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Summary:  

Managing uncertainty and its reduction is a key 

challenge in any geological modeling study and many 

times we choose to run multiple model realizations to 

assess the impact of uncertainty on forecast and 

production behavior of the reservoir. The way these 

realizations were managed, however, can vary widely 

and the approach taken will naturally impact the 

accuracy of the model. One method is to vary one 

parameter at a time, keeping other parameters constant. 

This results into limited sampling of the uncertainty 

space, moreover this approach does not consider the 

interaction among different parameters owing to 

uncertainties. 

The reservoir in the study area was deposited in complex 

lithological environment and highly heterogeneous 

geological set up, resulting in various uncertainty 

parameters/factors. Therefore, an integrated approach 

was designed using advanced technique of experimental 

design methodology with three and four factors.  Their 

interaction and response was derived and used for 

capturing the reservoir heterogeneity and stochasticity. 

In this study, we used Full Factorial design with Sand 

fraction, Porosity, Water saturation and Fluid contact 

with two levels (+1, -1) to estimate ranking factors by 

high precision and results were compared in P10, P50, 

P90 cases for facies and petrophysical models. The 

advantage of full factorial design is that it makes very 

efficient use of the data and doesn’t confound the effect 

on the parameters so that it is possible to evaluate the 

main and interaction effect on them clearly.  

The assessment presented in this paper enables the 

quantification of uncertainty factors, which provides a 

comprehensive coverage of factors for estimated reserve 

volumes. This innovative approach for uncertainty 

assessment and its management has presented a 

blueprint for improved field development plans by 

highlighting the range of risks associated with 

exploitation & exploration strategies of the filed. 

Geological understanding and challenges: 

 

The present study is focused on K-III reservoir of Kalol 

Field, Cambay Basin, India. Kalol Field falls in the 

Ahmedabad-Mehsana tectonic block of Cambay Basin. 

There are 11 pay sands i.e. K-II to K-XII from top to 

bottom, occurring between depth of 1250 and 1550m. 

The lithology of this unit comprises thin alternations of 

mainly sandstone, siltstone, silty shale, shale, claystone, 

carbonaceous shale and coal. For facies modeling, five 

lithofacies viz. sand, shaly sand, silt, coal and shale were 

considered. The average pay thickness varies from 2.5 m 

to 6 m and average porosity and permeability are in the 

range of 17% and 23 mD respectively. K-III sand is 

having both oil and gas accumulations. It is gas bearing 

in north central, central and south-west areas, whereas in 

the south-east and north-west part, it is mainly oil 

bearing with a small gas cap (Fig-1). The sand is mainly 

operating under strong aquifer support in northern part 

whereas in south it is under predominantly depletion 

drive. 

 

Fig-1: Map showing structure contours at K-III Horizon, oil, gas 

producers along with water injectors wells in the study area 

Seismo-geologically, mapping of thin reservoir sand was 

very difficult due to presence of multiple coal seams, 

complex depositional environment and its multi-

directional orientations. The field has reached the brown 

stage with artificial lift and water injection, which 

reduced the utility of pressure-performance based or 

conventional modeling approach. Therefore, an 

integrated approach was designed incorporating available 

seismic data, well/log data, reservoir data (initial 

production results, pressure-production relationship) and 

conceptual geological ideas to build the initial base case 

for facies and petro-physical property model and with the 

help of experimental design and Monte Carlo simulations 

(Metropolis, N., 1949)6 various scenario were generated 

and compared for reduction of the uncertainty.  

Quantification of uncertainty factors: 

The main reason of uncertainty in K-III reservoir is due 

to its complex depositional environment. This poses 
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Table-2: Design Matrix Combination using ED for 8 runs with 

Two Levels (+1,-1) for three factors and result of Design 

Matrix to calculate STOIIP 

facies variation spatially and temporally, computed 

through facies model. Complex stratigraphy and tectono-

structural setup of the reservoir has lead to different fluid 

contacts across the field, which further affect the 

volumetric. Detailed core analysis was done to ascertain 

petrophysical parameters. Quantitative analysis of 

effective porosity, water saturation & clay volume was 

carried out by integrating individual well performance. 

Through this analysis, porosity range was calculated and 

used as base case for porosity model. From integration of 

testing results and production behavior, porosity 

variation between computed and core porosity was 

found. Its analysis revealed that Mean Statistical Error 

(MSE) in iterative computation remains within allowable 

limits. Using frequency distribution curve, the high and 

low cases were prepared and this range has been used for 

uncertainty reduction of porosity model. This approach 

has also been extended to uncertainty quantification of 

water saturation (Sw). As the K-III sand is spread 

throughout the study area (Fig-1) and field is producing 

from this reservoir under secondary recovery, sporadic 

increase in Sw was observed in recently drilled wells 

while processing their logs. For uncertainty analysis 10% 

variation in actual water saturation is calculated, mainly 

using Standard Deviation and taken as variation range for 

uncertainty runs (Table-1). 

Table-1: Uncertainty factors and their ranges for experimental 

design-Multi realizations runs 

 
Experimental design methodology: 

Experimental Design method (ED) distributes the 

simulation runs within uncertainty ranges of parameters 

efficiently, thereby minimizing the number of required 

runs for studying an uncertain system. In fact, this 

methodology provides a quantified, decision-based plan 

for minimizing risk in hydrocarbon reservoirs (Hollis, 

et.al, 2011)3. Three and four factors with two levels per 

factor matrix design was derived and used to study the 

impact of effective uncertainty in the reservoir. 

Full Factorial design: Case Study 

In the present study, uncertainty analysis with three 

(facies, porosity & saturation) and four factors (facies, 

porosity, saturation & fluid contact) were analyzed. 

Design matrix combinations and their and results are 

shown in Table-2 & 3.  

 

Fig-2: Workflow of the experimental design in study area 

Full factorial is the most common and intuitive strategy 

of experimental design. The two levels full factorial, 

design with k factors results 2k samples. The samples are 

given by every possible combination of the factors values 

and denoted by N. For example if k=3, then the sample 

size is N = 2k i.e. 8. The two levels are called high (h) 

and low (l) or “+1” and “−1” (similar to Unit Vector 

approach). Starting from any sample within the full 

factorial scheme, the samples in which the factors are 

changed one at a time are still part of the sample space 

(Cavazzuti, M., 2013)1. This property allows for the 

effect of each factor over the response variable 𝑦 not to 

be confounded with the other factors.  

Initially, full factorial design with three factors {facies 

(X1), porosity (X2) and water saturation (X3)} and two 

levels (+1, -1) per factor was considered. Effect of each 

factor (say X1) on the total uncertainty and interaction of 

X1 with other factors (X2, X3) was derived and used in 

the calculation of final OIIP of the K-III reservoir. We 

define the main interaction M of a variable X by the 

difference between the average response variable at the 

high level samples and the average response at the low 

level samples. The response variable and two factors 

interaction is shown in Table-2. 
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Table -3: Design Matrix Combination using ED for 16 runs with Two Levels (+1,-1) for four factors and result of Design Matrix to 
calculate STOIIP 

With reference to matrix design of three factors, main 

interaction M, for factor facies (X1) can be given as  

𝑀𝑋1 = (
𝑦ℎ,𝑙,𝑙 + 𝑦ℎ,𝑙,ℎ + 𝑦ℎ,ℎ,𝑙 + 𝑦ℎ,ℎ,ℎ

4

−
𝑦𝑙,𝑙,𝑙 + 𝑦𝑙,𝑙,ℎ + 𝑦𝑙,ℎ,𝑙 + 𝑦𝑙,ℎ,ℎ

4
) 

…………………1.1 

(interaction of column 2 & 5 in matrix form from Table-2) 

Similar expressions can be derived for MX2 and MX3. 

The interaction effect of two or more factors is defined 

similarly as the difference between the average responses 

at the high level and at the low level in the interaction 

column. The two-factor interaction effect between X1 

and X2 from the Table-2 can be derived as  

𝑀𝑋1,𝑋2 = (
𝑦𝑙,𝑙,𝑙 + 𝑦𝑙,𝑙,ℎ + 𝑦ℎ,ℎ,𝑙 + 𝑦ℎ,ℎ,ℎ

4

−
𝑦ℎ,𝑙,𝑙 + 𝑦ℎ,𝑙,ℎ + 𝑦𝑙,ℎ,𝑙 + 𝑦𝑙,ℎ,ℎ

4
) 

…………………1.2 

(interaction of column 6 & 5 in matrix form from Table-2) 

The main interaction effects give a quantitative 

estimation of the influence, the factors, or the interaction 

of the factors, have upon the response variable. The 

number of main and interaction effects in a 2k full 

factorial design is 2k −1; it is also said that a 2k full 

factorial design has 2k − 1 degree of freedom. In a 2k full 

factorial design there are, 

 (
𝐾
1

) =
𝑘!

1!(𝑘−1)!
= 𝒌 main effects in one factor interaction,  

(
𝐾
2

) =
𝑘!

2!(𝑘−2)!
      main effects in two factor interaction, 

(
𝐾
𝑛

) =
𝑘!

𝑛!(𝑘−𝑛)!
    main effects in n factor interaction, 

                                                      and so on…… 

The idea of the 2k full factorial experimental designs can 

be easily extended to the general case where there are 

more than two factors and each of them have a different 

number of levels. The sample size of full factorial design 

with k factors X1, X2. . . , Xk, having L1, L2. . . , Lk 

levels can be given as 

  𝑁 = ∏ 𝐿𝑖𝑘
𝑖=1  .                                       ...……………1.3 

In full factorial designs, it is still possible to compute an 

estimation of the main and the interaction effects, but the 

definitions given in Eq.1.3 must be reformulated in terms 

of sums of squares for solving the complex equations. 

Let us consider the case of factors k = 4 {facies (X1), 

porosity (X2), water saturation (X3) and fluid contact 

(X4)}. The design matrix with response 𝑦  and factors 

interaction is given in Table-3. 

The average of the response variable for all the n samples 

can be given as: 

�̅� =
∑ ∑ ∑ ∑ 𝑦𝑖,𝑗,𝑙,𝑚

𝐿4
𝑚=1

𝐿3
𝑙=1

𝐿2
𝑗=1

𝐿1
𝑖=1

𝑛
 

…………………1.4 

In order to compute the main effect of X1, we must 

evaluate the L1 averages of the response variables for all 

the samples where X1 is fixed to a certain level can be 

ranges as: 

 

𝑦 ̅𝑋1 = 1 =
∑ ∑ ∑ 𝑦1,𝑗,𝑙,𝑚

𝐿4
𝑚=1

𝐿3
𝑙=1

𝐿2
𝑗=1

𝐿2. 𝐿3. 𝐿4
 

to      

                              

𝑦 ̅𝑋1 = 𝐿1 =
∑ ∑ ∑ 𝑦𝐿1,𝑗,𝑙,𝑚

𝐿4
𝑚=1

𝐿3
𝑙=1

𝐿2
𝑗=1

𝐿2. 𝐿3. 𝐿4
 

        (Here L1, L2, L3, L4 varies from -1 to +1)       ……………1.5 

 

 

 

 



 

The main effect of X1 is 

𝑀𝑋1 = ∑(

𝐿1

𝑖=1

𝑦 ̅𝑋1 = 𝑖 − 𝑦 ̅) 2 

…………………1.6 

In a similar way, for computing a two-factor interaction 

effect, namely X1 and X2, we need to compute the        

L1 · L2 averages as: 

𝑦 ̅𝑋1 = 1,  𝑋2 = 1 =
∑ ∑ 𝑦1,1,𝑙,𝑚

𝐿3
𝑚=1

𝐿2
𝑙=1

𝐿3. 𝐿4
 

   to       

                 

𝑦 ̅𝑋1 = 𝐿1, 𝑋2 = 𝐿2 =
∑ ∑ 𝑦𝐿1,𝐿2,𝑙,𝑚

𝐿3
𝑚=1

𝐿2
𝑙=1

𝐿3. 𝐿4
 

…………………1.7 

The X1.X2 & X1.X2.X3 interaction effect can be 

derived as: 

𝑀𝑋1,𝑋2 = ∑  

𝐿1

𝑖=1

∑(

𝐿2

𝑗=1

𝑦 ̅𝑋1=𝑖 − 𝑦 ̅) − 𝑀𝑋1 − 𝑀𝑋2 

&                                           …………………1.8 

𝑴𝑿𝟏,𝑿𝟐𝑿𝟑 = ∑  

𝑳𝟏

𝒊=𝟏

∑ ∑  

𝑳𝟑

𝒌=𝟏

(

𝑳𝟐

𝒋=𝟏

𝒚 ̅𝑿𝟏=𝒊 − 𝒚 ̅) − 𝑴𝑿𝟏 − 𝑴𝑿𝟐 − 𝑴𝑿𝟑 

…………………1.9 

The advantage of full factorial design is that, it makes a 

very efficient use of the data and do not confound the 

effects of the parameters, so that it is possible to evaluate 

the main and the interaction effects clearly.  

On the other hand, the sample size grows exponentially 

with the increase in number of parameters and the 

number of levels (Quinao, J, J., 2014)4. For Lk designs, 

that is, the full factorial designs where the number of 

levels is the same for each factor, is particularly suitable 

for interpolation by polynomial response surfaces, since 

a 2k design can be interpolated with a complete bilinear 

form, a 3k design with a complete biquadratic form, a 4k 

with a complete bicubic, and so on (Cavazzuti, M., 

2013)1. We refer to the terms bilinear, biquadratic, and 

bicubic broadly speaking, since the number of factors is 

k, not two (+1, -1), and it could be better expressed as k-

linear, k-quadratic, and k-cubic interpolations. 

 

Results & Discussion: 

To analyze the sturdiness of the model with 

Experimental Design, a Monte-Carlo Simulation (MCS) 

considering four variables (Table-1) was run with over 

300 samples. In this section the final results are discussed 

in detail and it is further revealed that the uncertainty 

ranges captured through experimental design 

methodology are well corroborating with the Monte 

Carlo simulation runs (Fig-9). 

In this study, a comparison of the traditional stochastic 

uncertainty based approach has been contrasted with the 

Experimental Design approach. A careful process to 

parameterization of the geologically uncertain factors 

was considered as well as their interactions with each 

other. 16 realizations of the Full Factorial Design were 

constructed and their STOIIP calculated. As a reference 

the Base case maps for the petrophysical parameters 

(Porosity and Saturation) are shown in Fig-3 to 

understand the lateral variation of the properties in a 

geological context. On the basis of the Full Factorial 

design, low (P90) and high (P10) case models were 

constructed and a residual maps for the same 

petrophysical properties is shown in Fig-4. This serves as 

a validation that the models are not pure mathematical 

constructs but have their roots firmly in geology as well. 

The final comparison between any models is in the 

Hydrocarbon Storage maps represented by the Oil isopay 

(Fig-5) which highlights the additional Oil accumulations 

near pre-existing pays leading to an overall increase in 

the STOIIP. When comparing the Probability 

distributions (PDF) of the Porosity and Saturation in Fig-

6 & 7 we can clearly observe that the High Case (P10) 

compensates for the additional STOIIP by decreasing on 

the poorer facies and increasing the same volume for the 

better reservoir facies as the sand fraction modeled also 

increases in the high case as shown in Table-3. A similar 

case is also observed for the water saturation distribution 

as well. When comparing the results of unconstrained 

Monte Carlo simulation (320 runs) and the ranking of the 

subsequent results, it was found that the Uncertainty 

range captured within the P90 – P10 of the simulation 

was exactly the same as observed with the Full Factorial 

method (Fig-9). The percentile ranking as based on both 

methods was observed to be within 10% of range. 

Fig-3: Average porosity and water saturation distribution in the 

base case model 

Fig-4: Residuals of high and low cases of porosity and 

saturation model from 300 samples of MCS  



 

Fig-9: Comparison of Uncertainty ranges and sample runs between 

Experimental Design and Monte Carlo Simulation 
Fig-8: Histogram of STOIIP Distributions from 320 runs of Monte 

Carlo Simulation 

Fig-5: Oil isopay from P10 (high case) & P90 (low case) showing the variations captured through Full Factorial design (ED) 

 
Fig-6: PDF curve showing variation of porosity in base case, 

high and low case. The green and red shading showing the +ve 

and –ve variation of porosity from the base case which was 

taken as ranges in uncertainty analysis 

 
Fig-7: PDF curve showing variation of water saturation in base 

case, high and low case. The pink and blue shading showing the 

+ve and –ve variations of water saturation from the base case 

which was taken as ranges in uncertainty analysis 



 

The uncertainty in the model thus captured from the 

Monte Carlo simulation was honored by the careful 

design of the Full Factorial matrix with only 16 runs 

(5%) of the total required in Monte Carlo simulation. 

This frees up enormous computational resources as well 

as saves a lot of time for the user thus increasing better 

predictability of the reservoir. 

 

Conclusion: 

Experimental design and response modelling are well-

established methods, but are currently scarcely used in 

petroleum industry. To use this methodology efficiently, 

it is necessary to have expert knowledge in multi-

scenario stochastic modelling, so efficient design 

matrices can be constructed, where a minimum number 

of design runs can capture all the significant effects. 

Instead of blindly generating a series of possible models 

in a multiple deterministic modelling study to quantify 

the STOIIP, the Experimental Design methods can 

provide a systematic and practical guideline to reduce the 

number of models that must be generated to obtain the 

STOIIP distribution curve (Fig-8).  

In the present study, an efficient Experimental Design 

with four sensitive variables namely, Sand Fraction, 

Contacts, Porosity and Saturation has been demonstrated. 

The interaction between the variables was defined 

(Table-3) and 16 realizations created. Simultaneously a 

Monte Carlo Simulation of over 300 realizations was 

done on the same base case and comparison of the results 

shows that the uncertainty captured in both independent 

analysis to be nearly identical. A comparison between 

the maps and the histograms of the High vs. Low case 

demonstrates the interaction of the reservoir fraction, 

porosity and saturation properties and their subsequent 

impact on the STOIIP. 

The methodology presented in the study has multiple 

utilities in the vast field of modeling. Thus it can be 

applied further into the Dynamic Simulation workflows 

incorporating more variable parameters with increasing 

levels of interaction between the variables. This 

methodology can be innovatively applied to decrease 

computational times and may lead to better forecasting of 

reservoir productivity in the future. The 

parameterization/ quantification of the uncertainties 

discussed can be used as a loop back to further improve 

the interpretations in other nearby fields sharing similar 

structural and depositional characteristics. This 

innovative approach has presented a new insight for 

better field development plans by mitigating risks 

associated with exploitation & exploration strategies of 

the field. 

NB: The views expressed in this paper are solely of the 

authors and do not necessarily reflect the view of 

ONGC. 
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