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Abstract 

Stochastic reserve estimate was analysed by integrating Monte-Carlo simulation and Parametric simulation techniques to 
quantify uncertainty in reserve estimate with the result compared with Crystal Ball software. Error parameters such as mean 
reward, standard deviation and coefficient of variation were deduced with low coefficient of variation value which gives 
good confidence, low risk and less uncertainty but with a deviation of -0.035882 and 0.263878 from Crystal Ball software for 
first and second simulation analysis respectively. Pre-determined interval was eliminated in this study by using Stugies rule 
in the algorithm while randomness of input parameters was achieved by using Chi- Square and 95% Chi-Square value. 
Sensitivity analysis of input parameters shows a decreasing order effect on reserve estimate from thickness, area, porosity, 
water saturation and formation volume factor for first and second simulation analysis respectively.. 
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Introduction 
Risk and uncertainty are important factors in petroleum 
engineering, which must be analysed and emphasised especially 
in the areas of exploration and reserves estimation1. Several 
techniques of assessing the uncertainty in predicting and 
forecasting reserve estimation have been developed. The amount 
of reserve from the petroleum reservoir, together with oil and gas 
prices, operating costs and taxes controls the cash flow of the 
industry. The company's reserves are most likely the guarantee 
for its credit and provide the basis for any business transaction, 
such as property acquisition, sale, or merger. Because capital 
budgets usually depend on the income a company realizes from 
its producing properties, reserves estimation is pertinent to the 
capital expenditure. The uncertainty in estimating hydrocarbon 
reserves is taking on new critical dimensions under current 
industry conditions. High exploration costs and poor success 
ratios have been interpreted by many to favour the acquisition of 
existing oil reserves in the ground over exploring for new ones2.  
 
Based on historical background, the success rate achieved in 
predicting hydrocarbon reserves has been poor3. It is for this 
reason that different organizations can report markedly different 
reserve estimates using the same dataset. Being that the true, 
ultimate recovery is known only at the time of reservoir 
abandonment and a key issue is how to quantify and possibly 
narrow the uncertainty, especially during the development and 
early production stages of the life of the reservoir4.  
 
Deterministic and stochastic methods are the two established 
method of reserve estimation. In both approaches, mathematical 
formulae are used to estimate volumes of hydrocarbon. However, 
the deterministic approach uses single value input parameters that 
are considered representative of the reservoir. Thus, the 

corresponding volumetric value obtained is a single best-estimate 
value. The input data are linked directly to a physical model5. 
There is no standard that exist for stochastic reserve estimation. 
The general practice is to use continuous probability density 
function (PDFs) and combine probability distributions to generate 
a probability density function for reserves. The input probability 
density function, for example triangular probability distribution, 
are combined either analytically6 or by random sampling (Monte 
Carlo Simulation). By central limit theorem, the reserve 
distribution approaches lognormal regardless of the type of input 
variables. Therefore, analytical techniques assume reserves to be 
lognormal6. 
 
The issues of dependency and aggregation lead to uncertainty in 
reserves estimation. The uncertainty can occur whether the 
estimation method is deterministic or stochastic. With the 
deterministic method, the uncertainty is hidden and quantification 
is impossible. While with the stochastic methods, the uncertainty 
is not hidden and quantification is possible. The challenge then is 
to enhance the consistency and reliability of reserves estimates 
early in the field history and avoid the surprise element during 
production7. The aggregation issue arises when reserves are 
combined. For example, adding reserves of several reservoirs to 
obtain the field total. Statistically, arithmetic addition will distort 
the results such that P90 values will be underestimated, while P10 
values will be overestimated8. 
 
Uncertainty can be quantified by varying the value of Coefficient 
of variation, changing the standard deviation or the mean value. 
The homogeneity of data sample and its range of value can be 
depicted by standard deviation change, while the change due to 
groups’ weighted average within the data sample is emphasized 
by any change in mean value. In practice, the level of uncertainty 
assumed in comparison to the amount of return expected from the 
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investment depends mainly on the coefficient of variation. In 
summary, lower value of coefficient of variation yields better risk 
on return. 
 
A classical example of systems that are associated with risk and 
uncertainty is oil and gas reservoir. The reliability, accuracy and 
quantity of available data at the exploration stages and early 
phases of field appraisal and field development planning are not 
sufficient for an adequate application of complex software 
programs based on detailed information about the reservoir or 
fluids properties. This defficiency of available data or incomplete 
data makes an overall estimation of reserves made by 
conventional deterministic and (or) probabilistic methods more 
subjective and, therefore, more uncertain9. The data used for 
assessment of reserve are burdened by uncertainty as they can 
only be determined with a level of inaccuracy10. Thus, there arises 
the need to evaluate the uncertainty of the reserve determined.  
 
This study investigated stochastic method of quantifying 
uncertainty in reserve estimation in the Niger Delta of Nigeria by 
integrating Monte-Carlo simulation and Parametric simulation 
techniques. The randomness of input parameters was tested and 
pre-determined interval for histogram plot was eliminated in this 
study. Error parameters such as mean reward, standard deviation 
and coefficient of variation, which is the ratio of mean reward to 
standard deviation were determined with sensitivity analysis to 
predict uncertainty and rank input parameters based on their 
contributive effects. The result was compared with Crystal Ball 
software for better risk analysis. 
 
Methodology 
The quantification of uncertainty in reserve estimation starts with 
the volumetric stock tank oil initial in-place equation as stated 
below. 

 7758Ahφ 1 - SwN =
Bo

        

This indicates that the oil in place is expressed in terms of area, 
net pay, porosity, water saturation and formation volume factor. 
Once the values for each input are specified, the output value is 
then calculated. Each parameter in volumetric stock tank oil 
initial in-place equation is analysed as a random variable that 
conforms with some probability versus cumulative-value 
relationship11. 
The steps involved in this study as encompassed in software 
algorithms are as follows: i. Input geologic data such as area, 

thickness, porosity, water saturation and formation volume factor. 
ii. Generate the distribution of the inputs using rectangular, 
triangular and (or) normal probability distribution function. iii. 
Test input randomness by minimization of the Chi-square 
distribution. iv. Compute the number of interval using Stugies 
equation. v. Predict the reserve distribution with the aid of Monte 
Carlos simulation. vi. Generate the multiple realization of 
structure in terms of pessimistic (P10), most likely (P50) and 
optimistic (P90). vii. Estimate error parameters which include 
mean reward, standard deviation and coefficient of variation. 
These were achieved by the parametric simulation technique. viii. 
Run sensitivity analysis of the input parameters. ix. Compare 
simulation result with Crystal Ball simulation result. x. With the 
aid of the error parameters and the sensitivity analysis, the 
simulation run with minimum error is selected. 
 
Input Data: The quantification of uncertainty in reserve 
estimation was undertaken on the basis of the data obtained from 
Reservoir “X” from the Niger Delta region of Nigeria. 
 
Many parameters of reservoir “X” have been determined with 
reserves of about 452MMSTB deduced from the reservoir based 
on decline curve analysis and by considering current completion 
status of reservoir “X”. This production from the reservoir does 
not reflect the other scattered by-passed oil in different zones, and 
the small attic oil pools clustered adjacent to the major faults. At 
present, the cumulative production was about 440MMSTB with 
70% water cut. The well was discovered and its initial production 
was in November 1974 at an initial oil rate of 23,000BOPD and 
water traces. The maximum production from the well was in 1978 
at 120,000BOPD, while the current production is at 
12,000BOPD. 
 
Results and Discussion 

Simulation Analysis Result: A base case for parallel procedure of 
normally distributed input parameters or variables was used for first 
simulation analysis(Table 2). Analysis of uncertainty in reserve 
estimation is influenced by the number of iterations which in turn 
determines the configuration of the distribution and the 
convergence rate of the output result. Thus, several trials were 
considered in each simulation analysis to guarantee maximum 
reliability of the process. Different analysis was performed using 
varying numbers of trials starting from 100 trials up to 2500. It was 
concluded that 1000 trials indicated the optimum number of case.  

 

Table-1 
Geologic Input Data 

 
Minimum Maximum Mean Std. Dev 

Area [acres] 1000 2500 1890 440 
Thickness [ft] 500 1700 877 280 
Porosity [-] 0.09 0.182 0.119 0.022 

Water Sat [-] 0.04 0.5 0.27 0.08 
Oil FVF [rb/stb] 1.37 1.64 1.51 0.05 
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Table-2 
Input Data to Distribution Type for First Analysis 

Number of Cases  1000     
Distribution Type      

 Distribution Minimum  Maximum Mean Std. Dev 
Area [acres] Normal   1890 440 
Thickess [ft] Normal   877 280 
Porosity [-] Normal   0.119 0.022 

Water Sat [-] Normal   0.27 0.08 
Oil FVF [rb/stb] Normal   1.51 0.05 

 
Table-3 

Results of First Simulation Run 
Simulation Distribution Run 

STOIIP Freq. Rel. Freq. Expectation Summary Results  
[MMStb] Distribution Oil Oil   

828.28 72 0.072 1 No. of Histogram 11 
1005.28 169 0.169 0.928 Size of Histogram 177 
1182.28 201 0.201 0.759 Mean 1372.734 
1359.28 185 0.185 0.558 Standard Dev. 655.1816 
1536.28 146 0.146 0.373 Coef of Variation 0.477282 
1713.28 101 0.101 0.227 P10 1963.33 
1890.28 63 0.063 0.126 P50 1414.774 
2067.28 35 0.035 0.063 P90 1034.608 
2244.28 17 0.017 0.028 Chi-Square 524.0112 
2421.28 8 0.008 0.011 Chi-Square 95% 1074.169 
2598.28 3 0.003 0.003   

 

 
Figure-1 

Distribution of the First Simulation Analysis 
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Figure-2 

Crystal Ball Software result of First Analysis 
 

 
Figure -3 

Sensitivity analysis result of first simulation 
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The summary results as shown on the right hand side of Table 3 
displayed results of the number of histogram (11), the size of 
histogram (177MMSTB), mean value (1372.734MMSTB), 
standard deviation (655.1816) and coefficient of variation 
(0.477282). This value of the coefficient of variation indicated 
that there is a below average uncertainty of reserve estimation 
based on the normally distributed input variations.  The 
summary results also showed the 10%, 50% and 90% 
probabilities of the oil in place calculation as 1963.33MMSTB, 

1414.774MMSTB and 1034.608MMSTB respectively. In 
addition, the Chi-square of the distributions and 95% Chi-square 
confidence that the distributions are random or not are 
highlighted. Provided the value of Chi-square is less than the 
value of Chi-square at 95%, the distribution is random, else it is 
not. In this case, the Chi-square (524.0112) is less than Chi-
square of 95% assurance (1074.169) and as such the distribution 
is random. 

 
Table-4 

Input Data to Distribution Type for Second Analysis 

Number of Cases  1000     

Distribution Type      

 Distribution Minimum  Maximum Mean Std. Dev 

Area [acres] Triangular 1000 2500   

Thickess [ft] Triangular 500 1700   

Porosity [-] Normal   0.119 0.022 

Water Sat [-] Uniform 0.04 0.5   

Oil FVF [rb/stb] Normal   1.51 0.05 

 
Table-5 

Results of Second Simulation Run 
Simulation Distribution Run 

STOIIP Freq. Rel. Freq. Expectation Summary Results  

[MMStb] Distribution Oil Oil   

403.99 66 0.066 1 No. of Histogram 11 

426.99 66 0.066 0.934 Size of Histogram 23 

449.99 76 0.076 0.868 Mean 518.0049 

472.99 87 0.087 0.792 Standard Dev. 72.73911 

495.99 101 0.101 0.705 Coef of Variation 0.140422 

518.99 119 0.119 0.604 P10 601.4767 

541.99 146 0.146 0.485 P50 539.0948 

564.99 171 0.171 0.339 P90 438.8424 

587.99 116 0.116 0.168 Chi-Square 196.486 

610.99 42 0.042 0.052 Chi-Square 95% 1074.169 

633.99 10 0.01 0.01   
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Figure-4 

Distribution of the Second Simulation Analysis 
 

 
Figure-5 

Crystal Ball Software result for Second Analysis 
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Figure-6 

Sensitivity analysis result of first simulation 
 
The second simulation analysis considers the cases for the 
procedure which generated the reservoir area and thickness as 
triangular distribution, reservoir porosity and oil formation 
volume factor as normal distribution, and water saturation as 
uniform distribution as shown in table-4. Also, a series of 
analysis was performed using different numbers of iterations 
from 100 to 2500. It was deduced that 1000 trials indicated the 
optimum number of case. The summary results as shown in the 
right hand side of table-5 displayed results of the number of 
histogram (11), the size of histogram (23MMSTB), mean value 
(518MMSTB), standard deviation (72.74) and coefficient of 
variation (0.14). This value of the coefficient of variation 
indicated that there is a very low level uncertainty of reserve 
estimation based on the distributions of input variations.  The 
summary results also showed the 10%, 50% and 90% 
probabilities of the oil in place calculation as 601.48MMSTB, 
539.09MMSTB and 438.84MMSTB respectively. The Chi-
square (196.49) is far less than Chi-square of 95% assurance 
(1074.17) and as such the distribution is very random. The left 
side of table-5 showed the simulation distribution and the 
distribution generated from this simulation run assumed a 
normal distribution as shown in figure-4. 
 
Discussion of Simulation Results: Normally distributed input 
parameters of volumetric stock tank oil initial in-place equation 
for the base case yielded a mean of initial oil in place to be 
1372.73MMSTB, while the second run (area and thickness as 
triangular distribution, reservoir porosity and oil formation 
volume factor as normal distribution, and water saturation as 

uniform distribution) calculates initial oil in place at 
518MMSTB, which is greater than the cumulative production 
(440MMSTB) by 78MMSTB. This reserve of 78MMSTB 
represented a realistic estimate of reserve as opposed to the first 
analysis. The dispersion of the normally distributed simulation 
analysis (first run) output (655.18) is wider than the second run 
(72.74) by a factor of 9.00. In other words, this minimized the 
uncertainty of predicting reserve and thus shifted the mean to 
the left.  The distribution type influenced the uncertainty of 
reserve estimation. 
 
Analyzing the results of the first simulation case showed that 
increasing of standard deviation within the input data led to 
change increase of the variance of the output. The coefficient of 
variation which must be generally low for less risk and high 
confidence shows a deviation of -0.0358 from crystal ball 
software analysis for the first run. Similarly, the coefficient of 
variation for the second simulation analysis also yielded high 
confidence level with a deviation of 0.2639 from crystal ball 
analysis. 
 
Thus, sensitivity analysis results (figure-3 and figure-6) shown 
that thickness is the most prominent input parameter in this 
analysis with 51% and 43.7% for both the first and second 
simulation analysis respectively. Hence, the input parameters 
effect on the simulation analysis is in decreasing order from 
thickness, area, porosity, water saturation and oil formation 
volume factor. 
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Conclusion 
Stochastic method of reserve estimation was analysed by 
integrating Monte-Carlo simulation and Parametric simulation 
in quantifying uncertainty in reserve estimation. Reserve was 
determined by using Monte-Carlo simulation while error 
parameters such as mean reward, standard deviation and 
coefficient of variation were deduced by using Parametric 
simulation. 
 
The histogram plot interval was deduced by using Stugies’ rule 
in the algorithm thereby eliminating pre-determined interval as 
the norms for most software. 
 
Randomness of the distributions was tested by comparing Chi-
square and 95% Chi-square, if the value of the Chi-square is less 
than the value of Chi-square at 95%, then the distribution is 
random, else it is not. 
 
The result of this study was compared with the result by using 
Crystal Ball software and both shows low coefficient of 
variation value, which gives good confidence, low risk and less 
uncertainty but with a deviation of -0.035882 and 0.263878 
from Crystal Ball software values. 
 
Sensitivity analysis on input parameters shows a decreasing 
effect of input parameter on reserve estimate from thickness, 
area, porosity, water saturation and formation volume factor. 
 
Thus, the use of stochastic reserve estimation should be 
encourage because it better capture expert judgments, 
characterize uncertainty and provide a more accurate reserve 
calculation. 
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