, X))
Rest_plus_uncertainty = Rest + Rest_uncertainty

Weight_total = Weight_plus_uncertainty + Rest_plus_uncertainty



'Factors combinded’

factor = (np.random.normal(4.08, 1.04, X))
factor_mean = 4.08

'Factors partitioned’

factor_EI = (np.random.normal(0.46, 0.36, X))
factor_piping = (np.random.normal(0.45, 0.31, X))
factor_structure = (np.random.normal(2.28, 0.96, X))

'Total weight multiplied by combined factor + accommondation’
Weight_total_factor = Weight_total * factor + 800
Accommodation = (np.random.normal(800, 125, X))
Weight_total_factor = Weight_total * factor + Accommodation
Weight_plain = (Weight + Rest) * factor_mean + 800

WWW = (Weight_plus_uncertainty + Rest) * factor + 800

print Weight_plain

print 'Mean', np.mean(WWW)
print "Minimum', np.min(WWW)
print "Maximum', np.max(WWW)
print 'stddev', np.std(WWW)

'Total weight added partitioned factors'
Weight_total_partitioned_factors = Weight_total + Weight_total * factor_EI +
Weight_total * factor_piping + Weight_total * factor_structure + Accommodation

"Prints’

print oil

print gas

print water

print Weight

print Weight_uncertainty

print Weight_plus_uncertainty

print Rest

print Rest_uncertainty

print Rest_plus_uncertainty

print Weight_total

print factor

print Accommodation

print Weight_total_factor

print 'min weight', np.min(Weight)

print 'min weight uncer', np.min(Weight_uncertainty)
print 'min weigt plus_unc', np.min(Weight_plus_uncertainty)
print 'min rest', np.min(Rest)

print 'min rest_uncer', np.min(Rest_uncertainty)

print 'min rest_plus_unc', np.min(Rest_plus_uncertainty)

print 'min weight_tot', np.min(Weight_total)

print 'min factor', np.min(factor)

print 'Mean', np.mean(Weight_total_factor)

print 'Minimum', np.min(Weight_total_factor)
print 'Maximum', np.max(Weight_total_factor)
print 'stddev', np.std(Weight_total_factor)

print 'Mean', np.mean(Weight_total_partitioned_factors)

print "Minimum', np.min(Weight_total_partitioned_factors)
print 'Maximum', np.max(Weight_total_partitioned_factors)
print 'stddev', np.std(Weight_total_partitioned_factors)



'Histogram and normal distribution plot’

plt.figure(5)

Weight_total_factor.sort()

WTFmean = np.mean(Weight_total_factor)

WTFstd = np.std(Weight_total_factor)

plt.hist(Weight_total_factor, bins=100, normed=True)

x = np.linspace(np.min(Weight_total_ factor), np.max(Weight_total_ factor),1000)
plt.plot(x, mlab.normpdf(x, WTFmean, WTFstd))

plt.savefig("X samples")

"Histogram and normal distribution plot partitioned factors'
plt.figure(6)

Weight_total_partitioned_factors.sort()

WTPFmean = np.mean(Weight_total_partitioned_factors)

WTPFstd = np.std(Weight_total partitioned_factors)
plt.hist(Weight_total_partitioned_factors, bins=100, normed=True)
x = np.linspace(np.min(Weight_total_partitioned_factors),
np.max(Weight_total_partitioned_factors),1000)

plt.plot(x, mlab.normpdf(x, WTPFmean, WTPFstd))
plt.savefig("XP_samples")

plt.figure(7)

Rest_uncertainty.sort()

RUmean = np.mean(Rest_uncertainty)

RUstd = np.std(Rest_uncertainty)

plt.hist(Rest_uncertainty, bins=100, normed=True)

x = np.linspace(np.min(Rest_uncertainty), np.max(Rest_uncertainty),1000)
plt.plot(x, mlab.normpdf(x, RUmean, RUstd))

plt.savefig("X samples")

'Combined factor'

mean + 1.28 stddev

mean_plus = WTFmean + 1.28*WTFstd
mean - 1.28 stddev

mean_minus = WTFmean - 1.28*WTFstd

print 'mean+1.28std', mean_plus
print 'mean-1.28std', mean_minus

'"Partitioned factors'

mean + 1.28 stddev

mean_plus = WTPFmean + 1.28*WTPFstd
mean - 1.28 stddev

mean_minus = WTPFmean - 1.28*WTPFstd

print 'mean+1.28std', mean_plus
print ' mean-1.28std', mean_minus

plt.show()
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Appendix 2.6 — Monte Carlo Results, Samples Variety
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100 samples results:

Weight [Tonnes]:

Mean 6064
Minimum 2852
Maximum 9887
Standard deviation 1317

1000 samples results:

Weight [Tonnes]:

Mean

5986
Minimum 1134
Maximum 10300
Standard deviation 1325
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100000 samples Weight [Tonnes]: s

results: -

Mean 6006 000020

Mlnlmum 496 0.00015

Maximum i

Standard deviation 1395

1000000 samples

results: Weight [Tonnes]:
Mean 6003
Minimum 354
Maximum 13302
Standard deviation 1398

10000000 samples

results: Weight [Tonnes]:
Mean 6001
Minimum 904
Maximum 14621
Standard deviation 1398
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