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 GRADIENT BASED OPTIMIZATION SYNTHETIC 

EXAMPLES 

The GBO examples share same operational setup and model properties in Appendix A.  

The examples only differ whether noise is included or not in the observed bottomhole 

pressures and water-cuts.  The DP inlet is used, but it is not designed with the 

multisegment well model.  The GBO examples simply assume known relative 

permeability curvatures, DOI, damage skin, and ignore capillary pressures.  The mud-

filtrate invasion is described with a constant influx rate before the WFT cleanup event.  

The GBO examples include non-noisy observed datasets in Appendix A.1, and noisy 

observed datasets in Appendix A.2.   

 

Four unknown parameters are included: oil and water saturation endpoints, water relative 

permeability endpoint and transmissibility multiplier located at the innermost radial grid 

column for the definition of the skin factor.  The GBO method requires fewer 

optimization runs in comparison to the SBO method.  However, the GBO method may 

be more prone to obtain local optima, especially when datasets are corrupted by noise. 

 

The GBO software (SIMOPT User Manual, 2015) alters the endpoint scaling (EPS) 

parameters by means of their modifiers, and improves the history match in the 

minimization process.  The optimizer passes the updated modifiers to the black-oil 

simulator, and the process is rerun until the desired criterion is achieved for the history 

match.  The EPS parameters that can be used for the relative permeability curves are 

depicted in Figure A.1.   

 

The parameters of oil-water relative permeability curves defined in Figure A.1 are: 

critical (irreducible) water saturation (SWCR), critical (residual) oil saturation (SOWCR), 

maximum oil relative permeability (KRORW), maximum water relative permeability 

(KRWR) at their saturation endpoints.  Minimum water saturation (SWL), maximum 

water saturation (SWU), maximum oil relative permeability (KRO), and maximum water 

relative permeability (KRW) are not included in this study.  KRORW is set to unity due 

to the preferred definition of the relative permeability curves.  The damage skin is 

generated with the radial transmissibility multiplier, HMMULTX, which is applied to the 
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innermost radial grid column.  HMMULTX modifies the radial transmissibility parameter, 

XTrans in order to achieve the extra pressure drop created by the skin factor. 

 

Table A.1 shows the parameters, and their designed (observed) values and modifiers.  

The modifiers have the names starting with the letters HM and HA representing 

multiplicative and additive operations in the black-oil simulator respectively.  The 

curvature exponents for relative permeability curves do not have modifiers; therefore, the 

curvature exponents are assumed as known parameters.  This is one of the limiting factors 

from the chosen software, not from the GBO method.   

 

Tables A.2 through A.5 present the timeline of events, reservoir and fluid properties of 

the GBO synthetic examples.  The DP inlet is used, but it is not designed with the 

multisegment well model.  Figure A.2 displays the 2D grid in the R-Z direction.  The grid 

dimension of θ is set to 90 degrees instead of 360 degrees; hence, the cleanup rate is 

adjusted to one-fourth of the actual in the model.  The radial grid growth is equal to 1.1 

until 1.7 ft from the wellbore followed by a growth of 1.15 until the outer boundary.  The 

vertical grid growth is set to one across the DP interval of 3.33 ft, and 0.5 ft above and 

below the DP interval.  The vertical grid growth is 1.14 towards the upper and lower 

boundaries away from the middle interval of 4.33 ft.  Figure A.3 is the water saturation 

progress of the model during the invasion, cleanup and buildup events, which are 

displayed in the near-wellbore region at the center of the DP interval.  Figure A.3 

highlights a near-piston like displacement due to lack of the capillary pressure.  Figure 

A.3 shows that the water saturation remains almost the same during the duration of 5 days 

from the end of the invasion to the beginning of the cleanup.  This is related to the 

exclusion of the capillary pressure and a very small gravitational effect. 
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Figure A.1: Definitions of EPS parameters for the oil-water relative permeabilities. 

 
 
Table A.1: EPS parameters and their designed (observed) values are listed in the GBO 

synthetic examples.  Unused or lacking parameter modifiers are marked 
with ’-’.   

 
Parameter Observed Modifier 
SWL - HASWL 
KRO - HMKRO 
SWCR 0.15 HASWCR 
KRORW 1.00 HMKRORW 
SOWCR 0.15 HASOWCR 
KRWR 0.50 HMKRWR 
SWU - - 
KRW - HMKRW 
nw 2.00 - 
no 1.50 - 
Skin 1.00 HMMULTX at DR=1 

 
 

Table A.2: Invasion, cleanup and buildup properties in the GBO synthetic examples. 
 

Properties  Input Unit 
Invasion duration  0.5 day 
Invasion influx rate  0.099 stb/day/ft2 
Radius of invasion  11.6 in 
Delay before cleanup  5 day 
Cleanup duration  6 hr 
Cleanup rate  40 L/hr 
Pressure buildup duration  4 hr 
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Table A.3: Reservoir properties in the GBO synthetic examples. 
 

Properties  Input Unit 
h  57.30 ft 
hw  3.333 ft 
zw  28.65 ft 
rw  0.354 ft 
R  2140 ft 
kh  10.00 md 
kv/kh  1.00  
Skin  1.00  
cr 3.66e-6 psi-1 
Pi  5000 psia 
Ø  0.20 fraction 
Swi  0.15 fraction 
Sor  0.15 fraction 
nw  2.00  
no  1.50  

 
 
Table A.4: Fluid properties in the GBO synthetic examples.  The fluid viscosities and 

densities are at downhole and surface conditions respectively. 
 

Properties  Input Unit 
μo  1.00 cP 
μw  1.00 cP 
co  1.7e-5 psi-1 
cw  3.0e-6 psi-1 
ρo  0.80 g/cc 
ρw  1.02 g/cc 

 
 

Table A.5: Grid properties in the GBO synthetic examples. 
 

Properties Count 
Cell 58820 
DR  170 
Dϴ  1 
DZ  346 
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Figure A.2: Radial gridding of the GBO synthetic examples is displayed in an R-Z cross-

sectional view. 
 

 

 
Figure A.3: Water saturation progress during the events of invasion, cleanup and buildup 

is displayed in the near-wellbore region at the center of the DP interval in the 
GBO synthetic examples.   
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 Estimation of Relative Permeabilities with Four Unknown Parameters 

The GBO synthetic example is constructed with four unknown parameters (KRWR, 

SOWCR, SWCR, XTrans), and two non-noisy observed datasets, which are water-cuts 

and bottomhole pressures.  The objective value weights of water-cuts and bottomhole 

pressures are equal to one for each data point.  The target of total RMS index, which is 

described in Appendix D.1, is set to 0.001.  Table A.6 shows the EPS parameter modifiers 

including their ranges, initial and final values.  Table A.7 displays the calculations of the 

resulting parameters from the final modifiers.  The damage skin is equal to one as a 

known parameter.  However, during the inversion process, the damage skin is kept to zero 

since it lacks a modifier.  In order to compensate this discrepancy, the radial 

transmissibility (XTrans) is optimized by HMMULTX for the region located at the 

innermost radial grid column (DR=1).  Then, the skin factor is analyzed from the 

bottomhole pressure buildups of the observed and the final history match in order to 

check the method consistency.   

 

Figure A.4 represents the final history match of the bottomhole pressures (top) and the 

water-cuts (bottom).  Figure A.5 shows the GBO progress in which the modifiers are 

updated and the RMS index values are calculated for each run.  Figure A.5 illustrates the 

modifiers (top), and the RMS index values for the bottomhole pressures, water-cuts, and 

for the combination of the observed datasets.  Nine regressions are sufficient to reach the 

desired criterion for the history match in this example.  Figure A.6 illustrates the initial, 

observed and final relative permeabilities.  Figure A.7 compares the pressure buildup 

transient analyses of the observed and final datasets.  It is observed that the optimization 

of the transmissibility values located at the innermost radial grid column creates a similar 

effect of the pressure drop in place of the skin factor.   
 

 
Table A.6: EPS parameter modifiers for the optimization of four parameters with the 

non-noisy water-cuts and bottomhole pressures in the example A.1. 
 

Parameter Modifiers HASWCR HASOWCR HMKRWR HMMULTX 

Modifiers Range [min, max] -0.3, 0.3 -0.3, 0.3 0.1, 1.0 0.001, 1.0 

Initial Modifier 0.00 0.00 1.00 0.50 

Final Modifier -0.11098 -0.15675 0.50236 0.018842 
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Table A.7: Final EPS parameters calculated from the modifiers for the optimization of 
four parameters with the non-noisy water-cuts and bottomhole pressures in 
the example A.1. 

 
Parameters SWCR SOWCR KRWR XTrans Skin 

Observed 0.15 0.15 0.50 1.00 1.00 

Initial Parameter 0.30 0.30 1.00 1.00 0.00 

Final Modifier -0.11098 -0.15675 0.50236 0.018842 - 

Final Parameter+ 0.18902 0.14325 0.50236 0.018842 * 

Error = abs(Observed-Final)/Observed 26.01% 4.50% 0.47% - - 
 
*Skin is still set to zero; however, XTrans compensates the pressure drop due to the skin factor located at 
the innermost grid column (DR=1).  An equivalent skin factor can be established from the pressure transient 
analysis. 
 
+Final parameters are obtain as: 
SWCR  =  Initial SWCR  +  Final HASWCR  
SOWCR  =  Initial SOWCR +  Final HASOWCR  
KRWR  =  Initial KRWR  *  Final HMKRWR  
XTrans  =  Initial XTrans  *  Final HMMULTX  
 
 

 
Figure A.4: Final match of the bottomhole pressures (top) and water-cuts (bottom) during 

the optimization of four parameters in the example A.1. 
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Figure A.5: Improvement of four modifiers and RMS index values during the progress 

of the optimization in the example A.1.  
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Figure A.6: Relative permeability curves of the parameter optimization from the initial 

estimate, observed and final match with non-noisy observed datasets in the 
example A.1. 

  
 

 
Figure A.7: Pressure buildup transient analyses of the observed and matched bottomhole 

pressures.  The pressure derivatives confirm a very similar skin factor created 
by altering the transmissibility values at the innermost radial grid column in 
the example A.1.  
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 Estimation of Relative Permeabilities with Four Unknown Parameters and 

Noisy Observed Data  

The second GBO synthetic example is generated with four unknown parameters (KRWR, 

SOWCR, SWCR, XTrans), and the noisy observed water-cuts and bottomhole pressures.  

A Gaussian noise is added to the observed bottomhole pressures and water-cuts in the 

range of +/-10 psia and +/- 0.05 respectively.  Figure A.8 illustrates the noisy observed 

datasets and their preparation in detail.  The EPS parameter modifiers including their 

ranges, initial and final values are tabulated in Table A.8.  Table A.9 displays the 

calculations of the resulting parameters from the final modifiers as in the previous GBO 

example.   

 

Figure A.9 shows the GBO progress in which the modifiers are updated and RMS index 

values are calculated for each run.  Figure A.9 illustrates the modifiers (top), and the 

RMS index values for the bottomhole pressures, water-cuts, and for the combination of 

the observed datasets.  11 regressions are conducted to reach the desired criterion for the 

history match in this example.  Figure A.10 represents the final history match of the 

bottomhole pressures (top) and water-cuts (bottom).  Figure A.11 illustrates the initial, 

observed and final relative permeabilities for the noisy observed datasets.  Figure A.12 

compares the pressure buildup transient analyses of the observed and final datasets.  As 

in the previous GBO example, the optimization of the transmissibility values at the 

innermost radial grid column creates a pressure drop equivalent to the skin factor of one. 

  
 
Table A.8: EPS parameter modifiers for the optimization of four parameters with the 

noisy water-cuts and bottomhole pressures in the example A.2. 
 

Parameter Modifiers HASWCR HASOWCR HMKRWR HMMULTX 

Modifiers Range [min, max] -0.3, 0.3 -0.3, 0.3 0.1, 1.0 0.001, 1.0 

Initial Modifier 0.00 0.00 1.00 1.00 

Final Modifier -0.1274 -0.19677 0.49358 0.019462 
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Table A.9: Final EPS parameters calculated from the modifiers for the optimization of 
four parameters with the noisy water-cuts and bottomhole pressures in the 
example A.2. 

 
Parameters SWCR SOWCR KRWR XTrans Skin 

Observed 0.15 0.15 0.50 1.00 1.00 

Initial Parameter 0.30 0.30 1.00 1.00 0.00 

Final Modifier -0.1274 -0.19677 0.49358 0.019462 - 

Final Parameter+ 0.1726 0.10323 0.49358 0.019462 * 

Error = abs(Observed-Final)/Observed 15.07% 31.18% 1.28% - - 

 
 
 

 
 
Figure A.8: Observed bottomhole pressures (top) and water-cuts (bottom) are displayed 

with their noise levels.  The Gaussian noises are implemented for the 
observed water-cuts and bottomhole pressures in the example A.2.  The 
water-cut has no noise during the flow of mud filtrate and the pressure 
buildup.  The bottomhole pressure has no noise during the pressure buildup.   

  



142 

 

 

 
Figure A.9: Improvement of four modifiers and RMS index values during the progress 

of the optimization in the example A.2.  The observed bottomhole pressures 
and water-cuts are altered with the Gaussian noises.    
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Figure A.10: Final match of the bottomhole pressures (top) and water-cuts (bottom) with 

the noisy observed datasets during the optimization of four parameters in 
the example A.2. 
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Figure A.11: Relative permeability curves from the initial estimate, observed and final 

match of the four parameter optimization in the example A.2.  The observed 
bottomhole pressures and water-cuts are altered with the Gaussian noises. 

 
 

 
Figure A.12: Pressure buildup transient analyses of the observed and matched bottomhole 

pressures.  The pressure derivatives confirm a very similar skin factor 
created by altering the transmissibility values at the innermost radial grid 
column in the example A.2.  
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 Summary of Gradient Based Optimization Examples 

The GBO synthetic examples show that the GBO method can be used successfully for 

the inversion of the relative permeabilities.  The GBO method requires fewer 

optimization runs in comparison to the SBO method.  It has been observed that saturation 

endpoints in the GBO examples are less sensitive to the optimization.  This condition also 

applies to the SBO examples as explained earlier.  It is suggested that the saturation 

endpoints of the relative permeability curves are obtained by openhole logs in the GBO 

examples as well.   

 

The GBO software implemented here requires developments of additional modifiers and 

parameters describing the relative permeabilities and the capillary pressures in detail.  

The additional parameters should define the curvatures, and the events, such as cleanup 

and invasion rates, and timesteps.  When datasets are affected by noise, the GBO method 

is more prone to settling in local optima, and the SBO method may be more robust to 

finding the global minimum.  

 

The GBO method is terminated for the SBO method unless a new GBO routine is 

designed for the GBO limitations mentioned above.  However, two synthetic GBO 

examples are presented here to clarify the GBO benefits and limits in the existing 

approach.   

 

 



146 

 

 STOCHASTIC BASED OPTIMIZATION 

SYNTHETIC EXAMPLES 

The three synthetic examples in Appendix B are designed to explain the SBO 

interpretation methods in detail.  The SBO examples have successively more difficult 

conditions.  Example B.1 has seven unknown parameters with known saturation 

endpoints assumed from openhole logs.  Example B2 has nine unknown parameters 

including saturation endpoints.  Example B.3 introduces noisy observed datasets with 

nine unknown parameters.   

 

The synthetic examples B.1 to B.3 have the same operational setup and the model 

properties as listed in Tables B.1 through B.4.  The DP inlet is designed with the 

multisegment well model to account for the internal storage volume between the packers.  

The DP inlet having a 3.33-ft flow interval is at the center of a 57-ft reservoir.  Due to 

the full circumferential opening of the DP inlet, only a 2D R-Z radial grid is needed to 

model the DP cleanup.  The model has a constant cell size of 0.25 cm for the inner 174 

radial grid cells.  Beyond these inner cells, the grid grows geometrically to the boundary.  

The azimuthal grid increment is set to 90 degrees and the rates are reduced accordingly 

to one-fourth of the actual.  The height of the grid cells is 0.5 cm across the open DP 

interval and grows geometrically toward upper and lower boundaries as illustrated in 

Figure B.1.   

 

Figure B.2 shows the model water saturation profile during the mud-filtrate invasion and 

the cleanup.  The invasion has a constant rate until the cleanup starts and it does not have 

DF or SF components since the capillary pressure is ignored.  Figure B.2 shows a near-

piston like displacement due to the lack of the capillary pressure.  The water saturation 

remains almost the same during the duration of 5.62 days from the end of the invasion to 

the beginning of the cleanup.  This is related to the exclusion of the capillary pressure 

and a very small gravitational effect.  The cleanup has a constant rate of 9.05 bbl/day. 

 
The examples use the LET parameterization for the relative permeability generation.  Oil-

water relative permeability curves are determined using the following variables: 

irreducible water saturation (swi), residual oil saturation (sor), maximum oil relative 

permeability (koro), maximum water relative permeability (korw) at their particular 

saturation endpoints, damage skin (SKIN), invasion time (TIME1), which is the duration 
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for a constant rate invasion to achieve the depth of mud-filtrate invasion.  The LET 

parameters of LO, EO, TO, LW, EW, TW are the slopes, lower and upper parts of the 

curvatures of oil and water relative permeabilities, respectively.  TO and TW are set to 

unity.  TO and TW in the LET model are fixed since EO, LO, EW and LW may emulate 

the same curvatures; hence, the parameter counts are reduced.  The curvatures of relative 

permeabilities are always treated as unknowns.  koro is also set to unity, defining the 

relative permeability referenced to the effective oil permeability at maximum oil and 

irreducible water saturations.  All parameters have continuous ranges except that TIME1 

has a discrete range although TIME1 can be a continuous range as well.  TIME1 is 

established with a known value since it only contributes to the volume increase and no 

saturation smearing will occur due to absence of the capillary pressure.  The observed 

bottomhole pressures and water-cuts have no noise in this exercise. 

 
 
Table B.1: Invasion, cleanup and buildup parameters of the synthetic example are 

tabulated.  The cleanup rate is for the full circular grid and the radius of 
invasion is an average distance at the end of the mud-filtrate invasion. 

 
Properties Input Unit 
Invasion duration 0.88 day 
Invasion influx rate 0.103 stb/day/ft2 
Depth of invasion 16 in 
Cleanup start time 6.5 day 
Cleanup duration, tcleanup 9.8 hr 
Cleanup rate, qcleanup 60 L/hr 

 
 

Table B.2: Fluid properties of the synthetic example are listed.  Fluid viscosities and 
densities are at downhole and surface conditions respectively. 

 
Properties  Input Unit 
μo  1.00 cP 
μw  1.00 cP 
co  1.7e-5 psi-1 
cw  3.0e-6 psi-1 
ρo  0.800 g/cc 
ρw  1.022 g/cc 
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Table B.3: Reservoir properties of the SBO synthetic example. 
 

Properties  Input Unit 
h  57.32 ft 
hw  3.333 ft 
zw  28.66 ft 
rw  0.354 ft 
R  2171 ft 
kh  10.00 md 
kv/kh  1.00  
Skin  1.00  
cr  3.66e-6 psi-1 
Pi  5000 psia 
Ø  0.20 fraction 
Swi  0.15 fraction 
Sor  0.15 fraction 

 
 

Table B.4: Grid properties of the SBO synthetic example. 
 

Properties Count 
Cell 74736 
DR  216 
Dϴ  1 
DZ  346 

 
 

 
Figure B.1: Radial gridding of the synthetic example is displayed in an R-Z cross-

sectional view. 
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Figure B.2:  Water saturation progress of the mud-filtrate invasion and the cleanup in the 

near-wellbore region at the center of the DP interval in the synthetic 
example. 

 

 Estimation of Relative Permeabilities with Seven Unknown Parameters 

The synthetic stochastic based optimization example contains seven unknown parameters 

in the LET parameterization for the relative permeability generation.  The synthetic 

example has the following setup: saturation endpoints are assumed known from openhole 

logs, relative permeability curvature parameters, DOI, and skin factor are unknowns, 

capillary pressure is ignored.  The seven unknown parameters are: korw, EO, LO, EW, 

LW, TIME1, SKIN.  The observed bottomhole pressure and water-cut data have no noise 

in this exercise.   

 

A total of 1000 forward runs are conducted with an LHS strategy in the first cycle, and 

another 1500 forward runs are performed with the same strategy in the second cycle.  

This is because the resulting parameters can be eliminated, and ranges for the unknown 

parameters can be tightened after the first cycle.  In this example, the first cycle narrows 

down the optimal ranges of the parameters, and the second cycle provides the final 

parameter values.  A weight function is applied to the observed data points so that the oil 

breakthrough time is emphasized in the observed water-cut dataset.  Partial objective 

function values are calculated for observed datasets in each run, which are then summed 

to obtain global objective function values.   
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B.1.1 Analysis of Single Parameter Trends 

Partial objective function (POF) and global objective function (GOF) values of forward 

runs in each cycle are plotted against their single parameter values on a semilog scale.  

The visual analyses of the lowest POF or GOF values provide estimates of optimal ranges 

for the parameters.  The optimal range when evaluated against both POF and GOF values 

provides a range of values, which, loosely speaking, can be used as a confidence interval 

for that parameter.  A parameter is ideally realized from its lowest objective function 

value in a minimization process.   

 

Table B.5 shows the results of the first 1000 forward runs.  The optimal range in the table 

represents a range of the lowest objective values for each parameter, and it provides lower 

and upper bounding inputs in the following cycle.  The final parameter value and Error% 

are presented in the final cycle.  Error% is calculated with optimal ranges and observed 

values.  The columns highlighted as gray display the inactive (known) parameters.  The 

optimal range in Table B.5 is established from a range of the lowest values of GLOBAL, 

WCUT or WBHP in Figures B.3 to B.9.  GLOBAL, WCUT and WBHP denote the global 

objective function, the partial objective functions of water-cut and the bottomhole 

pressure, respectively.  The optimal range may be established depending on the 

sensitivity of the particular parameter to GLOBAL, WCUT or WBHP. 
 
 

Table B.5: LHS strategy results in the first cycle of the example B1. 
 

 swi koro sor korw TIME1 SKIN LW EW TW LO EO TO 
1Observed 0.15 1.00 0.15 0.60 16 1.00 2.63 2.41 1.00 1.00 3.01 1.00 

2Lower 
Input    0.10 6 0.00 0.50 0.50  0.50 0.50  

2Upper 
Input    0.90 20 5.00 5.00 5.00  5.00 5.00  

3Final             

Optimal 
Range    0.54, 

0.71 
16,        
18 

0.64, 
1.76 

1.47, 
4.74 

0.99, 
4.15  0.54, 

2.53 
2.04, 
4.47  

 
1Observed values refer to as the setup or true parameters of the synthetic example.  
2Lower and Upper Inputs are the bounding parameter values used in the forward runs.   
3Final is the optimization result of a parameter in the cycle.  If the final parameter value is not established, 
a range is obtained and recorded as Optimal Range and becomes Lower and Upper Inputs of that parameter 
in the next cycle.    
The columns highlighted as gray represent the parameters that are fixed and not optimized.  
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Figure B.3: First iteration estimate of korw is between 0.54 and 0.71 from WBHP. 

 

  
Figure B.4: First iteration estimate of TIME1 is between 16 and 18 from WCUT. 

 

  
Figure B.5: First iteration estimate of SKIN is between 0.64 and 1.76 from WBHP. 

 

 
Figure B.6: First iteration estimate of LW is between 1.47 and 4.74 from WBHP. 

 

 
Figure B.7: First iteration estimate of EW is between 0.99 and 4.15 from WBHP and 

between 2.38 and 2.63 from WCUT. 
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Figure B.8: First iteration estimate of LO is 0.54 and 2.53 from WBHP. 

 

 
Figure B.9: First iteration estimate of EO is between 2.04 and 4.47 from WBHP and 

between 1.71 and 3.54 from WCUT. 
 
 
The optimal ranges obtained in the first cycle analyses are used as lower and upper 

bounding inputs for the second cycle forward runs.  The ranges of the parameters in the 

second cycle are finalized as explained in the first cycle with the objective function values 

in Figures B.10 to B.16 and summarized in Table B.6.   

 
 

Table B.6: LHS strategy results in the second cycle of the example B1. 
 

 swi koro sor korw TIME1 SKIN LW EW TW LO EO TO 
1Observed 0.15 1.00 0.15 0.60 16 1.00 2.63 2.41 1.00 1.00 3.01 1.00 

2Lower 
Input 

   0.54 16 0.64 1.47 0.99  0.54 2.04  

2Upper 
Input    0.71 18 1.76 4.74 4.15  2.53 4.47  

3Final    0.59 16 0.94 2.77 2.53  1.14 3.08  

Optimal 
Range    0.57, 

0.61 
16,        
17 

0.76, 
1.07 

2.19, 
3.08 

2.28, 
3.28  0.88, 

1.14 
2.33, 
3.23  

4Error%    5.0,  
1.7 

0.0,      
6.3 

24.0, 
7.0 

16.7, 
17.1 

5.4, 
36.1  

12.0, 
14.0 

22.6, 
7.3  

 
1Observed values refer to as the setup or true parameters of the synthetic example.  
2Lower and Upper Inputs are the bounding parameter values updated from Optimal Range of a parameter 
form the previous cycle result. 
3Final is the optimization result of a parameter in the cycle.   
4Error% = |(Observed-Optimal Range)|*100 / Observed.   
The columns highlighted as gray represent the parameters that are fixed and not optimized. 
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Figure B.10: Second iteration estimate of korw is between 0.57 and 0.61 from WBHP.  

The best value of korw is 0.59. 
 

 
Figure B.11: Second iteration estimate of TIME1 is 16 from WBHP and GLOBAL, and 

17 from WCUT.    
 

 
Figure B.12: Second iteration estimate of SKIN is between 0.76 and 1.07 from WBHP.  

The best value of SKIN is 0.94. 
 

 
Figure B.13: Second iteration estimate of LW parameter is between 2.19 and 3.08 from 

GLOBAL.  The best value of LW is 2.77. 
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Figure B.14: Second iteration estimate of EW is between 2.28 and 3.28 from WCUT.  

Most likely EW range is between 2.53 and 3.28.  The best value is 2.53 if 
3.28 is an outlier. 

 

 
Figure B.15: Second iteration estimate of LO is between 0.88 and 1.14 from GLOBAL.  

The best value of LO is 1.14. 
 

 
Figure B.16: Second iteration estimate of EO parameter is between 2.33 and 3.23 from 

GLOBAL.  The best value of EO is 3.08. 
 
 
Table B.6 shows the results from the single parameter trends.  As can be seen from Figure 

B.10 through B.16, the optimum values of some parameters are established from 

GLOBAL values by visually obtaining the lowest values or ranges.  However, this is not 

always the case where some other parameters show more sensitivities to particular POF 

values and the contributions from both POF values are not balanced.  A sense of 

parameter uniqueness and estimatability can be derived by visualizing the global and 

partial objective functions in this way for a large number of runs and by inspecting the 

cluster of points around the optimum value.  Flat surfaces and/or different minima, when 

evaluated against different partial objectives, indicate high variance and non-uniqueness 

in the parameter estimates.  Figure B.17 presents the relative permeability curves 
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estimated by using the LET method from the single parameter trends achieved from the 

second iteration cycle. 

 
Figure B.17: Relative permeability curves are estimated with their optimal ranges from 

the single parameter trends in the second iteration cycle. 
 

B.1.2 Analysis of Objective Function Values 

Table B.7 shows the LHS forward runs with their collective set of parameters and 

objective values.  The LHS forward runs are sorted by either their global objective or 

partial objective values from the lowest to the highest.  The minimization method of the 

objective function values suggests that there should be a “best” match calculated from a 

single run with its collective set of parameters.  The forward runs in the table can be 

sorted with their minimum global objective values if both partial objective values are 

responsive to the optimization.  If one of the partial objective values is more responsive 

than the other, then the parameters may be obtained primarily from the particular 

objective value by changing its weighting.  Table B.7 is sorted with GLOBAL from the 

lowest to the highest.  The best match should be the top row if an appropriate number of 

runs with random sampling of parameters are conducted.  The top five runs are chosen to 

compare as highlighted gray in which global objective values are the lowest.  Figure B.18 

shows the relative permeabilities generated from the parameters obtained from the top 

five runs.  Figure B.19 shows the bottomhole pressure and water-cut history match of the 

selected runs.  Plotting the limited group of runs after sorting can suggest a range in which 

the result may be expected.   
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Table B.7:  LHS forward runs are sorted by their global objective values from the lowest 
to the highest in the synthetic example B1. 

 
IT* DS* EO EW korw LO LW SKIN TIME1 GLOBAL WBHP WCUT 

17 392 3.088 1.646 0.564 1.144 2.779 0.945 16 2538 2424 114 
17 1015 2.148 2.238 0.581 1.327 3.615 0.741 17 8104 2609 5495 
16 199 3.226 1.825 0.618 0.764 3.238 1.142 16 15194 9854 5339 
17 312 2.355 1.633 0.607 1.349 2.647 1.286 16 15654 11083 4571 
17 806 2.336 2.920 0.630 1.067 2.196 1.412 16 15685 15473 213 
16 215 2.522 3.582 0.605 0.589 2.767 1.244 17 19278 12046 7232 
17 492 3.237 1.282 0.572 1.218 3.083 1.061 16 20395 19802 593 
16 63 3.211 1.790 0.646 1.467 3.150 0.647 16 21281 14871 6409 
16 190 2.944 2.382 0.624 0.573 2.804 1.212 16 23688 2714 20975 
16 231 2.925 2.065 0.551 0.905 2.850 0.924 16 27249 5967 21282 

 
*IT and DS refer to as iteration and dataset respectively. 

 
 

  
Figure B.18: Relative permeabilities are estimated from the runs having the lowest five 

global objective values in Table B.7. 
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Figure B.19: Bottomhole pressure and water-cut history matches from the runs having 

the lowest five global objective values in Table B.7. 
 
 

B.1.3 Statistical Evaluations 

Figure B.19 shows that the water-cut matches are good; however, the bottomhole 

pressure matches have some differences.  In order to obtain the best match, statistical 

evaluation methods are further performed.  The runs with the five lowest GLOBAL 

values in Table B.7 are chosen to calculate Root Mean Square Error (RMSE), Chi-Square 

Test (χ2, Chi2), R-Squared (R2) and Pearson Correlation Coefficient (Pearson).  The 

methods, which are detailed in Appendix D, are applied separately for water-cut and 

bottomhole pressures, and then both results are averaged to obtain a single result.  The 

results of the statistical methods are plotted such that lower values provide a better match 

for a particular run.   

 

As explained in Appendix D.5, RMSE, POF and Chi2 are used for deviation from exact 

data location, and Pearson Correlation Coefficient (Pearson) and R-Squared are applied 

for capturing relative trend magnitude for the resulting optimization runs (Schunn et al., 

2005).  Figure B.20 presents that the best match is IT:17_DS:392 followed by the second 

best match IT:17_DS:1015 due to their lowest statistical evaluation results.  The 

remaining three matches suggest that although their relative trends are good (1- Pearson 

and 1- R-Squared values are relatively smaller), their absolute locations are away from 
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the two best matches (RMSE, Chi2 and GLOBAL values are relatively bigger).  Figures 

B.21 and B.22 display the relative permeability curves, and the bottomhole pressures and 

the water-cuts of the two best history matches obtained from the statistical evaluation 

analyses respectively. 

 
Figure B.20: Results of the evaluation methods suggest that the two best history matches 

are IT:17_DS:392 and IT:17_DS:1015. 
 
 

 

Figure B.21: Relative permeability curves of the two best history matches from the results 
of the statistical evaluation analyses are displayed.  The best match is 
IT:17_DS:392 from the statistical evaluation analyses. 
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Figure B.22: Bottomhole pressure and water-cut of the two best history matches obtained 

from the statistical evaluation analyses are presented.  The best match is 
IT:17_DS:392 from the statistical evaluation analyses. 

 

 Estimation of Relative Permeabilities with Nine Unknown Parameters 

The optimization in the example B.2 is conducted with nine unknown parameters: swi, 

sor, korw, EO, LO, EW, LW, SKIN, TIME1.  This example studies the case that no known 

parameter is available except that koro, oil relative permeability at the irreducible water 

saturation, and TO and TW are set to unity.  The example here differs from the synthetic 

example described in Appendix B.1 in unknown saturation endpoints.  The observed 

bottomhole pressure and water-cut data have no noise in this exercise.   

 

The optimizer applies the LHS strategy in the first cycle and the evolution strategy (ES) 

in the second cycle.  A total of 2000 LHS strategy runs are conducted in the first cycle, 

followed by a sum of 184 ES runs in the second cycle.  In this example, the first cycle 

narrows down the optimal ranges of the parameters, and the second cycle provides the 

final parameter values with considerably reduced run counts due to the ES approach.  A 

weight function is applied to the observed data points so that the oil breakthrough in the 

observed water-cut data is emphasized. 
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B.2.1 Analysis of Single Parameter Trends 

Table B.8 presents the results obtained in the first cycle.  The ranges of the parameters 

are obtained from Figures B.23 to B.31.   

 
Table B.8: LHS strategy results in the first cycle in the example B.2. 

 
 swi koro sor korw TIME1 SKIN LW EW TW LO EO TO 

1Observed 0.15 1.00 0.15 0.60 16 1.00 2.63 2.41 1.000 1.00 3.01 1.00 

2Lower 
Input 0.01  0.01 0.10 6 0.00 0.50 0.50  0.50 0.50  

2Upper 
Input 0.30  0.30 0.90 20 5.00 5.00 5.00  5.00 5.00  

3Final             

Optimal 
Range 

0.14, 
0.18  

0.11, 
0.22 

0.59, 
0.77 

15, 
19 

0.00, 
1.69 

2.10, 
3.70 

1.70, 
4.20 

 0.70, 
1.80 

1.80, 
4.00  

 
1Observed values refer to as the setup or true parameters of the synthetic example.  
2Lower and Upper Inputs are the bounding parameter values used in the forward runs.   
3Final is the optimization result of a parameter in the cycle.  If the final parameter value is not established, 
a range is obtained and recorded as Optimal Range and becomes Lower and Upper Inputs of that parameter 
in the next cycle.    
The columns highlighted as gray represent the parameters that are fixed and not optimized. 
 
 

 
Figure B.23: First iteration estimate of swi is between 0.14 and 0.18 from WBHP. 

 

 
Figure B.24: First iteration estimate of sor is around 0.13, but the range can also be 

between 0.11 and 0.22 from WCUT.   
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Figure B.25: First iteration estimate of korw is around 0.61 from WCUT and between 

0.59 and 0.77 from WBHP. 
 

 
Figure B.26: First iteration estimate of TIME1 is between 15 and 19 from WCUT. 

 

 
Figure B.27: First iteration estimate of SKIN is between 0 and 1.69 from WBHP. 

 

 
Figure B.28: First iteration estimate of LW is between 2.1 and 3.7 from WBHP. 

 

 
Figure B.29: First iteration estimate of EW is between 1.7 and 4.2 from WCUT. 
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Figure B.30: First iteration estimate of LO is between 0.7 and 1.8 from WBHP. 

 

 
Figure B.31: First iteration estimate of EO is between 1.8 and 4.0 from WBHP and 

between 3.0 and 3.2 from WCUT when outliers are excluded.   
 
 
The second iteration cycle is conducted with the evolution strategy.  As described before, 

the evolution strategy is a direct search method and focuses on reducing objective 

function values to determine a new search step, and does not require any gradient 

information.  This approach may reach to parameter values with fewer forward runs as it 

occurred in this example.  Table B.9 summarizes the second cycle results, which are 

estimated from Figures B.32 to B.40.  Figure B.41 presents the relative permeability 

curves estimated by using the LET parameterization method from the single parameter 

trends achieved from the second iteration cycle.  The confidence intervals of the final 

parameters in Figure B.41 are relatively larger due to the ES approach, which reduces the 

counts of the runs affecting statistical analyses in this extensive parameter example.  The 

ES method finds two minima (or non-uniqueness) for some parameters (see LW, EW, LO, 

EO in Figures 37 to 40) providing uncertainties in the final parameters with the larger 

optimal ranges.  
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Table B.9: ES results in the second cycle in the example B.2. 
 

 swi koro sor korw TIME1 SKIN LW EW TW LO EO TO 
1Observed 0.15 1.00 0.15 0.60 16 1.00 2.63 2.41 1.00 1.00 3.01 1.00 

2Lower 
Input 

0.14  0.12 0.50 15 0.00 1.50 1.50  0.90 1.50  

2Upper 
Input 0.19  0.22 0.75 19 2.00 3.50 4.00  2.50 4.50  

3Final 0.161  0.137 0.631 16 1.087 2.10 3.39  0.94 2.23  

Optimal 
Range 

0.161,
0.168  0.132,

0.158 
0.566, 
0.722 

15,        
18 

1.053, 
1.378 

1.620, 
2.827 

1.644, 
3.915  0.937, 

1.714 
1.593, 
3.237  

4Error% 7.33, 
12.00 

 12.00,
5.33 

5.67, 
20.33 

6.25, 
12.50 

5.30, 
37.80 

38.40, 
7.49 

31.78, 
62.45 

 6.30, 
23.40 

47.08, 
7.54 

 

 
1Observed values refer to as the setup or true parameters of the synthetic example.  
2Lower and Upper Inputs are the bounding parameter values updated from Optimal Range of a parameter 
form the previous cycle result. 
3Final is the optimization result of a parameter in the cycle.   
4Error% = |(Observed-Optimal Range)|*100 / Observed.   
The columns highlighted as gray represent the parameters that are fixed and not optimized. 
 
 

 
Figure B.32: Second iteration estimate of swi is between 0.161 and 0.168 from GLOBAL. 
 

 
Figure B.33: Second iteration estimate of sor is between 0.132 and 0.158 from GLOBAL. 
 

 
Figure B.34: Second iteration estimate of korw is between 0.566 and 0.722 from WBHP. 
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Figure B.35: Second iteration estimate of TIME1 is between 15 and 18 from GLOBAL. 
 

 
Figure B.36: Second iteration estimate of SKIN is between 1.053 and 1.378 from 

GLOBAL. 
 

 
Figure B.37: Second iteration estimate of LW is between 1.620 and 2.827 from WCUT. 
 

 
Figure B.38: Second iteration estimate of EW does not show a single range and it 

represents non-uniqueness.  The values range between 1.644 and 3.915 from 
WBHP, which are at the bounding limits of the iteration. 

 

 
Figure B.39: Second iteration estimate of LO is between 0.937 and 1.714 from WBHP. 



165 

 

 

 
Figure B.40: Second iteration estimate of EO is between 1.593 and 3.237 from WBHP. 
 
 

 
Figure B.41: Relative permeability curves are estimated by using the LET method from 

the single parameter trends achieved from the second iteration cycle. 
 

B.2.2 Analysis of Objective Function Values 

Table B.10 shows the LHS and ES runs with their collective parameters and calculated 

objective values.  The forward runs in the table can be sorted with their minimum global 

objective values if both partial objective values are responsive to the optimization.  If one 

of the partial objective values is more responsive in estimating the parameters, then the 

parameters may be obtained primarily from the particular objective value by changing its 

weighting.  Table B.10 is sorted with GLOBAL from the lowest to the highest.  The top 

nine runs in the table are chosen to compare in this case.  Figure B.42 shows the relative 

permeabilities generated from the parameters obtained from these runs.  Figure B.43 

shows the bottomhole pressure and water-cut history matches of the same runs.  Figures 
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B.42 and B.43 suggest that the optimum result is within the range of the selected runs 

due to the relatively good history matches and the trend of the grouped relative 

permeabilities.  The statistical evaluations are employed for choosing the best history 

match as shown in Figure B.44.  The lowest values from the statistical evaluations in 

Figure B.44 and GLOBAL in Table B.10 present the run with the best history match.  

Figure B.45 and B.46 represent the best run for the relative permeability curves and their 

history match.  The analyses are conducted systematically to understand where the true 

values may reside for the parameters, and then the solution range is narrowed down with 

the statistical evaluations to find the best history match.   

 

Table B.10:  List of the partial and global objective values from the forward runs are 
tabulated in the order from the lowest to the highest in the example B.2. 

 
IT* DS* korw EW LW EO LO SKIN TIME1 sor swi GLOBAL WBHP WCUT 

17 23 0.644 3.790 2.003 2.133 1.714 1.053 16 0.132 0.172 4388 3755 634 
19 24 0.702 3.840 2.099 2.230 1.358 1.087 16 0.137 0.168 5173 5132 41 
18 22 0.722 3.933 2.201 1.934 1.483 1.124 16 0.120 0.190 20979 4390 16588 
20 21 0.689 3.915 2.317 2.248 1.248 1.122 16 0.134 0.163 22338 4559 17779 
20 12 0.588 1.632 2.882 3.483 1.115 0.835 15 0.162 0.148 80963 6362 74601 
19 12 0.573 1.642 2.850 3.237 1.402 0.819 15 0.154 0.156 86826 3694 83132 
18 9 0.600 1.761 3.269 3.168 1.045 0.820 15 0.156 0.175 90983 5732 85251 
17 9 0.590 1.644 3.282 3.167 1.137 0.816 15 0.150 0.171 91753 3370 88383 
19 10 0.566 1.577 3.196 3.131 1.234 0.830 15 0.172 0.159 92867 3420 89446 
17 20 0.641 3.25 3.254 1.693 1.036 1.209 18 0.211 0.154 210410 6169 204242 

 
*IT and DS refer to as iteration and dataset respectively. 
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Figure B.42: Relative permeabilities are generated by the LET method for the runs having 
the nine lowest global objective values.  The grouped curves show the 
expected range of the solution.   

 
 

 

Figure B.43: History matches of the runs having the lowest nine global objective values. 
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Figure B.44: Results of the evaluation methods of the runs having the lowest nine global 
objective values. 

 
 

 
Figure B.45: Relative permeabilities are generated for the run having the best history 

match confirmed by the statistical evaluations and the lowest global 
objective value. 

 



169 

 

 
Figure B.46: History match of the best run with the lowest global objective value, which 

is also confirmed by the statistical evaluations.   
 

B.2.3 Analysis of Single parameter Trends with Relaxed Margins 

This analysis uses ranges of each parameter obtained in the single parameter trends and 

relaxes them with a margin.  This is a search method of the runs that are already 

conducted.  The method applies a cutoff for the partial objective function (POF) values 

so that the values do not increase beyond a limit while relaxing the margins of a single 

parameter.  In this case, the parameters have larger ranges, but their combination should 

be in the list of optimization runs conducted earlier.  The approach keeps relatively low 

POF values and provides a trend with a larger band on their relative permeability curves 

and history matches, in which a true solution may be expected.  This option should be 

used as a last resort, it does not provide a single match, but it may rather give a band for 

each curve.   

 

In the case of LO, the margins are calculated as (LO_min - LO_min * margin%),  

(LO_max + LO_max * margin%).  Relaxed margins of LO are obtained as (0.609, 2.314) 

and plotted with all the runs as seen in Figure B.47.  An arbitrary upper limit of POF is 

set as 3e+5.  Although it is optional, this process is repeated for the other parameters.  

The runs honoring the criteria provide a range of relative permeability curves and history 

matches as plotted in Figures B.48 and B.49 and the results are summarized in Table 

B.11.  
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Figure B.47: Box shows the relaxed margins of LO as (0.609, 2.314) and the POF values 

are limited to 3e+5 for the forward run selection. 
 
 

 
Figure B.48: Relative permeability curves are generated by applying 35% relaxed 

margins for sor, swi, korw, EO, LO, EW, LW and the POF cutoff of 3e+5. 
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Figure B.49: History matches of the bottomhole pressures and water-cuts of the runs with 

the relaxed margins and the POF cutoff. 
 
 
Table B.11: Parameter ranges are obtained from a relaxed margin search of 35% for sor, 

swi, korw, EO, LO, EW, LW and the POF values are limited to 3e+5. 
 

 swi sor korw LW EW LO EO 

Observed 0.150 0.150 0.600 2.630 2.410 1.000 3.010 

*Mean 0.161 0.145 0.677 2.069 3.464 1.333 2.491 

Upper 0.172 0.175 0.749 2.182 3.874 1.658 3.778 

Lower 0.145 0.122 0.607 1.866 2.117 1.080 1.821 
 

*Mean is an average calculated from the curves contributing to Figure B.48. 
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 Estimation of Relative Permeabilities with Nine Unknown Parameters and 

Noisy Observed Data 

The optimization in the SBO example B.3 is conducted with nine unknown parameters: 

swi, sor, korw, EO, LO, EW, LW, SKIN, TIME1 as in the example B.2.  Additionally, the 

observed bottomhole pressure and water-cut datasets have Gaussian noises of +/- 10 psia 

and +/- 0.05 respectively in order to mimic harsher logging conditions.  A total of 2000 

forward runs are conducted with the LHS strategy.  The optimum cases are evaluated by 

the resulting distributions of global and partial objective functions. 

 

B.3.1 Analysis of Single Parameter Trends 

The partial and global objective values of the forwards runs in the cycle are plotted 

against their single parameter values on a semilog scale as seen in Figures B.50 through 

B.58 and the results are summarized in Table B.12.  Figure B.59 displays the relative 

permeabilities generated from the optimal parameter ranges as listed in Table B.12. 
 
 

Table B.12: LHS strategy results from the forward runs in the example B.3. 
 

 swi koro sor korw TIME1 SKIN LW EW TW LO EO TO 
1Observed 0.15 1.00 0.15 0.60 16 1.00 2.63 2.41 1.00 1.00 3.01 1.00 

2Lower 
Input 0.01  0.01 0.10 6 0.00 0.50 0.50  0.50 0.50  

2Upper 
Input 0.30  0.30 0.90 20 5.00 5.00 5.00  5.00 5.00  

3Final 0.147  0.192 0.608 16 0.888 2.668 2.267  1.387 2.758  

Optimal 
Range 

0.144, 
0.172  0.153, 

0.192 
0.597, 
0.632 

15,        
17 

0.888, 
1.165 

2.484, 
2.981 

2.267, 
2.897  0.762, 

1.387 
2.758, 
3.628  

4Error% 4.0, 
14.7  2.0, 

28.0 
0.5,  
5.3 

6.3,      
6.3 

11.2, 
16.5 

5.6,  
13.4 

5.9, 
20.2  23.8, 

38.7 
8.4, 
20.5  

 
1Observed values refer to as the setup or true parameters of the synthetic example.  
2Lower and Upper Inputs are the bounding parameter values updated from Optimal Range of a parameter 
form the previous cycle result. 
3Final is the optimization result of a parameter in the cycle.   
4Error% = |(Observed-Optimal Range)|*100 / Observed.   
The columns highlighted as gray represent the parameters that are fixed and not optimized. 
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Figure B.50: Estimate of TIME1 is 16.  TIME1 ranges between 15 and 17 from WCUT. 
 

 
Figure B.51: Estimate of SKIN is 0.888.  SKIN ranges between 0.888 and 1.165 from 

WBHP. 
 

 
Figure B.52: Estimate of swi is 0.147.  swi ranges between 0.144 and 1.172 from WBHP. 
 

  
Figure B.53: Estimate of sor is 0.192.  sor ranges between 0.153 and 0.192 from WBHP. 

 

 
Figure B.54: Estimate of korw is 0.608.  korw ranges between 0.597 and 0.632 from 

WCUT and WBHP.   
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Figure B.55: Estimate of LW is 2.668.  LW ranges between 2.484 and 2.981 from WCUT 

and WBHP.   
 

 
Figure B.56: Estimate of EW is 2.267.  EW ranges between 2.267 and 2.897 from WCUT. 
 

 
Figure B.57: Estimate of LO is 1.387.  LO ranges between 0.762 and 1.387 from WCUT 

and WBHP. 
 

 
Figure B.58: Estimate of EO is 2.758.  EO ranges between 2.758 and 3.628 from WCUT 

and WBHP. 
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Figure B.59: Relative permeability curves are estimated by using the LET method from 

the single parameter trends. 
 

B.3.2 Analysis of Objective Function Values 

Table B.13 shows the LHS forward runs with their collective set of parameters and 

objective values.  The LHS forward runs sorted by their global objective values from the 

lowest to the highest.  The forward run results having the lowest five GOF values are 

selected to generate relative permeability curves as in Figure B.60, and their history 

match results are displayed in Figure B.61.  A visual selection to choose the best history 

match is rather difficult in Figure B.61.  Statistical evaluation methods are further 

performed in the next section to obtain the best history match.  
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Table B.13: List of the partial and global objective values from the forwards runs are 
tabulated in the order from the lowest to the highest in the example B.3. 

 
IT* DS* LO EO LW EW koro swi korw sor SKIN TIME1 GLOBAL WBHP WCUT 

13 415 1.758 2.529 2.208 2.282 1.000 0.106 0.639 0.192 1.000 16 11449 3438 8011 
13 83 1.239 3.219 2.191 2.122 1.000 0.082 0.545 0.106 1.000 16 13159 11576 1583 
13 807 1.000 2.900 2.500 2.300 1.000 0.155 0.600 0.145 1.000 16 16831 11239 5592 
13 604 1.000 3.020 2.550 2.380 1.000 0.153 0.620 0.149 1.000 16 21286 7350 13936 
13 108 1.038 2.540 2.845 1.905 1.000 0.183 0.557 0.125 1.000 16 34510 10775 23735 
13 104 1.387 1.920 2.668 3.236 1.000 0.147 0.632 0.262 1.000 16 46449 2126 44324 
13 282 1.600 2.078 3.358 1.085 1.000 0.197 0.552 0.173 1.000 16 53349 10789 42560 
13 351 0.667 2.685 3.205 3.055 1.000 0.227 0.640 0.079 1.000 16 60681 5680 55001 
13 302 1.955 1.865 2.194 3.052 1.000 0.136 0.638 0.069 1.000 16 66840 11836 55005 
13 31 1.464 1.988 2.758 3.366 1.000 0.119 0.658 0.201 1.000 16 66916 8757 58159 

 
*IT and DS refer to as iteration and dataset respectively. 

 
 

 
Figure B.60: Relative permeability curves are from the runs having the lowest five global 

objective values as listed in Table B.13. 
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Figure B.61: History matched datasets are from the runs having the lowest five global 

objective values as listed in Table B.13. 
 
 

B.3.3 Statistical Evaluations 

Statistical evaluations may be necessary when observed datasets are particularly noisy as 

illustrated in Figure B.62.  The results of the statistical evaluations are plotted for the runs 

having the lowest five GOF values in Figure B.63.  In order to have meaningful statistical 

evaluations, timestep intervals of the forward runs are interpolated to equal spacing after 

the runs are completed.  This is important step since the simulation timesteps are not 

necessarily fixed, and they may be chopped depending on the difficulties of the 

simulation progress.  Smaller timesteps are particularly required when the oil 

breakthrough occurs, or large saturation and water-cut changes happen.  As an example, 

smaller timesteps can be observed as black circular marks in the time interval of 3.6 to 4 

hours in Figure B.61.  The timestep interpolation is only used for the statistical 

evaluations; otherwise, the original simulation timesteps are kept undisturbed as in Figure 

B.61. 

 

Figure B.63 demonstrates the history match qualities of the five datasets having the 

lowest five GLOBAL values.  IT13_DS604 is clearly the best match due to the lowest 

results of the statistical evaluations, which is followed by IT13_DS807, next 

IT13_DS108, then IT13_DS415, and IT13_DS83.  The results of the statistical 
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evaluations also yield that IT13_DS83 has the worst relative trend magnitude, followed 

by IT13_DS415 as the second worst trend magnitude in the selected runs.  Figure B.64 

and B.65 show the relative permeability curves and the history match results from the 

best match, respectively.  Although the best history match is difficult to visualize due to 

the noisy observed datasets in Figure B.61, the statistical evaluation results are confirmed 

in Figure B.60 when the relative permeabilities are plotted against the true relative 

permeabilities.  It is observed that global objective values in this example do not find the 

best match.  This may be due to the calculation of the partial objective values against the 

noisy observed datasets, and the timestep increments, which are not evenly distributed in 

the forward runs as explained earlier.  

 

 
Figure B.62: Observed bottomhole pressures (top) and water-cuts (bottom) are displayed 

with their noise levels.  Gaussian noises are implemented for the observed 
water-cuts and bottomhole pressures in the example B.3.  The water-cut has 
no noise during the flow of mud filtrate.   
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Figure B.63: Results of the statistical evaluations are shown from the runs having the 

lowest five global objective values in Table B.13. 
 
 

 
Figure B.64: Relative permeability curves from the best match suggested by the results 

of the statistical evaluations in Figure B.63. 
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Figure B.65: History match of the best run suggested by the results of the statistical 

evaluations in Figure B.63. 
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 STOCHASTIC BASED OPTIMIZATION FIELD 

EXAMPLES 

In this section four field examples published in SPE conferences are presented.  The field 

examples employ the stochastic based optimization.  The DP inlet is designed with the 

multisegment well model, while the SP and 3DRP inlets are designed with the 

homogenous well model due to their low tool storage volumes.  The field examples have: 

• The 3DRP inlet using the LET model with known capillary pressures in a carbonate 

formation in Appendix C.1 (SPE170648). 

• The DP inlet employing the MBC model without capillary pressures in a carbonate 

formation in Appendix C.2 (SPE171884). 

• The DP inlet using the MBC model with capillary pressures in a carbonate formation 

in Appendix C.3 (SPE174381). 

• The large-diameter SP inlet applying the MBC model with capillary pressures in a 

clastic formation in Appendix C.4 (SPE177451). 

 

 3D Radial-Probe Field Example with Known Capillary Pressure 

The field example is from a Middle East carbonate reservoir.  This light oil reservoir lies 

in a transition zone.  The reservoir thickness is around 30 ft with a water column below.  

Porosity values of the target zone are around 28%.  The resistivity, density and porosity 

logs are acquired while drilling (LWD), and resistivity micro imaging and dielectric logs 

are conducted with the wireline conveyance.  Permeabilities have a range from 10 md to 

100 md.  The LWD resistivity logs provide the opportunity to quantify the uninvaded 

zone saturations while the wireline logs help further identify the invaded zone saturations.  

The openhole log analyses deliver the moved and residual oil saturations as well as the 

formation water in the transition zone.  The dielectric log accomplishes the exponents, m 

and n as in Archie’s equation reflecting the properties of the rock, fluid type, and 

wettability.  The resistivity micro imaging log detects the tight streaks encountered in 

between high permeability limestones. 

 

The openhole logs give estimates of the irreducible water and residual oil saturations.  

The residual oil saturation can be estimated in the interval where the least amount of oil 

is observed.  The shallowest part of the top unit provides an estimate of the irreducible 
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water saturation.  The irreducible water and residual oil saturations may be accepted as 

their maximum respective values.  This means that the residual oil and irreducible water 

may be less than what the openhole log analysis provides.  Figure C.1 depicts the depth 

view of the openhole logs. 

 

The WFT pressure and sampling measurements show that there are apparent oil and water 

gradients, which establish the free water level (FWL).  The WFT 3DRP sampling is 

conducted just above OWC, which is 3 ft above FWL, and 50% oil production is 

observed.  An oil zone without movable formation water is confirmed above the transition 

zone as well.  The field is relatively undeveloped and has a few special core analyses.  

For this reason, the WFT 3DRP cleanup datasets just above OWC are used to estimate 

the relative permeabilities and capillary pressures.  Figure C.2 shows the IPTT results 

analyzed from the WFT pretest and pressure buildup data.  Horizontal and vertical 

permeabilities are calculated from the IPTT interpretation as 39 md and 11.7 md 

respectively.  The total skin factor from the IPTT interpretation has the components of 

damage skin, multiphase skin and geometrical skin due to the 3DRP inlet flow geometry.  

The IPTT skin analysis gives a good bound for the expected range of the damage skin 

during the inversion.  In the optimization runs, the damage skin is used as a parameter 

(SKIN), while the geometrical and multiphase skin effects are naturally considered in the 

modeling.   

 

Figure C.3 presents the capillary pressures generated by the Thomeer model (Thomeer, 

1960).  The capillary pressure curve honors the saturation distribution starting from FWL 

throughout the transition zone.  FWL is determined by the WFT pressure gradient and 

the openhole log interpretations.  The capillary pressure function was tuned to honor 

FWL, OWC, and the irreducible water saturation, but not included as a part of the 

inversion workflow in order to limit the complexity.  Table C.1 summarizes the reservoir 

and fluid properties in the example.  Table C.2 reviews the optimization results and lists 

the reservoir and the LET model parameters for constructing the relative permeability 

curves.  The LET model is implemented due to wider curvature flexibilities and the 

lacking knowledge of a wetting system.  The optimization results show that the depth of 

mud-filtrate invasion is 7.4 in and the damage skin factor is 1.668.  The total skin factor 

from the IPTT interpretation is calculated as 6.5.   
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Figure C.1: Depth view of the openhole logs in the field example C.1. 
 
 

Table C.1: Reservoir and fluid properties in the field example C.1. 
 

Properties Input Unit 
h 35 ft 
zw 17.2 ft 
rw 0.354 ft 
kh 10 - 100 md 
kv / kh 0.3  
Ø 0.09 - 0.28 fraction 
cw 3.0e-6 psi-1 
co 30.0e-6 psi-1 
cr 8.0e-6 psi-1 
μw 0.30 cP 
μo 0.81 cP 
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Figure C.2: WFT pressure transient analyses during the pretest and the pressure buildup.  

Blue and green plots on the left represent the analyses of the 3DRP pretest 
and the post cleanup pressure buildup, respectively.  PAQP refers to as the 
quartz pressure gauge in the DP inlet. 

  
 

 
Figure C.3: Capillary pressures are generated by the Thomeer model honoring the 

reservoir height, saturation and FWL. 
 
 
Table C.2: Parameter results in the optimization cycle for the 3DRP field example in 

Appendix C.1.  The LET model is used for the relative permeability 
parameterization. 

 
 swi sor korw TIME1 SKIN LW EW TW LO EO TO 

Lower 
Input 0.01 0.01 0.10 6 0.00 0.50 0.50 0.50 0.50 0.50 0.50 

Upper 
Input 0.30 0.30 0.90 20 5.00 5.00 5.00 2.00 5.00 5.00 2.00 

Final 0.164 0.140 0.399 7.4 1.668 2.000 1.434 1.500 1.000 1.500 0.900 
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Figure C.4: The best history match, along with the relative permeabilities is highlighted 

for the 3DRP field example in Appendix C.1.  The WFT cleanup has a 
constant rate of 9.4 bbl/day.   

 
 
The history matched water-cut and bottomhole pressure profiles, together with the 

corresponding optimum relative permeabilities, are shown in Figure C.4.  Both water-cut 

and bottomhole pressure profiles are closely matched by the model.  Having established 

the permeabilities from IPTT analysis prior to inverting for relative permeability, the 

resulting curves can be accepted with greater confidence.  We note, however, that since 

the sampling in this case is performed in the transition zone of the heterogeneous 

formation, the water-cut behavior is naturally very sensitive to the initial saturation 

distribution as governed by the drainage capillary pressure.  The final relative 

permeability curves may also be influenced by the rock heterogeneity in the transition 

zone and the complex wetting system.  Although the capillary pressure is tuned 

independently to FWL, OWC and the irreducible water saturation, some dependence of 

relative permeability estimates on the capillary pressure function assumption may still 

exist.  Simultaneously inverting for relative permeability and capillary pressure based on 

WFT data is not applied in this earlier field example of our study; however, we introduce 

this investigation for the field examples in Appendices C.3 and C.4. 
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 Dual-Packer Field Example without Capillary Pressure 

The field example has a 40-ft oil column over a water zone in a carbonate reservoir.  

Permeabilities are medium to high, ranging from 10 md up to 750 md.  Although special 

core analyses are not complete, absolute permeabilities from core plugs are available for 

the entire oil and water zones.  The porosity of the target zone is 32%.  The wireline logs 

acquired are: laterolog resistivity, nuclear magnetic resonance, dielectric, formation 

imaging and WFT.  Figure C.5 illustrates the composite openhole logs. 

 

The reservoir differs in rock quality from top to bottom, where the bottom interval does 

not have any contribution from the macro pores.  Porosities from nuclear magnetic 

resonance and neutron density show a good match to core porosities.  The laterolog 

interpretation (DI_HRLT) across the top interval in Figure C.5 shows uneven distribution 

of mud-filtrate invasion, which varies from top to bottom and coincides accurately with 

the pore-size distribution, where higher invasion is seen in the top part corresponding 

with the macro pores.  Permeability heterogeneity in the formation contributes to the 

uneven mud-filtrate invasion as well.  Variations in permeability show that there is a 

slight permeability increase towards the top of the reservoir interval.  The invasion shown 

here is computed as the output of a 1D inversion from the laterolog tool using the raw, 

uncorrected arrays from shallow to deep.  It is assumed in the 1D model that the depth of 

invasion is constant across the inverted section.  Irreducible water saturation is reasonably 

constant across the interval with minor variations, as most of this water will be residing 

in the micro pores, which are evenly distributed along the section.  Irreducible water 

saturation is obtained as around 0.20.  The dielectric log shallow saturation measurement 

at the bottom of the top flow unit suggests the highest mud-filtrate invasion.  In this unit 

residual oil saturation is estimated around 0.15.  Due to the mud-filtrate invasion,  the 

openhole logs may provide the upper bounds of irreducible water and residual oil 

saturations.  This means that in some zones, actual residual oil and irreducible water could 

be less than what openhole logs provide.  The saturation endpoint values are consistent 

with the field values. 

 

FWL is established from the pressure gradients due to high quality pressure 

measurements.  OWC is identified with downhole fluid analyses (DFA) in several 

stations.  100% oil flow is confirmed 13 ft above FWL level while 13% oil flow is 
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observed 4 ft above FWL.  WFT DFA stations confirm oil-down-to (ODT) levels in the 

reservoir.  

  

The relative permeability curves are generated at XX93 ft with the DP inlet.  The WFT 

cleanup operation does not have IPTT data.  Therefore, the horizontal and vertical 

permeabilities, and the skin factor are not estimated from the WFT operation.  However, 

well test data having production and pressure buildup periods are available for the same 

unit covering a 20-ft interval from XX86 to X106 ft.  The core plug permeabilities along 

with the pressure transient test data are used to initialize the numerical model.  Figure 

C.6 shows the history match of the well test data for the simulation initialization.  kh and 

kv/kh are obtained as 77 md and 0.6, respectively.  The geometrical skin is 4 and the 

damage skin is 9 for the total pay zone thickness.  The initialization provides us the 

confidence on the permeability distribution and the estimate of the skin factor in the 

reservoir unit before commencing the relative permeability optimization process. 
 

 
Figure C.5:  Depth view of the openhole logs in the field example C.2.  The simulation 

invasion track (second on the right) shows the laterolog invasion in line with 
the actual invasion profile.  
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Figure C.6: Results from the well test analysis used for the initialization of the model 

prior to the relative permeability estimation in the example C.2. 
 
 
For the relative permeability optimization workflow, saturation endpoints are interpreted 

from the openhole logs as explained earlier (Swi = 0.20, Sor = 0.15).  Absolute 

permeabilities are taken from the core plug values while the kv/kh ratio is fixed at 0.6 as 

obtained from the well test analysis.  Table C.3 lists the reservoir and fluid properties.  

The MBC relative permeability parameterization model is implemented.  The parameters 

to be estimated include: Corey exponents, water relative permeability endpoint, damage 

skin, and depth of invasion.  Capillary pressure effects are ignored in this example.  The 

optimizer input ranges and final estimates are shown in Table C.4.  The input range of 

the damage skin is kept relatively large due to lack of IPTT information from the WFT 

station data.  The optimization is carried out by first evaluating sensitivities across the 

entire parameter space using an LHS strategy and then followed by an ES optimization.  

A total of 900 runs are conducted.  The simulation time for each run is around 5-10 

minutes.  By utilizing 40 concurrent runs, all runs take approximately 5 hours to 

complete. 

 

As a quality check on the solution, although the optimizer input range for the invasion is 

kept large between 6 in and 20 in, we note that the vertical invasion profile result from 

the optimization is very similar to the profile obtained from the inversion of laterolog 

data, as depicted in Figure C.5 (the second track from the right). 
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Table C.3: Reservoir and fluid properties of the field example in Appendix C.2. 
 

Properties Input Unit 
h 53 ft 
zw 47.5 ft 
rw 0.354 ft 
kh 10 - 750 md 
kv / kh 0.6  
Ø 0.16-0.33 fraction 
cw 3.00e-6 psi-1 
co 10.24e-6 psi-1 
cr 1.25e-6 psi-1 
μw 0.55 cP 
μo 0.75 cP 
Swi 0.20 fraction 
Sor 0.15 fraction 

 
 
Table C.4: Parameter estimates in the optimization cycle for the DP field example         

in Appendix C.2. The MBC model is used for the relative permeability 
parameterization. 

 
 korw TIME1 SKIN nw no 

Lower 
Input 0.100 6 0.000 1.000 1.000 

Upper 
Input 0.700 20 15.000 6.000 6.000 

Final 0.327 Range: 8.1 - 10.6 in  9.495 2.388 2.807 

 
 
Figure C.7 shows the mud-filtrate invasion, the oil breakthrough during the pumpout, and 

the final stage of the cleanup from left to right, respectively.  Horizontal lines indicate 

the DP interval.  The wellbore is located on the left of each figure.  The color code 

represents the oil saturation change in the near wellbore region.  The heterogeneous 

nature of the reservoir affects the mud-filtrate invasion and the progress of the cleanup. 
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Figure C.7: Oil saturation is generated as a function of depth and radial distance from the 

wellbore using the numerical model.  Three snapshots in time are presented: 
before the cleanup (left), at the oil breakthrough (center), and the final stage 
of the cleanup (right).  Horizontal lines indicate the DP interval.  The 
wellbore is located on the left of each image. 

 
 
The history matched water-cut and pressure profiles are shown in Figure C.8.  The final 

relative permeability curves are displayed in Figure C.9.  The pressure profile is closely 

matched by the model.  The water-cut data have a good match except for a minor 

difference of 4 minutes in the oil breakthrough time.  We attribute this to the fine-scale 

heterogeneity that is not captured by the model.  As Figure C.7 indicates, the oil 

breakthrough happens non-uniformly across the DP interval due to the heterogeneity in 

permeability.  Although the core coverage is generally good, fine-scale variations may 

still be missed, which can influence the oil breakthrough time.  Having initialized the 

model with the well test data, and using core plug permeabilities as well as applying 

saturation endpoints from the openhole log analysis, the confidence in the final 

optimization result is compelling. 

 



 

191 

 

 
Figure C.8: Final match between measured and simulated pressures and water-cuts for 

the DP field example in Appendix C.2. 
 
 

 
Figure C.9: Final relative permeability curves for the DP field example in Appendix C.2. 
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The WFT derived relative permeabilities have distinct sensitivities to their parameters.  

An important part of the workflow presented here is to assess which of the parameters 

affect the match quality the most, and which parameters only have little impact on the 

match.  Parameters with little sensitivity will be estimated with greater uncertainty 

compared to parameters with high sensitivity.  A simple sensitivity study is performed 

by varying the respective parameters one at a time around their optimum value.  Table 

C.5 presents the optimum parameter values along with the sensitivity ranges, and Figures 

C.10 - C.16 show the corresponding results in terms of the impact on the match quality 

and the changes in the relative permeabilities.  Fractional flow curves are added into the 

sensitivities to better visualize the changes of the parameters.   

 

The parameter sensitivities present the following results: Corey exponents and relative 

permeability endpoints have an effect on both pressure and water-cut responses as 

expected.  Water-cut is obviously very sensitive to the invasion depth due to the direct 

relationship between the invasion and the time of oil breakthrough.  Skin naturally only 

affects pressure due to the unaltered pumpout rate and duration, and the relatively small 

cumulative pumpout volume.  Both pressure and water-cut show very little sensitivity to 

changes in the saturation endpoints.  This suggests that in some cases saturation endpoint 

parameters may not be estimated reliably from WFT cleanup data, hence reaffirming the 

need to interpret the saturation endpoints from openhole logs prior to inversion of the 

WFT cleanup data.  The WFT test duration in the example is relatively short; therefore, 

the WFT cleanup event does not exercise the full saturation scale covering one saturation 

endpoint to the other.  A longer test with a larger pumped volume may lead to better data, 

enabling more accurate estimation of saturation endpoints.   

 

Although it is not highlighted explicitly by the sensitivity analysis, there will be strong 

dependencies among several parameters, such as damage skin and absolute permeability.  

The total skin factor of the reservoir with its individual components and permeability are 

therefore suggested to be derived from IPTT analyses.  Heterogeneities of permeability 

and porosity should be also accurately captured in the model setup. 

  



 

193 

 

Table C.5: Optimum parameter results and single parameter sensitivities for the DP 
field example in Appendix C.2. 

 

Parameter Optimizer 
Input Range Optimizer Final 

Sensitivity 

Lower Upper 

swi 0.20 0.20 0.10 0.3 
koro 1.00 1.00 0.80 1 
sor 0.15 0.15 0.05 0.25 

korw 0.1 , 0.7 0.327 0.237 0.437 
Depth of 

Invasion (in) 6 , 20 Range: 8.1-10.6 in Range: 7-9.5 in Range: 9-12 in 

SKIN 0 , 15 9.495 8.495 10.495 
nw 1 , 6 2.388 1.388 3.388 
no 1 , 6 2.807 1.807 3.807 

 
 

 
Figure C.10: Sensitivity of matched DP cleanup history to changes in irreducible water 

saturation (swi). 
 

 
Figure C.11: Sensitivity of matched DP cleanup history to changes in residual oil 

saturation (sor). 
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Figure C.12: Sensitivity of matched DP cleanup history to changes in oil relative 

permeability endpoint (koro). 
 

 
Figure C.13: Sensitivity of matched DP cleanup history to changes in water relative 

permeability endpoint (korw). 
 

 
Figure C.14: Sensitivity of matched DP cleanup history to changes in invasion depth 

(left) and skin (right).  (No effect on relative permeabilities). 
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Figure C.15: Sensitivity of matched DP cleanup history to changes in Corey water 

exponent (nw). 
 

 
Figure C.16: Sensitivity of matched DP cleanup history to changes in Corey oil exponent 

(no). 
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 Dual-Packer Field Example with Capillary Pressure  

The field example is from a Middle East carbonate reservoir, which has a gas cap above 

an oil column, and no water zone.  Porosity values range from 22% to 29%.  Absolute 

permeabilities are between 8-12 md with a vertical to horizontal permeability ratio of 

around 0.6 across the sampling interval.  The openhole logs include: laterolog resistivity, 

nuclear magnetic resonance, dielectric, formation imaging and WFT.  There are no core 

plugs or special core analyses available; hence, pretest mobilities are used as calibration 

points for the permeability correlation.  The laterolog DOI measured from the center of 

the well (DI_HRLT) shows the vertical distribution of the mud-filtrate invasion in Figure 

C.17.  In the zone of interest, the invasion radius from the sandface is around 9 in.  The 

invasion profile across the reservoir agrees with the pore-size distribution obtained from 

the nuclear magnetic resonance log.  The laterolog inversion with the invaded fluid gives 

an initial estimate of fractional flow (CPA_Fractional_Flow) and capillary pressure 

curves (CPA_PC_DIST).  The saturation endpoints are determined from the openhole 

log interpretations (Swi = 0.1, Sor = 0.168). 

 

The WFT DP sampling station at the measured depth of XX88.11 ft has a pressure 

buildup from which the horizontal permeability is obtained.  Figure C.18 is the summary 

of the pressure buildup analysis recorded at the sampling station.  The horizontal 

permeability is interpreted as 10.3 md.  The geometrical and damage skin factors for the 

partial completion thickness are 9.5 and 8.5, respectively.  Gas-oil contact (GOC) and 

changing hydrocarbon densities across the reservoir are identified by pressure gradient 

analyses.  Table C.6 describes the reservoir and fluid properties of the field example in 

Appendix C.3. 
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Figure C.17: Depth view of the openhole logs in the field example C.3. 
 
 

Table C.6: Reservoir and fluid properties of the field example in Appendix C.3. 
 

Properties Input Unit 
h 73 ft 
zw 52.4 ft 
rw 0.354 ft 
kh 2 - 84 md 
kv / kh 0.6  
Ø 0.22 - 0.29 fraction 
cw 2.67e-6 psi-1 
co 2.68e-5 psi-1 
cr 5.00e-6 psi-1 
μw 0.480 cP 
μo 0.304 cP 
Swi 0.1 fraction 
Sor 0.168 fraction 
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Figure C.18: Results from the pressure buildup analysis recorded at the sampling station.  

The horizontal permeability is 10.3 md.  The geometrical and damage skin 
factors for the partial completion thickness are 9.5 and 8.5, respectively in 
the example C.3. 

 
 
The relative permeability and capillary pressure optimization workflow, as explained 

earlier, requires not only the depth of mud-filtrate invasion (DOI), but also details of DF 

and SF mechanisms.  Drilling of the reservoir in this particular field example takes 10 

hours followed by a 5-hour wiper trip.  The openhole logs are conducted around 20 hours 

after the wiper trip.  The WFT sampling operation starts about 87 hours after the openhole 

logs.  DF occurs during the drilling and the wiper trip.  Subsequently SF continues during 

the openhole logs and the WFT sampling.  The optimization workflow should imitate the 

logging events taking place since this has an impact on WFT water-cut and bottomhole 

pressure measurements especially when the capillary pressure is not ignored.  Figure C.19 

shows the influx volumes and rates of the DF and SF profiles generated by the matching 

optimization run.  Figure C.20 illustrates the invasion profile at the center of the DP 

interval in the near-wellbore region until the end of the WFT logging.  As can be seen 

from Figure C.20, the saturation profile of the invasion continues to change after the 

openhole logging due to SF.  DOI obtained by the openhole logging is around 9 in, which 

is very similar to the average DOI estimated (around 9 in) in the matching optimization 

run at the openhole logging time.   

 

The parameters to be estimated include: Corey exponents, water relative permeability 

endpoint, damage skin, depth of mud-filtrate invasion detailing SF and DF profiles, and 

capillary pressure parameters, such as entry pressure and pore-size distribution index.  

The optimizer input ranges and final estimates are shown in Table C.7.  The input range 

of damage skin is kept relatively large due to lack of IPTT information from the WFT 

station data.   
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The optimization is started with a Plackett-Burman strategy, which assures that the 

parameters cover the observed data ranges.  The optimization is further carried out by 

evaluating sensitivities across the entire parameter space using an LHS strategy, and then 

followed by another LHS strategy in which known parameters are eliminated and ranges 

for unknown parameters are tightened.  A total of 5000 forward runs are conducted.  The 

simulation time for each run is approximately 10-15 minutes.  By utilizing 64 parallel 

runs, all runs take around 20 hours to complete.  Figure C.21 displays the final history 

match between measured and simulated pressures and water-cuts.  Figure C.22 shows the 

final relative permeability and capillary pressure curves.  

 

Figure C.23 shows the radius of influence of reservoir properties, such as flowing 

pressures, and horizontal and vertical oil velocities during the WFT cleanup at the near-

maximum drawdown pressure corresponding to the WFT pumpout time of 1.33 hrs.  The 

mud-filtrate invasion is also presented for comparison.  The radius of influence of the 

flowing pressure is around 57 ft, the radius of influence of vertical and horizontal oil 

velocities are around 5 ft.  Meanwhile, the mud-filtrate invasion is 0.75 ft during the 

openhole logging and reaches around 1 ft just before the WFT cleanup.  The displayed 

radius of influence for each reservoir property depends on the numerical grid sizes and 

their measurement and presentation resolutions; however, the objective of Figure C.23 is 

to show that the WFT pumpout influences beyond the mud-filtrate invasion and the 

reservoir properties act decoupled in the reservoir during the cleanup. 

 

Figure C.24 highlights the pressure behavior of the reservoir before, during and after the 

WFT sampling.  The center of the DP inlet is at 20.6 ft measured from the top of the 

reservoir.  The pressures plotted are at the initialization time representing before drilling, 

during the invasion of DF and SF periods, at logging time, at the end of WFT cleanup 

and pressure buildup.  As can be clearly seen from Figure C.24, the DF period creates 

pressure supercharging, which dissipates during the SF period.  However, the lowest 

permeability zones (located at 47 ft and deeper) are still kept, although slightly, 

supercharged during the WFT sampling and pressure buildup.   
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Table C.7: Optimizer input ranges and final results are listed for the DP field example 
in Appendix C.3.  The MBC model is used for the relative permeability    
and capillary pressure parameterization. The known parameters are:               
totalt = 5.092, khmult = 1, swi = 0.1, sor = 0.168, koro = 1. 

 
 dynq dynt statq kvmult korw no nw pd lmb SKIN 

Lower 
Input 0.015 0.100 0.002 0.2 0.150 1 1 0.1 0.5 0 

Upper 
Input 0.300 0.625 0.060 0.9 0.500 5 5 15 15 15 

Final 0.0429 0.625 0.0075 0.6 0.395 1.735 3.428 7.054 12.826 1.550 

 
 

 
Figure C.19: DF and SF influx volumes and rates for the field example in Appendix C.3. 
 
 

 

Figure C.20: Water saturation progress at the center of the DP interval from the drilling 
until the end of the WFT logging in the example C.3.  The openhole logging 
and the WFT cleanup are conducted 1.467 days and 5.092 days after the 
drilling, consecutively.   
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Figure C.21: Final match between measured and simulated pressures and water-cuts for 
the DP field example in Appendix C.3.  Pressure drawdown response before 
0.5 hr does not match well due to more viscous fluid (mud) flow instead of 
mud-filtrate flow. 

 
 

   
  

Figure C.22: Final relative permeability and capillary pressure curves for the DP field 
example in Appendix C.3.   
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Figure C.23: Cross-sections of the reservoir properties in the near-wellbore region during 

the WFT cleanup corresponding to the pumpout time of 1.33 hrs.  Flowing 
pressures, oil saturations, and horizontal and vertical oil velocities are 
presented from top to bottom respectively.  The DP interval is located 
between XX86.03 and XX89.36 ft.  
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Figure C.24: Depth view of porosity, permeability, and pressure distribution in the 

reservoir for the field example C.3.  The center of the DP inlet is at 20.6 ft 
measured from the top of the reservoir.  The plot represents the pressure 
behaviors throughout the reservoir during the periods of pre-drilling, 
invasion, logging, WFT sampling and pressure buildup. 

 

 Large-Diameter Single-Probe Field Example with Capillary Pressure 

The field example presented here is from a vertical exploration well drilled with a WBM 

in a Central Asian clastic reservoir.  Induction, laterolog, formation imaging, WFT 

pressure and sampling logs are acquired.  The laterolog and WFT sampling are performed 

2 days and 6.58 days after drilling successively.  The target flow unit has a thickness of 

0.8 m and resides between the depths of XX74.5 m and XX75.3 m as highlighted with 

black horizontal lines in Figure C.25.  This small sand unit has a porosity distribution 

ranging from 19% to 38%.  The laterolog analysis shows that DOI at the top and the 

bottom of the unit are 5.5 in and 10 in respectively at the logging time.   

 

Extensive WFT pressure profiling and sampling operations are conducted after the 

openhole logging (Ramaswami et al., 2010).  The WFT operation is accomplished with 

the large-diameter single probe.  The WFT sampling and pressure buildup operation takes 

3.58 hours at XX74.8 m.  Figure C.26 shows the pressure transient analysis and the 

pressure history match of the WFT station data.  Four bottles of oil are captured during 
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which increased pressure response confirms the filling of the bottles as seen on the right 

in Figure C.26.  The horizontal permeability is obtained as 583 md.  The vertical 

permeability is not obtained because the height of the flow unit is very small and the 

radial flow is established before the spherical flow.  The vertical permeability is inverted 

during the optimization process.  The reservoir and fluid properties are presented in Table 

C.8.   

 

The relative permeability and capillary pressure optimization workflow, as explained in 

previous sections, requires not only DOI, but also details of the DF and SF processes.  DF 

and SF affect the saturation profile in the near wellbore region; hence, the openhole 

logging times play a critical role.  The initial DF loss rate may be estimated from a 

pressure drawdown equation for an infinite acting reservoir.  The DF filtration rate and 

its duration are fixed in this study from the initial estimates.  The invasion volume is 

estimated from the openhole logs at the time of logging.  The total invasion duration is 

known since the timeline of the drilling and the WFT cleanup are recorded.   

 

The relative permeabilities and capillary pressures are presented with a single set of 

curves by ignoring hysteresis.  The saturation endpoints are obtained from the openhole 

logs and excluded from the optimization process (Swi = 0.206, Sor = 0.134).  The relative 

permeability of oil at the irreducible water saturation is assumed as one (koro = 1 at Swi).  

The parameters included in the optimization process are: relative permeability endpoint 

for water (korw), water and oil exponents (nw, no), capillary entry pressure (pd), pore-

size distribution index (lmb), damage skin (SKIN), static invasion (statq) and vertical 

permeability multiplier (kvmult).  The MBC parameterization is implemented for the 

relative permeability and capillary pressure curves. 

 

Figure C.27 details the invasion and cleanup events in cross-sections near the wellbore.  

The image on the second left shows DOI as the black curve derived from the laterolog in 

Figure C.27.  DOI from the laterolog interpretation shows a similar trend to the simulation 

result.  Figure C.28 displays the final invasion rates and volumes of DF and SF processes 

as used in the numerical model.  Figure C.29 depicts the invasion and cleanup saturation 

profiles at the large-diameter single-probe depth.  Figure C.30 represents the final history 

match of the observed and simulated water-cuts and bottomhole pressures.  Figure C.31 

is the final relative permeability and capillary pressure curves resulting from the 
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optimization.  The capillary pressure behavior matches with what is expected for a high 

permeability reservoir and a relatively uniform pore-size distribution.  Table C.9 displays 

the final parameters along with the input ranges used in the optimization.  Figure C.32 

illustrates the global objective function values as a function of individual parameters.  A 

parameter match is obtained when the GOF value is at its minimum. 

 

A total of 500 runs are conducted for the study.  64 concurrent runs are dedicated for the 

optimization with an average single run time of 45 minutes.  The entire optimization 

process is completed in 6 hours. 

 
 

Table C.8: Reservoir and fluid properties of the field example in Appendix C.4. 
 

Properties Input Unit 
h 2.625 ft 
zw 1.64 ft 
rw 0.354 ft 
kh 583 md 
Ø 0.19 - 0.38 fraction 
cw 3.00e-6 psi-1 
co 7.52e-6 psi-1 
cr 4.50e-6 psi-1 
μw 0.50 cP 
μo 1.63 cP 
Swi 0.206 fraction 
Sor 0.134 fraction 
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Figure C.25: Depth view of the openhole logs in the example C.4 (Ramaswami et al., 
2010).  The boundaries of the flow unit tested with the WFT large-diameter 
single probe are highlighted with black lines. 

 

 

 

Figure C.26: Pressure transient analysis match from the WFT pressure gauge (left) and 
the pressure history match (right) in the example C.4. 
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Figure C.27: Near-wellbore cross-sectional saturation images of the flow unit passing 

through the center of the probe are displayed at different time events.  Oil 
saturation is from 0.1 (blue) to 0.8 (red).  The flow unit thickness is 0.8 m.  
The large-diameter single probe is located at 0.3 m from the top (displayed 
as an arrow).  The horizontal image axes represent the radial distance from 
the sandface into the formation.  The images are: the end of DF at 0.5 day 
(left), the laterolog time for comparison and the invasion profile from the 
laterolog as a black curve at 2.0 days (second left), the beginning of WFT 
cleanup at 6.592 days (middle), the end of WFT cleanup at 6.724 days 
(second right), the end of WFT pressure buildup at 6.737 days (right). 

 

 

 
Figure C.28: DF and SF influx volumes and rates for the field example in Appendix C.4. 
 
 
1 
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Figure C.29: Invasion progress at the cleanup depth from the drilling until the end of the 

WFT logging at the large-diameter single-probe setting depth in the 
example C.4.  The openhole logging is conducted 2 days after drilling.  The 
WFT cleanup is started 6.724 days after drilling and takes less than 4 hours. 

 
 
Table C.9: Optimizer input ranges and final results in the example C.4.  The MBC 

model is used for the relative permeability and capillary pressure 
parameterization. The known parameters from assumptions or 
interpretations are: totalt = 6.5882, dynq = 0.02, dynt = 0.5, swi = 0.206,   
sor = 0.134, koro = 1, khmult = 1. 

 
  statq kvmult korw no nw pd lmb SKIN 

Lower 
Input 0.010 0.2 0.15 1 1 0.5 5 0 

Upper 
Input 0.030 0.8 0.75 5 5 5 35 0.75 

Final 0.016 0.336 0.537 1.471 3.957 1.439 22.778 0.222 

 

 

 

S w
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Figure C.30: Final match between measured and simulated pressures (top) and water-cuts 

(bottom) for the large-diameter single-probe field example in Appendix C.4. 
 
 

 
Figure C.31: Final relative permeability (left) and capillary pressure (right) curves for the 

large-diameter single-probe field example in Appendix C.4. 
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Figure C.32: Global objective function values versus individual parameters in the 
example C.4.  Lower values suggest a better history match for a particular 
parameter.  
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 STATISTICAL EVALUATION METHODS 

 R-Squared, Root Mean Square Error and Root Mean Square Index 

R-squared (R 2) is the square of the correlation between observed response values and 

predicted response values.  The root mean square error (RMSE) expresses the deviation 

of the values from the observation.  If R 2 is equal to one, the predicted perfectly fits the 

observed.  RMSE is not scaled to any particular range; therefore, R 2 is easier to evaluate.   

 

𝑆𝑆𝑆𝑆𝑆𝑆 = �𝑤𝑤𝑖𝑖(𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)
2

𝑛𝑛

𝑖𝑖=1

                                              (D. 1) 

 
𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑛𝑛 𝑥𝑥 𝑀𝑀𝑆𝑆𝑆𝑆                                                     (D. 2) 

 

𝑆𝑆𝑆𝑆𝑆𝑆 = �𝑤𝑤𝑖𝑖(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2
𝑛𝑛

𝑖𝑖=1

                                             (D. 3) 

 

𝑅𝑅2 = 1 −
𝑆𝑆𝑆𝑆𝑆𝑆
𝑆𝑆𝑆𝑆𝑆𝑆

                                                     (D. 4) 

 
 

𝑅𝑅𝑀𝑀𝑆𝑆𝑆𝑆 = √𝑀𝑀𝑆𝑆𝑆𝑆                                                     (D. 5) 
 
where 𝑦𝑦𝑖𝑖 and 𝑦𝑦�𝑖𝑖 are the observed and predicted values, 𝑛𝑛 is the observation count, 𝑦𝑦� and 

𝑤𝑤𝑖𝑖 are the mean of the observed values and the weight applied to each data point 

respectively, SSE is the sum of square errors, SST is the total sum of squares, MSE is the 

mean squared error (Castillo et al., 2007). 

 

The root mean square (RMS) index is created from the regression objective function, 𝑓𝑓 

and the total number of observations, 𝑚𝑚.  The RMS index is used in the GBO examples 

to provide the deviation between observed and predicted data (SIMOPT User Manual, 

2015). 

𝑅𝑅𝑀𝑀𝑆𝑆 𝑖𝑖𝑛𝑛𝑖𝑖𝑖𝑖𝑥𝑥 = �2𝑓𝑓
𝑚𝑚

                                                      (D. 6) 
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  Chi-Square Test 

Chi-Square, denoted 𝜒𝜒2, is a statistical test used to compare observed data with modeled 

data, and is expected to be obtained according to a specific hypothesis.  The chi-square 

statistic tests the null hypothesis, which states that there is no significant difference 

between the expected and the observed results (Mosteller et al., 1983).   

 

𝜒𝜒2 = �
(𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)

2

𝑦𝑦�𝑖𝑖

𝑛𝑛

𝑖𝑖=1

                                                    (D. 7) 

 

 Pearson Correlation Coefficient 

The Pearson correlation coefficient, 𝑟𝑟, measures the strength and the direction of a linear 

relationship between two variables.  When 𝑟𝑟 is equal to +1 or -1, this means a perfect 

positive or negative correlation respectively.  On the other hand, when 𝑟𝑟 is equal to zero, 

it represents no linear relationship between the variables.  It is obtained from dividing the 

covariance of the two variables by the product of their standard deviations (Dalgaard, 

2008). 

𝑟𝑟 =
∑ �𝑥𝑥𝑖𝑖−𝑥𝑥�� ∙ �𝑦𝑦𝑖𝑖−𝑦𝑦��
𝑛𝑛
𝑖𝑖=1    

�∑ �𝑥𝑥𝑖𝑖−𝑥𝑥��
2𝑛𝑛

𝑖𝑖=1  ∙ ∑ �𝑦𝑦𝑖𝑖−𝑦𝑦��
2𝑛𝑛

𝑖𝑖=1    
                         (D.8) 

 

where 𝑥𝑥𝑖𝑖 is the observed values and  �̅�𝑥 is the mean of the observed values. 

 

 Objective Function and Weight Function 

The objective function is a mismatch parameter used for comparing the fit quality 

between observed and predicted datasets.  The integrated quadratic differences between 

measurements and results for each mismatch parameter are summed up.  It is generated 

after each numerical run with observed and simulated mismatch parameters.  The best 

match is obtained by the minimum objective function value.  The partial objective 

function value is calculated for each observed dataset.  In our case, water-cuts and 

bottomhole pressures provide partial objective values, which are then summed up for 

obtaining the global objective function value.    
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𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑉𝑉𝐺𝐺𝐺𝐺𝑉𝑉𝑖𝑖 =  �𝑃𝑃𝐺𝐺𝑟𝑟𝑃𝑃𝑖𝑖𝐺𝐺𝐺𝐺 𝑂𝑂𝐺𝐺𝑂𝑂𝑖𝑖𝑂𝑂𝑃𝑃𝑖𝑖𝑂𝑂𝑖𝑖 𝑉𝑉𝐺𝐺𝐺𝐺𝑉𝑉𝑖𝑖𝑖𝑖                     (D. 9)
𝑁𝑁

𝑖𝑖

 

 

where 𝑁𝑁 is the number of response parameters; typically, water-cut and bottomhole 

pressure datasets are used.   

𝑃𝑃𝐺𝐺𝑟𝑟𝑃𝑃𝑖𝑖𝐺𝐺𝐺𝐺 𝑂𝑂𝐺𝐺𝑂𝑂𝑖𝑖𝑂𝑂𝑃𝑃𝑖𝑖𝑂𝑂𝑖𝑖 𝑉𝑉𝐺𝐺𝐺𝐺𝑉𝑉𝑖𝑖 = 𝑤𝑤�𝑤𝑤𝑗𝑗

𝑁𝑁

𝑖𝑖
�
𝑠𝑠𝑗𝑗 − 𝐺𝐺𝑗𝑗
𝜎𝜎

�
2

                            (D. 10) 

 

where 𝑤𝑤 is the global weight of the mismatch parameter, 𝑁𝑁 is the number of data points 

in the series, 𝑤𝑤𝑗𝑗 is the normalized weight of data point 𝑂𝑂, 𝑠𝑠𝑗𝑗 is the simulated value for data 

point 𝑂𝑂, 𝐺𝐺𝑗𝑗 is the observed value or data point 𝑂𝑂, 𝜎𝜎 is the standard deviation of the mismatch 

parameter (MEPO User Manual, 2015). 

 

The weight function consists of distributed multipliers for the mismatch element as 

represented by 𝑤𝑤𝑗𝑗 in Equation D.10.  The weight function emphasizes the order of 

importance of the data points (Figure D.1).   

 

 
Figure D.1: Weight function distribution on the observed water-cut dataset. 

 

 Use of Statistical Evaluation Methods 

Statistical evaluation methods of goodness-of-fit can be grouped into two types of 

measurements: deviation from exact data location and capturing relative trend magnitude 

(Schunn et al., 2005).  Commonly used methods of deviation from exact location are the 

mean squared error (MSE) and its square root, the root mean squared error (RMSE).  The 

partial objective function value (POF) and the Chi-square test (Chi2) follow similar 

trends as in RMSE.  The Pearson correlation coefficient (Pearson) and R-squared (R 2) 
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are two frequently applied methods of capturing relative trend magnitude.  It appears that 

for history matching of bottomhole pressure and water-cut datasets, a combination of 

methods, such as R-squared, RMSE and POF is a suitable approach to identify the best 

fit. 

 

Figure D.2 shows a synthetic goodness-of-fit example with four modelled (model) and 

one observed (data) datasets.  RMSE, Chi2, R-squared, Pearson and POF values are 

presented for each case.  The match quality can be visualized as:  A has a good trend and 

a good location; B has a good trend but a poor location; C has a poor trend but a good 

location; D has a poor trend and also a poor location. 

 

 
Figure D.2: A synthetic example of the statistical evaluation methods of goodness-of-fit 

in comparison of models and data. 
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Table D.1:  Results of the statistical evaluation methods from Figure D.2 are tabulated.      
The R-squared and Pearson coefficient values are recalculated so that the 
lower values from all the methods present a better match. 

 

 
RMSE Chi2 POF R-squared 

(1 - R-squared) 
x1000 Pearson 

(1 - Pearson) 
x1000 

A 4.3413 0.9872 0.4825 0.9996 0.4000 0.9998 0.2000 
B 19.829 20.484 10.065 0.9903 9.7000 0.9951 4.9000 
C 9.9011 5.1309 2.5096 0.9826 17.4000 0.9913 8.7000 
D 17.8670 16.6750 8.1729 0.9833 16.7000 0.9916 8.4000 

 
 

 
Figure D.3: Results of the statistical evaluation methods are displayed such that the 

lower values from all the methods present a better match.  
 
 
Table D.1 and Figure D.3 show the results and the plots of the methods respectively.       

R-squared and Pearson results are plotted as (1 - R-squared) x1000 and (1 - Pearson) 

x1000 instead of their standard values.  These modifications allow the best match to be 

presented with the lowest results from all the methods in the comparative scale.  The 

match quality can then be summarized: A is the best match since all the methods show 

the lowest values.  B has the nearest relative trend to A since (1 - R-squared) and                 

(1 - Pearson) are the second lowest while POF, Chi2 and RMSE are relatively higher.  C 

is the second best match although the trend is not favorable because POF, Chi2 and 

RMSE are the second lowest, (1 - R-squared) and (1 - Pearson) are comparatively higher.  

D has a similar relative trend to C, but has an absolute location resembling to B. 
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NOMENCLATURE 

1D = One-dimension 
2D = Two-dimension 
3D = Three-dimension 
A =  Cross sectional area normal to flow, ft2 
BP =  Block pressure, psia 
C =  Produced concentration, water-cut 
co =  Oil compressibility, psi-1 
CP =  Connection pressure, psia 
cr =  Rock compressibility, psi-1 
Csf =  Sandface concentration, water-cut 
cw =  Water compressibility, psi-1 
DR  =  Cell count in radial direction  
dynq = Dynamic filtration rate multiplier, DF rate = dynq*time-0.5, bbl/day/ft2 
dynt = Dynamic filtration duration, day 
DZ =  Cell count in vertical direction  
Dϴ =  Cell count in azimuthal direction  
EO = Shape parameter of oil relative permeability curve describing the slope of 

the curvature in the LET model 
EW = Shape parameter of water relative permeability curve describing the slope 

of the curvature in the LET model 
fo2  =  Fractional flow in the liquid phase at the outlet of the core, cc/sec 
h =  Thickness, ft 
hw =  Thickness of an inlet interval, ft 
K, k = Rock permeability, md 
kh =  Horizontal permeability, md 
khmult = Horizontal permeability multiplier parameter 
ko =  Effective permeability to oil 
ko

ro  =  End point of krow curve at Swi  
koro = Oil relative permeability parameter at the irreducible water saturation 
ko

rw =  End point of krw curve at Sor 
korw = Water relative permeability parameter at maximum water saturation 
kro = Oil relative permeability 
krow =  Relative permeability of oil (or kro) 
krw =  Relative permeability of water 
kv = Vertical Permeability, md 
kv/kh =  Permeability anisotropy 
kvmult = Vertical permeability multiplier parameter 
kw =  Effective permeability to water 
lmb =  Pore-size distribution index parameter 
LO = Shape parameter of oil relative permeability curve describing the lower 

part curvature in the LET model 
LW = Shape parameter of water relative permeability curve describing the lower 

part curvature in the LET model 
M =  Total mobility 
N  =  Number of data points in the series 
no  =  Corey exponent and parameter for the krow curve 
nw =  Corey exponent and parameter for the  krw curve 
oj =  Observed value or data point j 
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Pc = Capillary pressure, psi 
Pd , pd = Capillary entry or threshold pressure, psi 
Pi =  Initial reservoir pressure or WFT reservoir pressure recorded, psia 
Po =  Pressure in the oil phase, psia 
Pw =  Pressure in the water phase, psia 
Q =  Connection rate, bbl/day 
q =  Production rate, bbl/day 
qcleanup =  Cleanup rate, bbl/day 
qo  =  Oil rate, bbl/day 
Qw =  Cumulative injected water volume, 1/PV 
qw =  Water rate, bbl/day 
R =  Distance from well to reservoir boundary, ft 
rinv =  Depth of invasion, in 
rw =  Wellbore radius, ft 
S    =  Normalized saturation, fraction 
sj =  Simulated value for data point j 
Skin =  Damage skin 
SKIN = Damage skin parameter 
Sor  =  Residual oil saturation, fraction 
sor  =  Residual oil saturation parameter, fraction 
Sorw  = Residual oil saturation after water injection, fraction 
statq = Static filtration rate parameter, bbl/day/ft2 
Sw  =  Water saturation, fraction 
Sw,av  =  Average water saturation, fraction 
Swc =  Connate water saturation, fraction 
Swi   =  Irreducible water saturation, fraction 
swi   =  Irreducible water saturation parameter, fraction 
Sxo  = Flushed zone saturation  
T =  Well connection factor 
tcleanup =  Cleanup duration, hr 
TIME1 = Depth of mud-filtrate invasion parameter, in 
tinv =  Invasion duration, hr 
TO = Shape parameter of oil relative permeability curve describing the upper 

part curvature in the LET model 
totalt = Parameter of total invasion time before cleanup, day 
tPBU =  Pressure buildup duration, hr 
TW = Shape parameter of water relative permeability curve describing the upper 

part curvature in the LET model 
uinv =  Invasion fluid velocity, ft 
V =  Dual-packer inlet sump volume, ft3 

Vo =  Volume of oil in the dual-packer interval 
w  =  Global weight of the mismatch parameter 
wj  =  Normalized weight of data point j 
x =  Distance in the direction of the flow, ft 
zw = Distance from the center of a WFT inlet to the bottom of the flow unit, ft 
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Greek Symbols 

Ø =  Porosity, fraction 
ΔP =  Pressure drawdown, psi 
λ = Pore-size distribution index 
μo =  Oil viscosity at downhole, cP 
μw =  Water viscosity at downhole, cP 
ρo =  Oil density at surface, g/cc 
ρw =  Water density at surface, g/cc 
σ  =  Standard deviation of the mismatch parameter 
χ2 = Chi-square  
 
Acronyms 

3DRP =  3D radial probe 
CGR =  Condensate-gas ratio 
DF =  Dynamic filtration 
DFA =  Downhole fluid analysis 
DOI =  Depth of invasion 
DP =  Dual packer 
DST =  Drill stem testing 
ES =  Evolution strategy 
GBO =  Gradient based optimization 
GLOBAL  =  Global objective function value (GOF), (WBHP+WCUT) 
GOR =  Gas-oil ratio 
IPTT =  Interval pressure transient test, or vertical interference test (VIT) 
LD =  Large diameter 
LET =  A relative permeability parameterization model 
LHS =  Latin hypercube sampling 
LWD  =  Logging while drilling  
MBC = Modified Brooks and Corey relative permeability parameterization model 
MDT  = Modular Formation Dynamics Tester 
MF = Mud filtrate 
Mini-DST = A WFT pressure drawdown and buildup operation 
NIR = Near-infrared spectroscopy 
NMR  =  Nuclear magnetic resonance  
OBM  =  Oil based mud  
ODT =  Oil down to 
OWC =  Oil-water contact 
PEF =  Photo electric factor 
PAQP =  Quartz pressure gauge in the DP inlet 
POF =  Partial objective function value 
PVT =  Pressure, volume and temperature 
RMSE =  Root mean square error 
SBO =  Stochastic based optimization 
SF =  Static filtration 
SP =  Single probe 
WBHP =  Partial objective function value of bottomhole pressure 
WBM  =  Water based mud  
WCUT =  Partial objective function value of water-cut 
WFT =  Wireline formation tester 
XLD =  Extra large diameter  
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