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Abstract: Proxy-models are computationally cheap alternative to full 
numerical simulation during production performance predictions. They are 
widely use in reservoir management to forecast production in order to assist 
investment decisions. However, the underperformance of many E&P projects is 
due to unrealistic forecast quantities arising from assumptions, human biases 
and reservoir modelling limitations. Hence, considerable efforts are needed to 
bridge gaps between forecasts and the actual production. The reservoir under 
study is developed with six producing wells, all deviated. The internal reservoir 
heterogeneity believed to have created significant fluid flow anisotropy which 
trapped the remaining mobile oil in the compartments poorly contacted  
by the current producing well spacing. Consequently, the proposed reservoir 
management is Infill drilling. This study utilised simulation model for well 
selection and its optimal placement within the reservoir. Experimental design 
technique and adaptive neuro-fuzzy inference system (ANFIS) were integrated 
to develop predictive model for production forecast given new development 
option. Comparison of the conventional response surface (RSM) and ANFIS 
models was made based on their prediction performances. The ANFIS model 
was found to be superior. 
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1 Introduction 

The increasing necessity for quantifying uncertainties and their associated effects on 
investment decisions has become very important in management decisions. This is one of 
the major reasons why the use of experimental design and associated response surface 
models (RSM) has been on the increase in the E&P industry. Prior to development of 
RSM, uncertainty screening is usually performed to reduce number of experimental runs 
during which some impactful parameters may not be selected for regression process. This 
result to unrealistic forecast quantity for economic decisions. In order to bridge gaps 
between the forecasts and the actual production, this study combined experimental design 
and adaptive neuro-fuzzy inference system (ANFIS) to develop a predictive model for 
production forecast of a real Niger Delta Field. Experimental design was employed for 
uncertainty screening and data gathering while ANFIS technique was utilised for 
predictive model development. 

Proxy-models are often used to assist the production optimisation process such as 
proposing optimal in-fill well locations, type and number (Guyagular et al., 2000;  
Badru and Kabir, 2003; Ozdogan et al., 2005; Yeten, 2007). RSM-based proxy-models 
are routinely used as input to a Monte Carlo sampling process (Fishman, 1996) due to 
possible high exhaustive sampling rates. However, RSM can be a problem if high degree 
of nonlinearity exists between the input and output variables. The use of artificial  
neural network (ANN) and Krigging has been reported for resolving nonlinearity  
issues (Peng and Gupta, 2004). Appropriate selection of experimental design and 
sampling techniques can significantly improve model predictability (Yeten et al., 2005). 
Yeten et al. (2005) studied different experimental designs and proxy-models and their 
capability to predict uncertainties in selected field performance. A good result was 
reported in application of kriging and splines proxy-models with space filling  
(Latin hypercube) design. But the same types of proxy-models gave worse results for 
traditional designs (e.g., Placket Burman, central composite and D-optimal designs). The 
creation of proxy-models of a high quality is therefore related to the selection of 
appropriate experimental design algorithms, the quality of the input dataset as well as the 
degree of linearity and nonlinearity of input-output relationship. 

ANN according to Mohaghegh (2000) is part of a group of analytic tools that attempts 
to imitate life to address the problem of input-output relationship. ANN has been 
presented as an important tool that can be applied to map the response surface in the 
multidimensional spaces of a reservoir model (Cullick et al., 2006). The mapped response 
is then used as a substitute of reservoir simulation runs during history matching and 
production forecast processes. Some limitations of ANN are highlighted by Mohaghegh 
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(2000) and Olatunji et al. (2011). Recent studies have shown that these limitations can be 
overcome through the application of another sensitivity-based linear learning methods 
(SBLLM) in the conventional feed forward neural network (FFNN) and the use of fuzzy 
logic (Sampaio et al., 2009; Olatunji et al., 2011). 

According to Olatunji et al. (2011), SBLLM is an improvement that was able to solve 
the instability problem. Fuzzy logic as pointed out by Salam et al. (2011), has ability to 
capture knowledge from data that is inherently imprecise and maintaining a high level of 
performance in the presence of uncertainty. The original Back-propagation method used 
in Nets was found to exhibit slow convergence due to large search space dimensions for 
learning. Fuzzy inference system (FIS) employs hybrid-learning rules for training 
process. 

ANFIS employs hybrid-learning algorithm, which is a combination of gradient 
descent and the least-squares method. In the forward pass of the hybrid learning 
algorithm, node outputs would go forward until last layer and the consequent parameters 
would be identified by the least-squares method (Jang, 1993). In the backward pass, the 
error signals propagate backwards and the premise parameters would be updated by 
gradient descent. The consequent parameters are optimised under the condition that the 
premise parameters are fixed. Thus, hybrid approach converges much faster than 
conventional backward propagation as applied to ANN. However, in the training  
step using ANFIS method, the influence clustering radius is usually evaluated by  
trial-and-error using different membership function. This procedure can be time 
demanding especially if the degree of nonlinearity between the dependent and 
independent variables are considerably significant. 

2 Brief reservoir model description 

The dynamic simulation model was constructed by integrating static model, rock and 
fluid properties, production data and well completions. A 100 × 100 × 1 ft grid dimension 
was used to preserve reservoir heterogeneity and accommodate simulation runs. On the 
average from well log interpretation, the reservoir porosity is 28.4%, water saturation 
27% and permeability 700 mD. From fluid characterisation, the initial reservoir pressure, 
Pi = 1935 psia, the oil gravity is 20.7, oil formation volume factor (FVF) is 1.17, and 
reservoir average temperature is 165°F. Model initialisation confirmed the estimated 
stock tank oil originally in place (STOOIP) to be approximately 68 million. This figure 
agreed to the estimated P50 uncertainty value of 66.8 MMstb with maximum deviation of 
1.2 MMstb. The P10 and P90 values recorded from the Monte Carlo simulation are  
59.2 MMstb and 75.53 MMstb respectively. 

3 Model calibration 

Reservoir model was developed by integrating static and dynamic data. This was done in 
Eclipse data file (see Appendix D). The simulator is a combination of diffusivity 
equation, transport equation and equation of state. Eclipse utilises a data file  
(reservoir model) that allows for the integration of data for numerical simulation. Such  
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model has to be calibrated before any accepted forecast could be made using the  
model. Model calibration is synonymous to history matching. By history matching it 
means conditioning the numerical model to the historical data then use the resultant 
model for production forecast. This was done on both well by well and on field levels 
using traditional method (Rwechungura et al., 2011) and the objective functions 
considered include well water-cut for all the wells and pressure (FPR), gas-oil ratio 
(GOR), water-cut (FWC) and water production (FWPT) at reservoir level. Several 
parameters were sensitised upon to achieve a good match but the following are the major 
ones adjusted: 

1 Vertical permeability was degraded globally by 15%. This improved the water 
production in Well-02 by enhancing the lateral flow of water in this area that allowed 
matching the water cut. 

2 Fault transmissibility was increased to match the water-cut in Well-04. 

3 Critical water saturation was increased by a factor of 2 to match the water 
breakthrough time (WBT) in Well-01. The connate water saturations obtained from 
the static model were relatively low. 

Figure 1(a) shows the results of the field-wide history matching and consists of  
four different graphs of various responses with time on the horizontal axis. The dotted 
points indicate the observed data while the continuous line the simulated values. The 
pressure match is shown in black colour, water cut and cumulative water produced in 
blue and the GOR in red. Figure 1(b) shows the water-cut match for four wells. It is clear 
that the breakthrough time and observed water-cut levels were matched in all the plots. 
However, the imperfection in the match of the field WBT correctly was due to the 
geology and proximity of some wells to oil-water-contact. Nevertheless, the field 
matching was good and the model was taken as reservoir proxy suitable to use for further 
analysis. 

Figure 2 shows post-history match distribution of the residual oil saturation in some 
selected layers of the reservoir. It is obvious that beyond the life of the existing wells, 
substantial residual oil saturation is left behind. 

4 Infill well selection and placement 

For additional recovery, a number of production schemes were considered using the 
calibrated model. This includes evaluation of the types and the optimum placement of the 
infill wells, the use of all vertical wells or all horizontal wells, or a combination of both 
horizontal and vertical wells. The well placement was optimised for each scheme 
considered by placing the wells one at a time and running the simulation for 18 years. For 
the horizontal wells, the evaluation of the vertical placement and optimal lateral length 
was simulated assuming horizontal length of 700 metres and 1,000 metres as the case 
usually are in the Niger Delta. The inter-well spacing assumed was 800 metres. In all the 
simulations, WBT and recoverable oil are the reservoir responses. 
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Figure 1 (a) Field pressure and saturation match (b) Well saturation match (see online version 
for colours) 

 
(a) 

 
(b) 
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Figure 2 Distribution of the residual oil saturation at the end of history match in some layers of 
the reservoir (see online version for colours) 

 

The reservoir was divided into four different sub-regions using faults. In all these regions, 
permeability ranges from 100 mD to 1,300 mD and porosities range between 10% and 
27%. Porosity and permeability histograms for all the regions are displayed in  
Figures B1 and B2 in Appendix B. It is clearly observed that the geology of the different 
sub-region is different. Both the porosity and permeability distributions agreed 
geologically with high permeability found mostly in high porosity regions. 

Table 1 shows the result of the simulation. The table compares the performance of the 
horizontal and vertical wells across the reservoir sub-regions as well as the effects of the 
lateral length of the horizontal wells on production and water break through time. The 
recommendations to drill or not was based strictly on number of wells, WBT and 
cumulative oil recovery. The results show that in all the recommended regions for infill 
drilling horizontal wells with 1,000 m lateral lengths gave higher productivity. 

Drilling two horizontal wells each of lateral length of 700 metres in Region 1 
produced 5 MMSTB the same quantity obtained from drilling four vertical wells in the 
same region. This region can be said to be almost depleted or homogeneous because the 
simulation result indicated no significant difference in additional reserves by using  
1,000 metres and 700 metres horizontal well lengths. Considering additional reserves, a 
horizontal well is optimum with well length of 700 metres in Region 1 and Region 3. 
However, it was observed that all wells (vertical and horizontal) experienced WBT one 
month after production hence, infill drilling in Region 1 and Region 3 was not a viable 
option. Drilling two horizontal wells each with lateral length of 1,000 metres in Region 2 
and Region 4 allows more recovery and exhibited delay in WBT. 
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Table 1 Summary of Wells performance for optimum well selection and placement 

Reservoir Well type No. of 
wells 

Well 
length (m) 

Cum. oil 
(MMSTB) 

WBT 
(days) Remark 

Region 1 Vertical 4 NA 5 30  
Horizontal 2 700 5 30 No infill 

  1,000 5.3 30  
Region 2 Vertical 4 NA 5.5 549  

Horizontal 2 700 5.3 1,491 Infill 
  1,000 6 1,614  

Region 3 Vertical 4 NA 6.2 30  
Horizontal 2 700 6.2 30 No Infill 

  1,000 6.5 30  
Region 4 Vertical 4 NA 7 30  

Horizontal 2 700 6 519 Infill 
  1,000 7 641  

Note: NA – not applicable 

As shown in Figure 3, a better performance was obtained with four horizontal wells 
compared to eight vertical wells. For optimal number of infill well required, three 
horizontal wells were drilled and simulated. First, two completed in Region 2 and one in 
Region 4. Then, with one horizontal well completed in Region 2 and two horizontal wells 
drilled and completed in Region 4. A significant difference in additional reserve was 
produced with four horizontal wells when compared with the three horizontal wells. 
Based on this analysis, a total of four horizontal wells were drilled. The recoverable 
hydrocarbon simulated was 31.84 MMstb as shown in Figure 3. This value corresponds 
to a recovery factor of 46.8%. 

Figure 3 Comparison of incremental production from vertical and horizontal wells with four 
horizontal wells outperformed eight vertical wells (see online version for colours) 

 

Note: The dotted line represent the do nothing case. 
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5 Screening using experimental design 

Table 2 shows uncertain parameters and their ranges in terms of multiplier on the base 
case model. The description of the different parameters is given in the Nomenclature. 
Using the parameters in Table 2, a Placket-Burman design was conducted. The design 
matrix is shown in Table 3. The ‘+1’ and ‘–1’ correspond to the absolute high and low 
values of the variables. The simulation was done on the forecast reserves and response 
value was recorded for 18 years of forecast. With the analysis of variance (ANOVA), the 
main effects were computed. The relative contribution of different main factors is 
presented as Pareto charts in Figure 4. The ‘heavy-hitters’ identified are: critical water 
saturation (SWCR), initial water saturation (SWI), oil viscosity (OVISC), horizontal 
permeability (PERMX), water relative permeability (KRW), vertical permeability 
(PERMZ) and critical gas saturation (SGRC) at 95% analysis confidence level. 

Table 2 Experimental range in terms of multipliers on the base case uncertain parameters 

S/N Parameters Keywords 
Multiplier ranges 

Minimum 
value 

Base case 
value 

Maximum 
value 

1 Oil viscosity OVISC 0.9 1 1.1 
2 Horizontal permeability PERMX 0.57 1 1.29 
3 Vertical permeability PERMZ 0.5 1 6 
4 Porosity PORO 0.9 1 1.1 
5 Critical gas saturation SGCR 0.5 1 1.5 
6 Critical water saturation SWCR 0.53 1 1.07 
7 Fault transmissibility multiplier MULTFLT 0.5 1 2 
8 Water relative permeability KRW 0.36 1 1.25 
9 Initial water saturation SWI 0.65 1 0.9 
10 Aquifer pore volume  AQUIPV 0.85 1 1.35 

6 Methodology for model development 

6.1 Data collection 

The development of ANFIS model can be data driven and so a 3-level experimental 
design that provides sufficient data within the design space is desirable. Central 
composite experimental design (CCD) was selected for data sampling. An overall of  
145 experiments (Appendix C) were performed considering the full factorial of CCD 
consisting of 128 cube points, 14 axial points, and three centre points for the seven 
screened ‘heavy-hitters’. Each factor was varied over five levels ±α (axial points),  
±1 (factorial points) and ‘0’ (centre-point). After data quality control, 143 valid 
experimental points were used after quality checking. The two dataset removed was 
based on failure to preserve original history match. 
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Figure 4 Pareto-chart showing contribution of different parameters to cumulative oil production 
after 18 years of forecast with critical water saturation the most significant and 
porosity the least at 95% confident level (see online version for colours) 

 

7 Data partitioning 

A total of 143 input–output pairs, 72% were randomly selected and were used for training 
and the remaining 28% of values were used for testing or validation, dictated by the use 
of triangular membership function. For training, the fuzzy rules were generated directly 
from the input-output datasets and the model learnt the salient features in the data and 
automatically adjusted the system parameters to reduce the error between the predicted 
output and the measured output. The training was achieved using genfis1 and the 
trainings of these networks were stopped after reaching the minimum error goal of 0.0001 
[MATLAB 2007 run on an Intel (R) Core (TM) i5 CPU (2.5 GHz, 6 GB RAM) PC]. 

8 Optimisation and selection of input parameters 

Two optimisation schemes were tested to reveal the inputs that have more percentage 
impact on the output, an exhaustive and sequential optimisation schemes. Sequential 
search scheme capable of selecting between one to four input variables from all input 
candidates and identifies influence of variable and its interactions on model prediction 
was used. The search began with main factor, two factors interaction, three factors 
interaction and four factors interaction. Table 4 shows how main factors and their 
interactions impacted the output for one epoch number using RMSE criteria. The 
selection of the key factors was based on the magnitude of RMSE of the training and data 
checking. A low training RMSE and significantly high checking RMSE is a sign of  
over-fitting. Parameter E (training error of 0.6270 and checking error of 0.7001) is 
therefore selected first ahead of remaining six main effects. For two interaction factors, 
EG with lowest training and checking RMSE (0.4774 and 0.5559) was selected. The 
order of arrangement (EG and not GE) also indicates the degree of significance of the 
two parameters with E having more impact on the response than G. 



   

 

   

   
 

   

   

 

   

   198 A.O. Arinkoola et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

Table 3 Placket-Burman design table for ten parameters 
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Table 4 SEQSRCH results of ‘heavy-hitters’ selection used for proposed model development 

Uncertainty 
RMSE 

Training Testing 

A 0.8020 0.8397 
B 0.8631 0.8514 
C 0.8638 0.8348 
D 0.7554 0.7471 
E 0.6270 0.7001 
F 0.8237 0.8552 
G 0.7642 0.7407 
(EA) 0.5533 0.6571 
(EB) 0.534 0.6318 
(EC) 0.5058 0.6121 
(ED) 0.5333 0.6399 
(EF) 0.5528 0.6838 
(EG) 0.4774 0.5559 
(EGA) 0.3264 0.6446 
(EGB) 0.3719 0.5642 
(EGC) 0.3082 0.514 
(EGD 0.3726 0.7366 
(EGF) 0.3783 0.7315 
(CEGA) 0.0682 0.9566 
(CEGB) 0.1344 1.5383 
(CEGD) 0.0998 1.5102 
(CEGF) 0.1639 1.4011 

The selection process is similar for the other higher combination of variables. Three 
factors searching revealed EGC as having the closest and lowest RMSE (0.3082 and 
0.5140) values for training and checking errors. CEGA was selected on searching for four 
factors with RMSE (0.0682 and 0.9566) for the training and checking errors respectively. 

9 Network architecture for ANFIS model 

This study utilised MATLAB software to construct the model. The ANFIS network was 
trained employing grid partitioning to generate FIS. FIS utilises different membership 
functions. The membership function assigned to each input was tuned using hybrid 
optimisation method (which is a combination of least squares method and gradient 
steepest descent method) for the parameters associated with the input membership 
function and the least squares estimation for the parameters associated with the output 
membership functions. A gradient vector was used to measure how well the fuzzy system 
is modelling the input-output data. The FIS generated is shown in Figure 5. 
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Figure 5 consists of three different parts: fuzzifiers, which map the crisp values of the 
preprocessed input of the model into suitable fuzzy sets represented by membership 
functions; followed by the inference mechanism or inference engine, which is the 
computational method to compute the extent to which each rule fires for a given fuzzified 
input pattern according to an active inference rule; and the last part is a defuzzifier, which 
maps the crisp values of the preprocessed input of the model into suitable fuzzy sets 
represented by membership functions and postprocessed to give the output of the fuzzy 
system based on the crisp signal obtained after defuzzification. 

Figure 5 High-level display of fuzzy inference system comprises of fuzzifier for mapping of 
preprocessed input parameters, inference engine where computation occurs based on 
input pattern and defuzzifier for output postprocessing (see online version for colours) 

 

Figure 6 Schematic of ANFIS network consists of four input nodes, eight input membership 
function nodes, one node for normalised rules, one output membership node, and one 
output node (see online version for colours) 
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The neuro-fuzzy structure is shown in Figure 6, which consists of four input nodes, eight 
input membership function nodes, one node for normalised rules, one output membership 
node, and one output node. Figure 7 shows the rule for four-input FIS and the output 
panel. 

Figure 7 Panel for fuzzy inference system showing the rule for four input FIS and the output 
panel (see online version for colours) 

 

10 Results and discussion 

10.1 Influence of membership function 

Table 5 shows the different membership functions tested during modelling and how they 
influence the training and checking errors. Gaussian membership function (Gaussmf) 
exhibited least over-fitting with R-square value of 96%. It is evident from Figure 8 that as 
the training error decreased from 0.264917 to 0.22372, the checking error reduced up to 
epoch number of about 18 and shoot up gently indicating occurrence of minimum  
over-fitting before it stabilised. Over-fitting was checked by selecting appropriate 
membership function that associated with the minimum checking error. 
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Table 5 Influence of different membership function 

MF 
RMSE error 

R-square value 
Training Checking 

Gbell 0.215383 0.324773 0.95471 
Gauss 0.22372 0.304382 0.956 
Gauss2 0.21318 0.323268 0.95545 
Tri 0.221813 0.302415 0.95673 
Pi 0.198293 0.350266 0.95415 
Psig 0.223396 0.353501 0.9486 
dsig 0.223396 0.353501 0.9486 

Figure 8 Error propagation for checking (upper) and training (lower) 

 

Note: Checking error indicated occurrence of minimum over-fitting at epoch of 18 before 
it stabilised. 

Figure 9 Parity plot of actual and predicted values in ANFIS for training datasets (see online 
version for colours) 
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Figure 9 is the cross plot of the trained 100 dataset versus model prediction for the first 
100 epoch number. The model intersected most of the data point with correlation 
coefficient of 93%. Figure 10 depicts the cross plot for the checking data versus model 
prediction for the remaining 43 dataset. The prediction coefficient is 0.8455 and the root 
mean square error is 4%. 

Figure 11 shows the parity plot of actual reserves value versus ANFIS prediction for 
the whole dataset used. The correlation coefficient of 95.6% is more than desired and 
indicates that the model is predictive. 

Figure 10 Parity plot of actual and predicted values in ANFIS for checking datasets (see online 
version for colours) 

 

Figure 11 Parity plot of actual and predicted values in ANFIS for all datasets (see online version 
for colours) 
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11 Summary 

1 Investment in E&P projects are based on forecast quantities. Reservoir simulation is 
often performed to access and evaluate different development concepts in this case 
an infill drilling. The decision to invest is always hinged on the result from 
production forecast the realistic value of which is difficult to achieve. This study 
developed a predictive model for production forecast after drilling new horizontal 
wells. 

2 Experimental design and numerical simulation were integrated to develop ANFIS 
based proxy model for the production forecast. 

3 Experimental design was used in this study to serve dual purposes: uncertainty 
screening and data gathering when combined with numerical simulation. 

4 Finally, response surface was developed by performing ANOVA on the experimental 
data generated and compared its performance using average absolute percentage 
relative error (AAPRE). The detail of the ANOVA is given in Appendix A. 

12 Conclusions 

A model for the prediction of production forecast was developed by integrating 
experimental design and adaptive neuro-fuzzy network and the following conclusions 
were made: 

1 the prediction from the model gives a better prediction and accuracy  
(AAPRE of 0.7406 and R-square of 0.956) than the RSM (AAPRE of 2.913 and 
0.8819) usually developed from the analysis of experimental design 

2 ANFIS model utilised fewer parameters when compare with RSM-based  
proxy-model and therefore offers more flexibility where data availability poses 
serious challenge. 
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Appendix A 

Response surface modelling using central composite design 

Table A1 comprises of the list of all the ‘heavy-hitters’ and their range used for 
uncertainty analysis. Model selection was based on the sequential model sum of squares 
and also on model statistics. From the ANOVA, Tables A2 and A3, it is evident that 
factorial model was suitable with F value of 2.54 and p value less than the threshold 
0.005. The model (Linear+2FI) if selected have 0.1% that it occurs due to noise. The 
values of R-square including adjusted and predicted also attest to this conclusion with 91, 
89 and 86% coefficients. 
Table A1 Experimental range in terms of multipliers on the base case uncertain parameters 

S/N Parameters Keywords 
Multiplier ranges 

Minimum 
value 

Base case 
value 

Maximum 
value 

1 Oil viscosity OVISC 0.9 1 1.1 
2 Horizontal permeability PERMX 0.57 1 1.29 
3 Vertical permeability PERMZ 0.5 1 6 
4 Critical gas saturation SGCR 0.5 1 1.5 
5 Critical water saturation SWCR 0.53 1 1.07 
6 Water relative permeability KRW 0.36 1 1.25 
7 Initial water saturation SWI 0.65 1 0.9 

Table A2 Sequential model sum of squares 

 Sum of source DF Mean squares F-value Prob > F 
Mean 63,979.36 1 63,979.36   
Linear 339.15 7 48.45 121.66 < 0.0001 
2FI 16.82 21 0.8 2.51 0.0011 
Quadratic 2.07 7 0.3 0.92 0.4932 
Cubic 15.93 41 0.39 1.42 0.108 
Residual 16.16 59 0.27   

Total 64,369.49 136 473.31   

Table A3 Model summary statistics 

Source Std. dev. R-squared Adjusted R-squared Predicted R-squared PRESS 

Linear 0.63 0.8693 0.8622 0.8517 57.87 
2FI 0.56 0.9125 0.8895 0.8627 53.57 
Quadratic 0.57 0.9178 0.889 0.8034 76.7 
Cubic 0.52 0.9586 0.9052 + Aliased 
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The model regressor were selected based on the ANOVA of individual model 
coefficients using value of ‘Prob > F’ statistics. The result obtained from the ANOVA is 
presented in Table A4. According to Table A4, the Model F-value of 95.28 implies the 
model is significant which means that there is only a 0.01% chance that a ‘Model F-
Value’ this large could occur due to noise. It was observed that the probability 
coefficients (p-value) for A-PERMX, B-PERMZ, C-SWI, D-KRW, E-SWCR, F-SGCR, 
G-OVISC, AF, CG, DE and DG were less than 0.05, given a certainty level of 95% 
showing that the selected model parameters were significant. 

The final response surface equation is: 

0 1 2 3 4 5

6 7 8 9

10 10

 
 

FOPT a a PERMX a PERMZ a SWI a KRW a SWCR
a SGCR a OVISC a PERMX SGCR a SWI OVISC
a KRW SWCR a KRW OVISC

= + + + + +
+ + + ∗ + ∗
+ ∗ + ∗

 (A1) 

Coefficient of response surface in the equation 

a0 a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 
14.93 0.275 0.1 17.76 –3.018 5.012 –1.074 –0.773 0.661 –12.62 –1.227 3.279 

Figure A1 is the cross plot of the model prediction versus actual experimental values. The 
degree to which the data points align to X = Y line determine how predictive the model 
is. The coefficient of correlation (R-square = 88%) shows the model is predictive to 
acceptable margin of error. 
Table A4 ANOVA for response surface reduced 2FI model 

Source Sum of squares DF Mean square F-value Prob > F  

Model 348.86 11 31.71 95.28 < 0.0001 Significant 

A-PERMX 16.48 1 16.48 49.53 < 0.0001  

B-PERMZ 7.42 1 7.42 22.3 < 0.0001  

C-SW 55.11 1 55.11 165.57 < 0.0001  

D-KRW 14.93 1 14.93 44.86 < 0.0001  

E-SWCR 157.47 1 157.47 473.08 < 0.0001  

F-SGCR 7.66 1 7.66 23.02 < 0.0001  

G-OVISC 91 1 91 273.39 < 0.0001  

AF 1.73 1 1.73 5.2 0.0244  

CG 3.06 1 3.06 9.18 0.003  

DE 2.67 1 2.67 8.01 0.0054  

DG 2.61 1 2.61 7.85 0.0059  

Residual 41.27 124 0.33    

Cor Total 390.13 135     
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Figure A1 Parity plot of actual and predicted values for response surface from CCD  
(see online version for colours) 

 

Appendix B 

Property histograms showing variation of different reservoir sub-region in terms of 
porosity and permeability distributions. 

Figure B1 Permeability Histograms for all the reservoir sub-regions (see online version  
for colours) 
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Figure B2 Porosity histograms for all the reservoir sub-regions (see online version for colours) 
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Appendix C 

Table C1 Data collected using the CCD 
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Table C1 Data collected using the CCD (continued) 
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Table C1 Data collected using the CCD (continued) 
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Table C1 Data collected using the CCD (continued) 
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Table C1 Data collected using the CCD (continued) 
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Table C1 Data collected using the CCD (continued) 
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Appendix D 

Model program/data: integrating both static and dynamic properties  
(see online version for colours) 
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Terms and nomenclature 

ANFIS Adaptive neuro-fuzzy inference system 
M Thousand  
MM Million 
STB Stock-tank-barrel 
MULTFLT Fault transmissibility multiplier 
PV Pore volume 
FVF Oil formation volume factor 
F Field 
WCT Water cut 
OPT Total oil production 
WPT Total water production 
GOR Gas-oil ratio 
PERMX Horizontal permeability 
PERMZ Vertical permeability 
WBT Water breakthrough time 
SWI Initial water saturation 
PORO Porosity  
OVISC Oil viscosity 

 


