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1-Introduction

One of the main pillars of hydrocarbon reservoir studies is the modelling of petrophysical properties and
preparing a static reservoir model. Drilling as the first stage reconnaissance of the oil reserves is perhaps the
most critical and challenging part of the oil reserves development process, accounting for a large amount of the
cost for developing the reservoirs.

Numerous studies and researches related to the design of the optimal location of exploratory, developmental,
and complementary drillings have different criteria for this purpose. For example, Mohammadi et al. (2012)
used the Kriging method to model a mature reservoir's productivity. This research aims to find a more accurate
estimate of the covariance matrix used in constructing the kriging model. The modified Genetic Algorithm (GA)
approach was recently introduced to solve a specific problem for optimal well placement in two oil fields. The
evolution method used in this algorithm includes a novel genetic operator named "Similarity Operator.” The
presented approach highlights the importance of the interaction between the nominated location and the pre-
located wells in the reservoir (Hamida et al., 2017). A machine learning algorithm for optimization is introduced
in another approach that predicts the wells locations resulting from the initial response of a specific objective
function such as net present value. New wells have been added to solve the challenge arising from the
geological complexity, taking into account their interaction with previous wells as the primary predictor variable
(Nwachukwu et al., 2018).

This research aims to optimally design a suitable location for drilling oil and gas wells using geostatistical
techniques. In this regard, drilling of developmental and complementary wells by optimizing a single objective
function is considered. With the development of geostatistics, these methods are increasingly being used in
studies and modeling hydrocarbon reservoirs. One of the reasons for this rapid growth is due to the nature of the
reservoir data. Petrophysical reservoir data such as porosity and permeability show the spatial correlation in the
reservoir space (Deusth and Journal, 1992).

It is a geostatistical estimation method based on moving weighted logic and is the best unbiased linear estimator
(B.L.U.E; Deutsch, 2002; Hasanipak, 2010). This estimator is defined as follows:

Where Z* is the estimated value of the variable, Ai is the kriging weight dependent on the sample location and
Zi is the sample variable value (Hasanipak, 2010).

2- Material and methods

The field understudy is one of the Iranian oil fields located northeast of Ahwaz in Khuzestan Province. The field
is 39 kilometers long and 4 kilometers wide.

The steps of the technique are as follows:

1. Collecting geological information and preliminary exploration data.
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2. Database construction and statistical analysis of data.

3. Reservoir modelling and geostatistical estimation of petrophysical parameters.

4. Introducing the objective function for optimization.

5. Determine the location of developmental and complementary wells based on objective function
maximization.

The objective function formula is as follows:

F = Phi X (1 — Sw) X N|'[K'~"pm x KV_,) (eq. 2)

Phi is porosity, Sw is water saturation, KVPhi is kriging variance of porosity, and KVSw is kriging variance of
water saturation.

Given the cut off values for porosity and water saturation, the pay zone boundary is specified in the reservaoir,
and according to the objective function, the locations of the proposed optimal drilling wells are proposed in this
zone. Given the cut off values, the objective function for n blocks located in a vertical direction is summed up
according to the following formulas:

If: Phi > 0.05,5w < 0.7,X, = X, ,
Y, =Yy, Fori=1,2,3,..., n;
Then: SumF(Cut off), = ¥, F(Cut off), (eq. 3)

The optimal location of drilling wells was determined by considering two different approaches.

3- Results and discussion

Firstly, the area of previous wells was identified in the block model to propose developmental wells outside the
area. As the variance of the estimation around the area increases due to the low density of exploratory data,
developmental wells are naturally located within the maximum variance location or peripheral of the former
wells. Then, by applying the above formulas, the locations with maximum objective function were used to
determine the five optimal developmental drilling wells' coordinates. The location of these five proposed wells
is presented in Fig. 1. One along with the location of the previous wells.

In order to determine the location of the complementary drilling wells, the previous wells were identified in the
block model to suggest additional wells within the area. Then the objective function in this area was calculated,
and the maximum points of the objective function were obtained between the previous drillings, and five
optimal drilling locations were proposed in order of priority as complementary wells. The result of this step is
shown in Fig. 2.

After determining optimal drilling location in both developmental and complementary situations, it is necessary
to evaluate the impact of adding each drilling on the estimation and volume of the reservoir. Tables 1 and 2
illustrate the impact of adding each of the developmental and complementary wells in order of drilling priority
compared to the existing drilling network

4- Conclusion

In this study, the optimal design of oil and gas drilling wells was performed using geostatistical techniques for
detailed exploration and increasing utilization. Modelling the variability of petrophysical parameters of the
reservoir showed a strong negative correlation between porosity and water saturation. In this reservoir, it can be
inferred that in areas with high porosity, hydrocarbon saturation usually increases, which is the positive point of
the field. The variography showed that the porosity variability follows exponential, and water saturation follows
the spherical variogram models. The high nugget effect of variograms and the periodic changes of experimental
variograms implicate the relatively extreme variability of the studied reservoir parameters even at relatively low
intervals. This issue has also been reflected in the relatively low variogram ranges. Kriging estimation of the
petrophysical parameters in the block model indicates that the porosity in this reservoir ranges from 0.3% to
16.2%. The amount of water saturation, also, changes in the range of 4.6% to 100%. Five optimum drilling sites
are proposed for developmental wells and five optimal drilling locations for complementary wells, considering
the objective function.
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Fig. 1. Proposed five optimal drilling locations in priority for developmental wells in horizontal

and vertical views.

Fig. 2. Proposed five optimal drilling locations in priority for complementary wells in horizontal and

vertical views.

Table 1. The impact of adding any of the developmental wells.

Developmental Porosity | Water saturation Reservoir Volume of in-situ
well estimation estimation volume hydrocarbon
variance variance (Billion m®) (Billion barrels)
Initial drilling 0.001316 0.065715 90.35 25.22
grid
Add 1 well 0.001306 0.064981 96.83 28.04
Add 2 wells 0.001259 0.064305 100.17 29.66
Add 3 wells 0.001284 0.063691 102.90 30.98
Add 4 wells 0.001273 0.063196 103.30 31.40
Add 5 wells 0.001264 0.062673 103.85 31.86

Table 2. The impact of adding any of the complementary wells.

Complementary Porosity Average estimation Water Average estimation
wells estimation error of Porosity saturation error

variance (Relative standard | estimation of water saturation

deviation) variance (Relative standard

deviation)
Initial drilling 0.001187 61.31 0.062721 65.26
grid
Add 1 well 0.001168 59.80 0.061854 64.59
Add 2 wells 0.001151 58.00 0.061217 64.82
Add 3 wells 0.001120 56.95 0.059781 64.41
Add 4 wells 0.001092 55.89 0.058580 63.78
Add 5 wells 0.001068 54.93 0.057532 63.40
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Drilling these wells in the order of the proposed priority in the developmental stage will increase the reserve of
hydrocarbons from 25.22 to 31.86 billion barrels (26.3%). Although the impact of the developmental wells is
not high on estimation variance, drilling these five developmental wells leads to a reduction of 5.8% in porosity
variance and 3.8% in water saturation variance. It is noteworthy that the first proposed developmental well is in
the northern part of the specified repository, indicating the importance of this part of the reservoir to initiate the
whole operation. Complementary drillings are recommended only to raise the accuracy of estimates and
increase the reserve model's trust. Considering these drillings, the variance and estimation error of porosity will
decrease by 10% and 10.4%, respectively, and those of water saturation by 8.3% and 2.9%, respectively.
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Table 1. Statistical data parameters.

Standard
Petrophysical Number Minimum Maximum Average Median Variance deii/ri]at?;n Skewness Kurtosis
Parameter of data (%) (%) (%) (%) (%)? %)
0
Porosity 1843 0 0.2193 0.0808 0.080 0.002 0.0455 0.128 2.341
Water saturation 1843 0.016 1 0.4133 0.335 0.061 0.2480 0.868 2.770
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Petrophysic . . Variogram Nugget . I Dip Ratio of Ratio of
al VE:VI“gg;Tm \F::rr]logr(zrinn; sill effect g‘jzén:zg)] EIIILp;o;d angle anisotropy anisotropy
Parameter 9 (%)? (%)? 9 piung (degree) major/minor major/semi
Porosity Exponential 1547 0.0009 0.0011 150 20 -19.6 2.28 1.06
Water Spherical 773.3 0.0414 0.0203 1675 28 9.2 1.97 113
saturation
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Fig. 4. Theoritical variogram model fitted to the experimental variogram of porosity.

0070

0088

0.080

0088

0038

gammath)

0.030

0025

0020

0015

0010

0.008

0.000
0

major: -30 -> 160 (40)

800 700 800 00 1,000

distance

1100 1200 1300 1400 1500 1800 1700 1800 1,800 200

[+ Normal

ol sl oy S 5ls 59y oa ool (3l (6,55 pl,Tsly Joe -0 UK

Vatiance — Variogram Modzl © Variogram Structures |

Fig. 5. Theoritical variogram model fitted to the experimental variogram of water saturation.
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Table 3. Validation of porosity and water saturation variography.

Petrophysical | Number | Average | Variance Standard Skewness | Kurtosis Kriging | Error percentage
Parameter of data of Error of Error Deviation of variance within range
(%) (%)? Error (%) (%)? +2S
Porosity 1843 0.0003 0.0014 0.0379 -0.34 2.86 0.0013 95.01
Water 1843 -0.0011 0.0238 0.1541 -0.56 0.48 0.0239 93.27
saturation
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Fig. 6. Variation of estimated porosity in the block model.

E‘Mmg—lmb—ﬁ.ﬂ 0.40 -> 0.6
4 |r=0.41¢=1,00b=0.00 0.60->0.80
%‘r-n.wq-o.aob-o.oo 0.80->1.00
5 L0010

‘llx

S ol Jow )0 05,95 paesd ol ebal olynss -V s
Fig. 7. Variation of estimated water saturation in the block model.
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Fig. 8. Variation of objective function in the block model confined to the reservoir constraint.
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Fig. 9. Proposed 5 optimal drilling locations in priority for developmental wells in horizontal
and vertical views.
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Fig. 10. Proposed 5 optimal drilling locations in priority for complementary wells in horizontal
and vertical views.
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Table 4. The impact of adding any of the developmental wells.

Developmental Porosity Water saturation Reservoir Volume of in-situ
well estimation estimation volume hydrocarbon
variance variance (Billion m®) (Billion barrels)
Initial drilling 0.001316 0.065715 90.35 25.22
grid
Add 1 well 0.001306 0.064981 96.83 28.04
Add 2 wells 0.001259 0.064305 100.17 29.66
Add 3 wells 0.001284 0.063691 102.90 30.98
Add 4 wells 0.001273 0.063196 103.30 31.40
Add 5 wells 0.001264 0.062673 103.85 31.86
eSS sl ol S S o 938l 55E -0 Jguor
Table 5. The impact of adding any of the complementary wells.
Complementary Porosity Average estimation Water Average estimation error
wells estimation error of Porosity saturation of water saturation
variance (Relative standard estimation (Relative standard
deviation) variance deviation)
Initial drilling 0.001187 61.31 0.062721 65.26
grid
Add 1 well 0.001168 59.80 0.061854 64.59
Add 2 wells 0.001151 58.00 0.061217 64.82
Add 3 wells 0.001120 56.95 0.059781 64.41
Add 4 wells 0.001092 55.89 0.058580 63.78
Add 5 wells 0.001068 54.93 0.057532 63.40
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