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Abstract Using statistical methods and information from petrophysical logs of eight

wellbores, the porosity changes that are considered as important features to evaluate
quality of reservoir were studied in the Asmari reservoir layer located in one of the

fields of southwest Iran. Logs used to measure the porosity usually involve neutron
and sonic logs. Normal distribution test, regression, and variance analysis are among

the statistical processing methods suitable to examine changes in porosity with the
depth of each wellbore and to compare these changes in the studied wellbores. The

results showed that these processes are regarded as the fast and efficient ways for
examining porosity in the fields with large area. Considering the results of tests

conducted, it was determined that the porosity has not the same changes in the
studied wellbores. Furthermore, it was determined that there is no particular trend

between porosity and depth. This can be due to the dominant lithology type in the
reservoir layer that is mostly the rock carbonate. These rocks are heterogeneous and

their porosity are often secondary that was formed due to diagenesis and tectonic
processes.

Keywords hydrocarbon reservoirs, petrophysical logs, porosity, rock, statistic

Introduction

Wellbore logging includes special techniques of using very sensitive equipment to record

the physical properties of rocks within the earth and interpreting the resulted log. Al-

though at the beginning logging was used only as a means for making conformity among

the wellbores, it is presently used as a tool for geological and petrophysical studies on

the wellbore environment (Rezaee and Chehrazi, 2006).

Logging offers too much continuous data from the studied parts that are examined

as the logs indicating changes in a quantity to depth. Despite the high volume of data

obtained from logging, statistical analyses are less used to review, adapt, and generalize

the results of this operation to other parts of a field or reservoir. To model an oil field,

some software are presently used to estimate properties of rocks in sampling points, most

of which are based on geostatistical analyses (Hassani Pak, 2007). However, before using
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the software, acceptable and appropriate presuppositions about geological conditions of

the study area were achieved by few simple statistical analyses (Davis, 2007).

During the operation of logging, different variables are measured. Porosity, as one

main characteristic of the hydrocarbon reservoirs, can be measured by two direct (core)

and indirect (logs and seismic data) methods. The data obtained from logging are widely

used due to the high cost of core drilling.

To perform the intended statistical analyses, porosity data of eight wellbores drilled

in the Carbonate Asmari formation (located in one of the fields in southwestern Iran)

were used. Carbonate rocks are specified with a set of their own genetic, diagenetic,

and petrophysical properties. Some important diagenetic processes such as compaction,

cementation, dissolution, micritization, neomorphism, and dolomitization cause petro-

physical changes in carbonate reservoirs. Compared with clastic stones (such as sand

stones), porosity in the carbonates is very variety. Due to high dissolution capability,

porosity of this rock is greater than the secondary type. Because the oil fields of south-

western Iran are very extensive, any effort to examine porosity changes there greatly

contributes to the development of these fields.

In this study, we used SPSS (SPSS Inc., Chicago, Illinois, USA), normality of

porosity distribution, the regression of porosity to the depth, and one-way analysis of

variance (ANOVA) to compare changes in porosity measurements from neutron (NPHI)

and sonic (transit time [DT]) logs in eight selected wellbores. Two-way ANOVA tests

with interaction effect were used to examine the influence of each of the two methods

in seven wellbores.

Discussion

Statistical Analysis

Gaussian Distribution. Gaussian distribution is one of the most commonly used statistical

distributions. Most statistical methods are based on the hypothesis of normality of data

distribution (Hassani Pak, 2007). So the data with normal distribution, in fact, are

considered permitted to use as the intended methods, although the real data usually

happen to have an exactly normal distribution. A normal distribution curve has the

bell-shaped form that is identified by statistical parameters of mean, variance (which

indicates the amount of data dispersion and thus expansion of normal distribution curve),

zero skewness, and kurtosis 3 (Swan and Sandilands, 1996; Nikoukar and Arabzadeh,

2007):

f .X/ D 1

S
p

2�
e�

1

2

 

X � X

S

!

(1)

where X represents observations, X represents sample mean, and S represents sample

standard deviation.

Using the previous function, the probability of occurring any specific value or any

specific range can be calculated. Because calculation of the integral is done with the

numerical method and it is difficult to calculate manually, the area under curve of normal

distribution function (a normal function with zero mean and unit standard deviation)

is calculated for different values of x and is available as table. Using this table, the

probability of certain conditions occurring for each subnormal function (with any mean

and variance) can be obtained after necessary transformations. For this purpose, the
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standardized amount x must first be calculated based on the following equation (Nikoukar

and Arabzadeh, 2007). Then, the Z probability is obtained using the table.

� (population mean) and � (population variance): known z D xi � �

�
(2)

�: known, � : unknown z D xi � �

S
(3)

�: unknown, � : known z D xi � x

�
(4)

� and � : unknown z D xi � x

S
(5)

Three ways help to examine the normality of a series of data, whose results are discussed

as follows (Nikoukar and Arabzadeh, 2007). The first method is drawing the normal plot

of probability (N-Plot). To do this test, the data are standardized and then a plot is

drawn based on Zi and iC1
n

. If the points are scattered on or around a straight line, the

hypothesis of normality of sampling population distribution will be confirmed. As can

be seen in Figures 1 and 2, DT and NPHI in all wellbores lack normal distribution.

Another method to determine the intended population distribution is the goodness-

of-fit test .�2/. To do the test, the observed frequency from the sample .Oi / is compared

with the expected frequency .ei /, based on the intended distribution. If the objective of

Figure 1. N-plot curve for DT (for 4 wellbore).
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Figure 2. N-plot curve for NPHI (for wellbore 4).

hypothesis test is normal distribution, first the data should be standardized. In order to

use goodness-of-fit test, the following steps should be done:

1. Divide date into some categories, preferably with equal intervals.

2. The expected frequency is calculated on the basis of fitted function, and then the

chi-square statistic is determined using the following equation:

�2
0 D

k
X

iD1

.Oi � ei/
2

ei

(6)

3. This test is intended to determine accuracy of hypothesis of fitted distribution function.

Therefore, the test’s hypotheses can be considered as follows:

ˇ

ˇ

ˇ

ˇ

ˇ

H0 W good fitness .� D 0; � D 1/

H1 W no good fitness .� ¤ 0; � ¤ 1/
(7)

where H0 is the null hypothesis (statistical hypothesis) and H1 is the alternative

hypothesis. Considering a certain significant level (˛: usually 5% or 1%) or specific

confidence level (1-˛: usually 95 or 99%) and with referring to the distribution table

�2 for value ˛ and degree of freedom � (� D k � m�1; where m is number of

unknown distribution parameters and k is the number of classes), critical value �2
˛

will be determined.
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Table 1

Result of chi-square test for DT

1 2 3 4 6 7 8

M 54.5333 57.4563 55.1566 55.8126 57.1922 56.0277 59.6802

SD 4.6944 5.6825 7.5591 13.4992 5.3273 4.3652 7.8961

�
2
0 33.766 974.2 878.6 1,256 129.7 1,051 1,079

df 6 7 6 5 7 7 7

�
2
0:05 9.4877 11.0704 9.4877 7.8147 11.0704 11.0704 11.0704

Sig. 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Result RH0 RH0 RH0 RH0 RH0 RH0 RH0

4. The fitness of distribution will be confirmed if

�2
0 � �2

˛;.k�m�1/; Significance level (Sig.) > ˛ ) Accept H0.AH0/ (8)

The results of this test, which is confirmatory to hypothesis of unsuitability of the fitness

done, are shown in Tables 1 and 2.

Kolmogrov-Smirnov Test. The Kolmogrov-Smirnov test is the third method compares the

relative cumulative frequency . OFi / with the values relating to the intended distribution

function .F.Xi //. The hypothesis of the test is the same as that of the goodness-of-fit

test. The hypothesis of the fitted distribution will be confirmed if

�Z1�
˛

2
< Z < Z1�

˛

2
or jDnj < d D 1:36p

n
; Sig. > ˛ (9)

Z D jDnj
p

n; Dn D Maxfd1; d2; : : : ; dng; di D j OFi � F.xi /j (10)

Results presented in Tables 5 and 6 indicate that porosity distribution is not normal in

any well.

Results of the three tests conducted showed that there is no good-fitting normal

distribution for the porosity variable in Asmari formation. Thus, to do the statistical

(especially geostatistical) analyses that are based on normal distribution, first the data

should be transformed into normal data using the existing methods (Borradaile, 2003).

Table 2

Result of chi-square test for NPHI

1 2 3 4 5 6 7 8

M 0.0691 0.0544 0.0456 0.0374 0.0420 0.0753 0.0399 0.0707

SD 0.0510 0.0389 0.0456 0.0764 0.0352 0.0473 0.0420 0.0514

�
2

0
773.1 728.8 727.6 793 749.6 1,024 654.2 1,641

df 6 6 6 5 6 7 5 7

�
2

0:05
9.4877 9.4877 9.4877 7.8147 9.4877 11.0704 7.8147 11.0704

Sig. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Result RH0 RH0 RH0 RH0 RH0 RH0 RH0 RH0
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Table 3

Result of Kolmogorov-Smirnov Test for DT

1 2 3 4 6 7 8

Dn 0.098 0.075 0.159 0.319 0.076 0.97 0.114

d 0.020 0.019 0.043 0.057 0.030 0.021 0.054

Kolmogorov-Smirnov Z 2.479 4.938 7.284 7.622 2.416 7.005 7.856

Z0:975 1.96 1.96 1.96 1.96 1.96 1.96 1.96

Sig. (2-tailed) 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Result RH0 RH0 RH0 RH0 RH0 RH0 RH0

Regression. There are two modes in examining variables:

1. The variables studied all are assumed to be independent, each of which can randomly

select their values without affecting the other.

2. The studied variables can be assumed to be within the framework of empirical

relationships being independent of each other.

Obviously, the correlation between two series of data is significant when they are

placed in the second group. In other words, the variables studied should be independent

of each other, and otherwise there will be unreal correlation with no statistical value

between them. Correlation between two independent variables can be expressed in two

forms (Hassani Pak, 2007): (a) correlation coefficient and (b) regression. Regression

means to determine inaccurate relationships between statistical variables and analyze

these relationships. Regression analysis is important for several reasons, among which

the following two cases can be cited: (a) examining how to influence the variables on

each other and (b) determining the relationship between variables in order to use it in

future similar estimations. Considering the scatter plots presented in Figures 3 and 4,

regression DT and NPHI to the depth has an insignificant relationship.

ANOVA. An ANOVA is suitable for examining and comparing a set of group data, which

is done in two ways: a one-way ANOVA, two-way ANOVA, and two-way ANOVA with

interaction effect (Nakhaei, 2008).

The purpose of the ANOVA is to specify differences between groups (data per

wellbore) based on variance and mean in each group. This difference occurs because of

Table 4

Result of Kolmogorov-Smirnov test for NPHI

1 2 3 4 5 6 7 8

Dn 0.109 0.115 0.124 0.162 0.124 0.076 0.236 0.116

d 0.019 0.020 0.027 0.050 0.019 0.019 0.032 0.020

Kolmogorov-Smirnov Z 7.874 7.851 6.313 11.096 8.834 5.263 9.877 7.965

Z0:975 1.96 1.96 1.96 1.96 1.96 1.96 1.96 1.96

Sig. (2-tailed) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Result RH0 RH0 RH0 RH0 RH0 RH0 RH0 RH0
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Figure 3. Scatter plot for DT (for 4 wellbore).

the difference of data in each group or random error. An observation model of a one-way

ANOVA is as follows (Nikoukar and Arabzadeh, 2007):

xij D � C ˛i C eij ; i D 1; 2; : : : ; k; j D 1; 2; : : : ; n (11)

where i is number of groups prepared from k different populations, j is the number of

observations in each group, xij is the ith observation from ith population, eij is the jth

observational error from the ith population, � is the average total population, and ˛i is

the effect of ith group.

In order to compare groups, some hypotheses are considered for this test, including

ˇ

ˇ

ˇ

ˇ

ˇ

H0 W �1 D �2 D : : : D �k

H1 W 9j ¤ i; �i ¤ �j

(12)

In a two-way ANOVA, the observation model is (Nakhaei, 2008):

xij D � C ˛i C ˇj C eij ; i D 1; 2; : : : ; a; j D 1; 2; : : : ; b (13)

where ˛i is the effect of the ith group of factor A, ˇj is the effect of the jth group

of factor B, a is the number of groups of factor A, and b is the number of groups of

factor B.
ˇ

ˇ

ˇ

ˇ

ˇ

H0 W �A
1 D �A

2 D : : : D �A
a

H1 W RH0

;
H0 W �B

1 D �B
2 D : : : D �B

b

H1 W RH0

(14)
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Figure 4. Scatter plot for NPHI (for wellbore 4).

In a two-way ANOVA with interaction effect, the hypothesis of the influence of two

factors on the data should also be examined (Nakhaei, 2008):

Yij D � C ˛i C ˇj C ij C eij ; i D 1; 2; : : : ; a; j D 1; 2; : : : ; b (15)

ˇ

ˇ

ˇ

ˇ

ˇ

H0 W ij D 08i; j

H1 W 9j;iij ¤ 0
(16)

where ij is the combined effect of factors A and B in the test cells (data) i and j. The

test is based on a comparison of two independent estimates of �2 (population variance),

which are obtained by separating total variances (errors) into two parts, as follows:

SST D
k
X

iD1

n
X

j D1

.xij � x00/
2 D n

k
X

iD1

.xij � x00/2 C
k
X

iD1

n
X

j D1

.xij � xi0/
2

x00 D 1

nk

k
X

iD1

n
X

j D1

xij ; SSC D n

k
X

i�1

.xio � x00/
2; SSE D

k
X

iD1

n
X

j D1

.xij � xi0/
2

(17)

where xio is the i average observations in the ith population, SST is the sum of variance

squares, SSC is the sum of variance squares between levels (groups), and SSE is the sum

of variance squares of experimental error (within groups).
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To test analysis hypothesis (Eqs. [12], [14], and [16]), the F distribution is used

(Nikoukar and Arabzadeh, 2007). Equality hypothesis of population means is confirmed

if

F D

SSC

�1

SSE

�2

D MSB

MSW
< f1�˛;�1;�2

; Sig. > ˛ ) AH0 (18)

The probability of F distribution with a specified confidence level and degrees of freedom

�1 and �2 can be extracted from standard table of the distribution. Considering the

number of samples and the number of the parameters studied (one-way ANOVA, two-way

ANOVA, or two-way ANOVA with interaction effect), degrees of freedom are calculated.

First, the hypothesis of homogeneity variances in eight wellbores had to be evaluated

by using the Leven test (variance equality test) for NPHI and DT. The test’s results

indicate dissimilarity of changes in porosity. Standard deviations of the wellbore, which

are shown in Tables 1 and 2, clearly show this. This difference in the porosity of the

wellbores may be caused by a number of reasons that will be discussed in the subsequent

sections.

ˇ

ˇ

ˇ

ˇ

ˇ

H0 W �1 D �2 D : : : D �8

H1 W RH0

)

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

DT W
(

F D 239:472 > f0:95;6;26211 D 2:0989

Sig. D 0:0 > ˛ D 0:05

NPHI W
(

F D 239:472 > f0:95;7;29500 D 2:0096

Sig. D 0:0 > ˛ D 0:05

) RH0

(19)

Results of means equality test in eight wellbores indicate that

ˇ

ˇ

ˇ

ˇ

ˇ

H0 W �1 D �2 D : : : D �8

H1 W RH0

)

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

DT W
(

F D 183:309 > f0:95;6;26211 D 2:0989

Sig. D 0:0 > ˛ D 0:05

NPHI W
(

F D 368:024 > f0:95;7;29500 D 2:0096

Sig. D 0:0 > ˛ D 0:05

) RH0 (20)

Considering the rejection of H0 the mean equality test for all wellbores should be done

in twos. Because of inequality of variances, the Tamhane test was used for this purpose

(Nikoukar and Arabzadeh, 2007). The results are shown in Table 5. For the wellbores in

which the following relations are established, the mean would be equal:

0 2 .Lower Bound, Upper Bound/; Sig. D 0:0 > ˛ D 0:05 ) �i D �j (21)

Considering that NPHI and DT logs represent total porosity and initial porosity, respec-

tively, it will be very important to examine the effect of the two methods in the wellbore.

Test results identified that there is a mutual interaction effect between methods of logging

and each of the wellbores.
ˇ

ˇ

ˇ

ˇ

ˇ

H0 W ij D 0

H1 W RH0

)
(

F D 214:383 > f0:95;6;29958 D 2:0989

Sig. D 0:0 > ˛ D 0:05
) RH0 (22)
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Table 5

Result of Tamhane test for wellbore with mean similar

Sig. level 95% confidence interval (DT) Sig. level 95% confidence interval (NPHI)

Wellbore DT Lower bound Upper bound NPHI Lower bound Upper bound

1 3 0.226 �1.3768 0.1302 0.000 0.0199 0.0271

4 0.493 �3.0884 0.530 0.000 0.0226 0.0407

8 �5.8105 �4.4833 0.957 �0.0049 0.0015

2 4 0.084 �0.0958 3.3833 0.000 0.0080 0.0259

6 0.143 �0.0344 0.5626 0.000 �0.0237 �0.0182

3 4 0.998 �2.4461 1.1341 0.155 �0.0010 0.0173

4 5 — — — 0.963 �0.0135 0.0044

6 0.276 �3.1053 0.3460 0.000 �0.0470 �0.0289

7 1.000 �1.9844 1.5542 1.000 �0.0118 0.0069

5 7 — — — 0.817 �0.0014 0.0056

Figure 5 shows the process of changes in means based on NPHI and DT logs. Descending

order of the averages based on DT consists of 8, 2, 6, 7, 4, 3, and 1. For NPHI, this

order includes 6, 8, 1, 2, 3, 7, and 4. This change in the order of the means is due

to considerable difference of secondary porosity in each of the wellbores study; for

this reason wellbore 1 has the lowest average of DT in all, due to more secondary

porosity, the latter wellbore is placed in third rank, based on the NPHI log. Wellbore

6 with third rank of average DT is in the first rank for its mean NPHI variable. The

Figure 5. Mean curve for DT and NPHI. (color figure available online)
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NPHI log in wellbores 2, 4, and 7 show little changes compared with DT log. But in the

total order, these three wellbores are of different status, due to the change in the positions

of the other wellbores. Minimum average NPHI variable is observed in the wellbore 4.

Petrology

Lithology is regarded as one of the most important factors in determining the porosity

type and variations (Crain , 2002). Therefore, in order to clarify the effect of this factor,

the wellbores were examined by using photoelectric (PE) log and RHOB (density)-PE

cross-plots (Schlumberger, 2000). The dominant lithology type in all the studied wellbores

is limestone, whose traces are observed in wellbores 1 and 8 (Figures 6 and 7). From a

Figure 6. Cross plot PE-RHOB (for wellbore 4). (color figure available online)
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Figure 7. PE logs (for wellbore 4). (color figure available online)
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petrophysical viewpoint, limestone is heterogeneous, and its major porosity is formed due

to diagenetic processes, such as fractures, dolomitization, and dissolution, and tectonic

factors, such as faulting. For this reason, the reservoir formed by these types of rock do

not show uniform changes in the porosity.

Conclusion

1. Data from porosity indicator logs are very high in number and variety, so it will be

time-consuming and difficult to examine their changes using plotting. For this reason,

the statistical analyses are considered as fast and efficient ways for examining porosity

changes in the fields with high area.

2. Considering that calcareous lithology is dominant in this reservoir, there are no uniform

porosity changes in all the wellbores (normal distribution test).

3. Plotting the data dispersion determined that the porosity lacks specific trend to depth.

4. Comparison of average initial porosity (DT) showed that the mean is not equal in all

the wellbores studied. This comparison also applies for NPHI (total porosity).

5. Results of the two-way ANOVA to compare the trend of change in averages of two

porosities in the wellbores studied determined that considering the dominant porosity

type, there is a mutual effect between of porosity measurement method and each

wellbore.

6. Although initial porosity of wellbore 1 is less than that of the other wellbores, it is

in the third rank in terms of total porosity, due to high secondary porosity. High

secondary porosity can be created as a result of performances of diagenetic and

tectonic processes. Similarly, this phenomenon is observed in wellbores 3 and 6.

7. To examine exactly the reasons for porosity changes in this field, supplementary

studies (e.g., tectonic studies and sedimentary environment studies) is suggested.

8. In order to understand the spatial relationship of porosity parameter and the range of

its influence on estimating porosity in unknown parts of reservoir, the calculation of

a variogram is suggested.
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