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Abstract 

Permeability is an essential parameter for the reservoir characteristics, which controls the flowing fluids in the 
reservoir hence the sweep efficiency and the ultimate recovery. The common practice in the petroleum industry is 
coring a limited number of wells, due to the expensive core recovery process, and measuring the permeability in the 
recovered cores then extend the concluded correlation to the un-cored wells. However, establishing a reliable 
permeability predictor is not an easy task in many heterogeneous formations due to the spatial variability of the 
permeability even at very close distances. Therefore, the conventional linear regression has often failed to address the 
formation’s heterogeneity, and an unsatisfied correlation coefficient has frequently obtained.  

Lower Qamchuqa formation, which is highly prolific producing formation in the Middle East, has been used as an 
example of highly heterogeneous carbonate systems. Well log measurements, which are available for most of the 
wells, in addition to the core data, were used to capture the high heterogeneity of the depositional environment. Core-
log depth calibration was first performed to extract the accurate log measurements that correspond to the actual core 
data depth. Then, both core and log data were listed in a table for the statistical analysis using the Neural Network 
(NN) and multivariate regression approaches. 

A remarkable improvement in the correlation coefficient was obtained using the NN approach. The utilised training 
data and further verified by the validation data set have obtained a favourable accuracy compared with conventional 
linear regression or multivariate regression. The NN permeability predictor has proven its ability to overcome the 
complexity of the carbonate rock textures and the variety of the diagenesis alteration processes, which make the NN 
approach a superior method in obtaining an improved permeability predictor. Nevertheless, a regular update to 
estimate the permeability predictor would be necessary when new data acquired. 

Keywords: - Permeability Prediction; Heterogeneous Carbonate Reservoirs; Lower Qamchuqa Formation; Statistical Regressions; 
Neural Network. 

1. Introduction 
Permeability is an essential parameter in the reservoir that controls the flowing fluids in the reservoir, and hence the 
sweep efficiency and ultimate oil recovery (Bagheri and Rezaei, 2019; Beirami et al., 2017). Constructing a reliable 
permeability predictor using statistical approaches is the key for the next reservoir characterisation and permeability 
modelling step along the reservoir (e.g., (Rahimi and Riahi, 2020; Soleimani et al., 2019)). Therefore, statistical 
applications have been increasingly used in various aspects of the petroleum industry. Petrophysical modelling is one 
of the areas that statistics have been applied to predict porosity, permeability, and fluid saturation from well logs 
(Mohaghegh, 2000a, 2000b). Moreover, their applications have also exploited in reservoir characterisation, infill 
drilling, enhanced recovery, well stimulation, and decision-making analysis (Mohaghegh, 2000b). 

mailto:f.a.aljuboori@gmail.com
https://orcid.org/0000-0002-3659-2744


2 
 

Multivariate regression, Neural Network, and Fuzzy logic are among the used approaches in permeability prediction. 
The advantage of these methods is their ability to tackle and overcome the rock heterogeneity and variability 
represented by their petrophysical properties (Xie, 2008). Permeability prediction in highly heterogeneous 
environments, such as in carbonates systems, represents one of the challenges in the reservoir evaluation, 
characterisation, and modelling. Therefore, using statistical applications can provide a promising solution to tackle 
this challenge and provide an acceptable permeability estimator. Many researchers have proposed various techniques 
and formulas to predict permeability in the un-cored intervals using well log measurements, which are available for 
every well in the reservoir. Their suggested approaches have shown a variety of accuracy based on the utilised data 
sets in their analysis, e.g. (Babadagli and Al-Salmi, 2004, 2002; Barman et al., 1998; Guo et al., 2007, 2005; 
Maslennikova, 2013). However, the number of the input parameters increases remarkably when a sophisticated 
procedure proposed to predict permeability and to obtain a correlation model with acceptable accuracy. 

Although optimistic results have obtained for the tested data during model training, high uncertainty has often related 
to the predictor performance when applied to a newly acquired data set of the same formation. Therefore, the formula’s 
stability and maintaining its accuracy are among the faced challenges in such approaches, e.g., (Shokir, 2006). 
Revisiting the presented works of permeability prediction has referred that the bias (or inherited error) in the prediction 
formula is related to the input data or the applied workflow in permeability prediction. Using insufficient core data 
for model training to establish a permeability predictor may provide unreliable correlation that cannot represent the 
formation in both areal and vertical sequence. Besides, the validation of the proposed formulas has often failed when 
applied to another well’s data set, and the accuracy has significantly reduced due to lateral variability of the reservoir 
permeability that cannot be captured through limited core samples. Therefore, understanding the statistic requirements 
is essential to propose a reliable prediction technique that can be smoothly updated when new data set acquired. 

In this work, we presented three approaches (linear regression, multivariate regression, and neural network) using 
165.9m of core data from several wells of Lower Qamchuqa formation/ Jambur field. Then, we applied the formerly 
mentioned approaches to these data to highlight their feasibility in obtaining a reliable permeability estimator. 
Furthermore, detailed discussion and figures were provided to demonstrate the in-depth analysis of both multivariate 
regression and neural network to understand how these analysis work, and to avoid presenting their results solely as 
usually used in some literature. 

2. Literature Review 
Over the years, permeability prediction based on core data and well logs is one of the crucial tasks in reservoir 
modelling. The traditional linear regression of the permeability-porosity on a semi-log plot is far from providing an 
acceptable accuracy in highly heterogeneous carbonate formations. Moreover, the heterogeneity of the reservoir has 
a significant impact on determining an appropriate permeability predictor. Where the higher the formation 
heterogeneity, the more complex the prediction formula required. 

Amaefule et al. (1993) have suggested a methodology based on a modified Kozeny-Carmen equation and the concept 
of a mean hydraulic radius to identify the reservoir units with similar flow characteristics known as Hydraulic Units 
(HU). The hydraulic units could be determined by calculating the Rock Quality Index (RQI) and normalised porosity 
Index (φz) as follows (detailed derivation can be found in (Amaefule et al., 1993)):-  

𝑅𝑅𝑅𝑅𝑅𝑅 = 0.0314 �
 𝑘𝑘 
𝜑𝜑

 (1) 

𝜑𝜑𝑧𝑧 =
𝜑𝜑𝑒𝑒

1 − 𝜑𝜑𝑒𝑒
 (2) 

Then, the Flow Zone Indicator (FZI) can be calculated using the following Equation: - 
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𝐹𝐹𝐹𝐹𝑅𝑅 =
𝑅𝑅𝑅𝑅𝑅𝑅
𝜑𝜑𝑧𝑧

 (3) 

By taking the logarithm of both sides in Equation (3), it becomes 

log(𝑅𝑅𝑅𝑅𝑅𝑅) = log(𝜑𝜑𝑧𝑧) + log(𝐹𝐹𝐹𝐹𝑅𝑅) (4) 

Therefore, for the cored wells, it would be easy to identify the hydraulic units then a relationship for each unit can be 
established. The expected accuracy of the suggested correlations would be remarkably high (R2> 0.9). However, most 
of the wells (in general) were un-cored, and the issue here is; how to estimate hydraulic units in the un-cored intervals 
of the reservoir? Different techniques have proposed to achieve this purpose, such as using Multivariate Regression, 
Non-parametric transformation and Regression, Neural Network, and Fuzzy logic.  

Barman et al., (1998) have suggested using non-parametric transforms to improve the permeability prediction from 
the well log response. He proposed an iterative procedure using alternating conditional expectation (ACE). The 
procedure suggested non-parametric transforms for permeability and well logs variables, and determine the optimal 
transformation of the permeability using the relationship: 

𝜃𝜃∗(𝑦𝑦𝑖𝑖) = �𝜃𝜃𝑙𝑙∗
𝑃𝑃

𝑖𝑖=1

(𝑥𝑥𝑙𝑙i) (5) 

Then, the transformed permeability transformed back to the predicted permeability by the following Equation:  

𝑦𝑦𝑖𝑖𝑃𝑃𝑃𝑃𝑒𝑒𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑒𝑒𝑃𝑃 = 𝜃𝜃∗−1 ��𝜃𝜃𝑙𝑙∗
𝑃𝑃

𝑖𝑖=1
(𝑥𝑥𝑙𝑙i)� (6) 

Furthermore, the general expression of the prediction equation can be written in the following form: 

𝑘𝑘𝑃𝑃𝑃𝑃𝑒𝑒𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑒𝑒𝑃𝑃 = 𝑇𝑇𝑅𝑅−1 �𝜑𝜑𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝐷𝐷𝑦𝑦
𝑇𝑇𝑅𝑅 +𝜑𝜑𝑁𝑁𝐷𝐷𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁𝐷𝐷

𝑇𝑇𝑅𝑅 + 𝐺𝐺𝑅𝑅𝑇𝑇𝑅𝑅 + 𝐿𝐿𝐿𝐿𝐿𝐿𝑇𝑇𝑅𝑅 + 𝐿𝐿𝐿𝐿𝐷𝐷𝑇𝑇𝑅𝑅� (7) 

Although Barman et al. (1998) have reported an improvement in predicted permeability, which reached 150%, the 
reported accuracy (R2) is still relatively low to good, ranging from (0.35 to 0.76) based on the reservoir zones.  

Guo et al. (2005, 2007) have proposed using the conventional logs in the un-cored wells to predict the rock typing 
using multivariate regression and normalised well logs. The technique suggested normalising the conventional logs in 
the wells using the following formula:  

𝑁𝑁𝑁𝑁 =
𝑁𝑁 − 𝑁𝑁𝑚𝑚𝑖𝑖𝑚𝑚

𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑁𝑁𝑚𝑚𝑖𝑖𝑚𝑚
 (8) 

Where, the symbol (δ) may refer to any conventional logs (NPHI, RHOB, LLD, LLS, GR, DT, and SP). Then, using 
the multivariate regression to establish a prediction formula to predict the FZI, as explained in Equation (9): 

𝐹𝐹𝐹𝐹𝑅𝑅 = 𝜆𝜆0 + 𝜆𝜆1NLLD + 𝜆𝜆2NRHOB + 𝜆𝜆3NGR + 𝜆𝜆4NSP + 𝜆𝜆5NDT + 𝜆𝜆6NNPHI (9) 
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Guo et al. (2005, 2007) have mentioned that the general trend of the measured and calculated permeability are well 
matched. However, no accuracy value was reported. In addition to that, the provided comparison figure of the 
measured and the calculated permeability is not helpful to identify the accuracy as explained in Figure 1: 

 
Figure 1: Comparison between the core permeability and the predicted permeability, the original figure has cropped to enhance 

visibility, courtesy of Guo et al. (Guo et al., 2007). 

Furthermore, magnifying the comparison figure has shown significant differences in the logarithm scale of 
permeability, which reduces the efficiency of the prediction equation. Therefore, it is essential to highlight the 
accuracy results rather than presenting qualitative figures only. 

The risk in using the multivariate equations to predict the FZI is; when the calculated FZI does not match the expected 
hydraulic unit, and another correlation belong to another hydraulic unit will be applied to this sample and turns into 
highly deviated predicted value from its actual value. 

3. Description of the Analogue Formation 
The formation of interest in the current workflow is known as Lower Qamchuqa formation, which is one of the major 
producers in Jambur Field. The field located in the foothill zone to the northeast of Iraq. It represented by a simple 
structure of asymmetrical anticline with the northwest-southeast axis direction trend (Aljuboori et al., 2020a). Lower 
Qamchuqa formation is a highly heterogeneous carbonate formation, which can be used as an excellent analogue to 
represent the heterogeneous fractured carbonate reservoirs in the middle east for several reasons, such as: 

• A highly prolific formation, which produces in several fields in the north of Iraq, such as Kirkuk field, Bai 
Hassan field, Jambur field, Khabbaz field, and other fields. 

• The formation importance has not limited to the north of Iraq but extended to the south toward the Arabian 
peninsula, as its equivalent formation known as Shuaiba formation, which is producing in Oman (Abu-
Shiekah et al., 2009), UAE (Sadooni, 2018; Strecker and Ibrahim, 2017), Qatar and Saudi Arabia (Sadooni, 
2018). 

• A highly heterogeneous naturally fractured formation, as indicated by the heterogeneity assessment using the 
Coefficient of Variation (Cv) index, see (Aljuboori et al., 2020a). 
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In our previous work, we presented a detailed discussion about the Qamchuqa reservoir (which includes both Upper 
and Lower Qamchuqa formations), besides a brief explanation about the local region (Aljuboori et al., 2020a, 2020b, 
2020c, 2019).  Therefore, a glimpse of Lower Qamchuqa formation has been provided in this work to highlight its 
characteristics. The formation consists of thick-bedded limestone deposited in a shallow marine depositional setting 
(Jassim et al., 2006). The estimated thickness of the formation is more than 300 m, as indicated by the drilled wells in 
the north part of the reservoir (e.g., JCP-A3, JCP-A5, JCP-A6, JCP-DO). Furthermore, the drilled well in the formation 
beside the formation depth has been illustrated in Figure 2. The core data of several wells completed in Lower 
Qamchuqa has been used to explain the variability and heterogeneity of the formation, and it has employed with their 
corresponding well logs as the input data for the statistical regression approaches for training and validation of the 
proposed permeability prediction model, and to illustrate the advantage of using these methods compared with the 
conventional porosity-permeability crossplot. However, the southern part of the formation has been excluded from 
the permeability evaluation process.  In this region, the reservoir facies of the Qamchuqa has interfered and gradually 
changed into a non-reservoir facies of Balambo (Aljuboori et al., 2020a; Jassim et al., 2006).  

 
Figure 2: Contour map of Lower Qamchuqa formation illustrates the northern region. The black dots referred to the drilled wells 

in the formation. 

4. Permeability Prediction Workflow 
The conventional porosity-permeability crossplot is the preferable approach of the permeability prediction. 
Nevertheless, the system heterogeneity creates an obstacle in obtaining a reliable permeability predictor using a simple 
linear regression approach. Therefore, a gradual step-by-step checking would be the recommended workflow before 
deciding using any complicated statistical methods, see Figure 3. The objective of the illustrated workflow in Figure 
3 is checking up all the possible solutions before utilising the statistical application in permeability prediction, which 
should be the ultimate solution to establish a permeability predictor due to their sensitivity to the core-log calibration, 
their probe to statistical errors, and updating the predictor process is not a trivial task. 
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Figure 3: The recommended workflow to evaluate the possible solution to construct a permeability predictor before using 

statistical approaches. 

The conventional porosity-permeability crossplot should be evaluated first before proceeding to further complicated 
approaches. Where if the correlation coefficient is acceptable, then the constructed permeability predictor equation 
applied to the un-cored intervals and wells using their log porosities. However, if the core data crossplot is scattered 
with a relatively low correlation coefficient, then a statistical approach is recommended to construct a permeability 
predictor using well logs data. The following explanation includes two preparation steps of the illustrated workflow 
in Figure 3 before proceeding with the statistical application: 

4.1. Heterogeneity Evaluation 
Carbonate reservoirs are often classified as highly heterogeneous systems due to the complexity of the depositional 
environment and the later deformational process (Agada et al., 2016; Aljuboori et al., 2020a; Maier et al., 2013). In 
this workflow, a useful index of a single value has been utilised to estimate the system heterogeneity qualitatively. 
This index is known as a Coefficient of Variation (Cv), which can be calculated for the core permeability data using 
the following Equation (Jensen et al., 2000): 

𝐶𝐶𝑣𝑣 =
𝐿𝐿𝐷𝐷
𝑘𝑘�𝑚𝑚𝑃𝑃𝑖𝑖𝑃𝑃ℎ

 (10) 

Where: 

Cv  Coefficient of variation 
SD  Standard deviation 
𝑘𝑘�𝑚𝑚𝑃𝑃𝑖𝑖𝑃𝑃ℎ  Arithmetic average of core permeability  
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Jensen et al. (2000) have listed the most common depositional environment with their coefficient of variation, where 
the Cv increment refers to the heterogeneity increases, see Figure 4. The comparison criteria of heterogeneity have 
explained in Table 1 (Jensen et al., 2000): 

 

Figure 4: The coefficient of variation ranges for several depositional environments. After (Jensen et al., 2000). 

 

Table 1: Classification Criteria of Coefficient of Variation 

Homogeneous Heterogeneous Very Heterogeneous 

Cv ≤ 0.5 0.5 < Cv ≤ 1 Cv > 1 

 

The coefficient of variation (Cv) has been calculated for Lower Qamchuqa formations by well basis, as illustrated in 
Figure 5. The calculated Cv for the formation is more than (1) in the examined wells, which indicated a highly 
heterogeneous formation. Most of the wells were shown a high heterogeneity degree due to the permeability variation 
in the formation. The measured core permeability in Lower Qamchuqa formation has a range of (0 - 1990.87) mD, 
with an arithmetic average of (29.5) mD (Aljuboori et al., 2020a). This wide range of permeability is related to the 
variable sizes of pore distribution and connectivity of the carbonate system, (Bust et al., 2011). Although Lucia (2007) 
has mentioned a role that “Never use core data from a carbonate reservoir unless you have seen the core and observed 
how the core was sampled”, it would be challenging to access the measured core plugs, especially most of these 
measurements were performed in the seventeenth and eighteenth of the last century. 
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Figure 5: The calculated coefficient of variation for several wells in Lower Qamchuqa formation, which referred to a high degree 

of heterogeneity, after (Aljuboori et al., 2020a). 

4.2. Core-Log depth Calibration 
The core depth is often different from the log depth for various reasons, as discussed by Lucia (2007). Therefore, core-
log calibration is one of the essential steps to match their depths (Lucia, 2007). Traditionally, the gamma-ray log is 
frequently used for depth calibration between the core depth and the log depth. A manual step-by-step core shifting 
process should be performed to match the depth of the measured logs. The calibration process is a very critical step 
for neural network or any statistical approaches of permeability prediction, as the wrong depth of the core will 
correspond to the incorrect values of the log measurements (e.g., density, neutron, acoustic) when used together to 
construct the permeability prediction model, see Figure 6 as an example of core depth shifting. 

 
Figure 6: An example of core-log depth calibration. 
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5. Permeability Prediction in Lower Qamchuqa Formation 
The variation in petrophysical properties and rock texture has been examined using the data of 165.9m of the recovered 
core. Initially, a simple linear regression has been estimated using a semi-log porosity-permeability plot, which 
referred to a significant scattering in the measured core data. Therefore, this wide variation in permeability could not 
be captured through a simple linear regression, as shown in Figure 7. Furthermore, the calculated correlation 
coefficient of this regression is (0.46), which is quite low to be used to estimate this essential flow property of the 
reservoir. This suggested using other satisfied approaches with higher accuracy. Various methods could be utilised to 
achieve this objective, as proposed in Figure 3. Generally, the geological description and rock typing is the starting 
point to discriminate different rock typing based on their locations in the depositional environment (e.g., reef, forereef, 
backreef, lagoonal, talus). This characterisation and classification most often increase the probability of having a better 
porosity-permeability relationship, as they expected to have similar flow characteristics due to the similarity of their 
depositional condition. 

 

 
Figure 7: Porosity-Permeability cross-plot of Lower Qamchuqa formation, the correlation coefficient is (0.46). 

Nevertheless, in some cases, even facies and geological description might not be sufficient to discriminate between 
the reservoir flow units to improve the permeability prediction. Therefore, statistical approaches become the best 
alternative for permeability prediction purposes. A combination of core data and well logs derived parameters is one 
of the reliable methods of permeability estimation compared with other methods such as the new technology of nuclear 
magnetic resonance (NMR) to estimate the rock permeability downhole, which is not fully developed (Tiab and 
Donaldson, 2016). Therefore, core data with conventional log measurements have used in permeability prediction. 
Two methods have been applied to Lower Qamchuqa data set to highlight the accuracy improvements and the related 
issues in permeability prediction.  
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6. Results 

6.1. Multivariate Regression 
Conventional log measurements have been used as the input variables for the approximation model to predict rock 
typing, as demonstrated in the permeability prediction workflow in Figure 3. The proposed method of Guo et al. 
(2005,2007) has been employed to predict the flow zone indicator (FZI) of Lower Qamchuqa formation. The well logs 
have been normalised using Equation (9), then included as regression variables to predict (FZI). The results of the 
regression model are illustrated in Figure 8, while the estimated regression model is shown in Equation (11).  

 
Figure 8: Multivariate regression of Lower Qamchuqa formation, the correlation coefficient is 0.135 as indicated by the scattered 

data points from the red diagonal line. 

 

𝐹𝐹𝐹𝐹𝑅𝑅 = 5.0787261 −  8.856255 NLLD +  0.7539926 NRHOB +  5.3685335 NGR 
+  7.5488163 NSP −  13.96412 NDT −  4.127533 NNPHI +  9.745467 NLLS 

(11) 

 

The result has referred to a low correlation coefficient of (0.135) using the proposed model, which indicates an 
insignificant relationship between the regression variables and the FZI using multivariate regression method, as shown 
in Figure 9. This low correlation accuracy suggests a high degree of heterogeneity in the formation. Moreover, the 
cross-validation of the model has shown a further lower correlation coefficient for the validation data. 
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Figure 9: Scatter plot matrix of the model variables showing the correlation between the normalised well logs and FZI indicated 

by blue rectangles. 

Porosity has included in the regression model to increase the correlation coefficient of the estimator, but the increment 
was not significant, and it raised by approximately (4.7%) to become (0.182), which still beyond the acceptable range. 
Further explanation of the prediction errors has been illustrated in Figure 10, where the core data of Figure 7 has been 
characterised into nine hydraulic units, see Figure 11. However, the prediction model was not able to capture the 
hydraulic units (HU-2, HU-8, and HU-9). Moreover, the model prediction of the remaining hydraulic units was not 
accurate, as illustrated by the scattered data of the core derived hydraulic units. Meanwhile, in a good prediction 
model, most of the data points should be clustered around the diagonal of the matrix plot.  

Further investigation has shown that the estimator might be entirely mis-predicted the hydraulic units. For example, 
the flow unit (HU-5), which identified by a red dotted rectangle in Figure 10, has been inaccurately predicted by the 
model to (HU-3, HU-4, HU-6, HU-7). Therefore, when the FZI transformed back into permeability, the equations of 
the hydraulic units (HU-3, HU-4, HU-6, and HU-7) will be used to calculate the permeability, which results in 
significant errors in the predicted permeability, as explained in Figure 11. For this reason, the multivariate model could 
not represent the core hydraulic units appropriately, and hence mis-predict the permeability. 



12 
 

 

Figure 10: Matrix plot of the core data hydraulic units compared to the predicted hydraulic units, HU-5 data points, for example, 
have mis-predicted by the model as HU-3, HU-4, HU-6, and HU-7 as highlighted in the red rectangle. 

 

Figure 11: The calculated hydraulic units from the core data with their corresponding equations. 

In conclusion, the multivariate model may not be the favourable choice, and it should be used with caution to predict 
permeability in a highly heterogeneous carbonate formation as shown in the results, especially when the formation 
has intensively fractured and exhibited a high degree of alteration by diagenesis processes. 
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6.2. Neural Network Method 
Neural Network method can be utilised to establish a very complicated relationship between several variables 
(Mohaghegh et al., 1995). It uses multilayers with intermediate parameters called hidden nodes to estimate the required 
parameter. These hidden nodes have no physical meaning, and they are only intermediate variables to establish the 
relationship for the destination parameter such as, FZI or RQI or to estimate the permeability directly.  

Neural Network approach has been applied to Lower Qamchuqa core data with their corresponding well log values of 
(DT, GR, LLD, LLS, RHOB, NPHI, SP, and φz). The Gaussian function has used as the hidden layer structure with 
six hidden nodes and two hidden layers, as shown in Figure 12. The learning rate has set to (0.1), and both options of 
transformed covariates and robust fit have been activated in the analysis using JMP software.   

 

Figure 12: The illustration diagram of Neural Network workflow in permeability prediction in Lower Qamchuqa formation, 
highlighting the hidden layers and the used parameters. 

Multiple runs were performed to obtain the highest possible correlation coefficients. It could be a time-consuming 
process, but excellent results can be obtained, which reflect the method ability to capture all the variability in the 
geological setting of the formation. The following example is one of the obtained models for predicting permeability, 
the model including (202) core plug samples for the training and (54) core plugs for validation. The resulted model 
has an accuracy of (0.859) for the training samples and (0.807) for the validation samples, as shown in Figure 13. 
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Figure 13: (A) An example of Neural Network established model with higher correlation coefficients using the training data (B) 

Validation of the Neural Network Model illustrated in (A), illustrating a comparable accuracy with the training data model. 

7. Discussion 
Although multivariate regression has proven its validity in permeability prediction in several published works (e.g., 
(Guo et al., 2007, 2005)), the high heterogeneity could be one of the major obstacles in obtaining an acceptable 
accuracy of the established model. Therefore, the heterogeneity of the core data should be evaluated first to help in 
selecting the appropriate prediction method based on the formation variability. Another good practice could be 
evaluating the correlation coefficient between the input variables and the output parameter (e.g., k, FZI, RQI), then 
exclude the non-effecting parameters from the input variables, as shown in Figure 9.      

Most of the available core data from all the wells should be used as training data to build the prediction model, which 
is essential to cover both areal and vertical heterogeneity of the formation. Furthermore, including all the geological 
sections and depositional facies of the formation can improve the permeability prediction remarkably, as all the 
expected facies in the formation will be represented in the prediction model. To provide a flexible framework of 
permeability prediction, a frequent updated is necessary for all statistical models when a new data set acquired. This 
update is essential to adjust the model to the additional data set and to maintain the reliability of the prediction model. 
The following workflow explained the updating process using the Neural Network method: 

 

Figure 14: Updating the Neural Network model using the newly acquired data set. 

(A) (B)
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It is worth mentioning that the above work and discussion are related to the permeability prediction in the matrix only. 
Meanwhile, in fractured reservoirs, the fracture permeability is often evaluated using fracture aperture. Generally, the 
borehole measurements are the preferable approach to evaluate the fracture characteristics such as fracture density, 
aperture size, and fracture morphology (i.e., sealed by cement or open to the fluid flow). Furthermore, core 
examination can also provide additional supporting information to the subsurface measurements of fractures, see 
Figure 15. Therefore, once the aperture size has measured, the fracture permeability can be estimated using the cubic 
law (Adler et al., 2013; Sahimi, 2011; Witherspoon et al., 1980): 

𝐹𝐹𝑁𝑁𝐹𝐹𝐹𝐹𝐷𝐷𝑁𝑁𝑁𝑁𝐷𝐷 𝑝𝑝𝐷𝐷𝑁𝑁𝑝𝑝𝐷𝐷𝐹𝐹𝑝𝑝𝑖𝑖𝑙𝑙𝑖𝑖𝑦𝑦, (𝑝𝑝2) =  
𝐴𝐴𝑝𝑝𝐷𝐷𝑁𝑁𝐷𝐷𝑁𝑁𝑁𝑁𝐷𝐷2(𝑝𝑝)

12
 (12) 

 

Despite these measurements, it would be challenging to evaluate the performance of fractures, as these data are limited 
to the wellbore scale. However, the fracture network extended to hundreds or thousands length orders compared with 
the wellbore vicinity. Therefore, additional supporting data is often required to fill the gap between the seismic scale 
and the wellbore scale in modelling the fracture permeability, see (Aljuboori et al., 2020a) for further discussion about 
using outcrop data to fill this gap.  

 

Figure 15: An example of fracture data extracted from core (A) Aperture histogram, (B) Fracture morphology of Lower 
Qamchuqa. 

 

Moreover, well test interpretation can also be utilised to provide an estimation of the fracture permeability under 
dynamic condition. Using the interpretation approach of Warren and Root (1963) can provide an approximation for 
the fracture permeability through calculating the permeability ratio (λ) of matrix and fracture permeability, as 
presented by Kazemi (1969) using the derivative technique for well test data or using numerical well testing (e.g., 
(Aljuboori et al., 2015)). Therefore, once the matrix permeability estimated and the (λ) ratio interpreted from the well 
test analysis, the fracture permeability can be determined. 
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To sum up, referring to the literature review and the current work results, the following points can be highlighted: - 

i. In multivariate regression using FZI techniques, most of the regression works were focused on the correlation 
coefficient between the RQI and normalised porosity. However, no correlation coefficients have reported 
between the core FZI and the predicted FZI to validate the suggested prediction formula, and to determine 
the FZI or rock typing in the un-cored wells with confidence. A qualitative expression often used such as 
“reasonably predicted in un-cored intervals/wells”, see (Guo et al., 2007, 2005). 

ii. The insufficient data set or unsuitable workflows such as using specific wells data for training and other wells 
for validation can obtain unreliable predictor, especially when these wells located at various depositional 
environments. Moreover, the accuracy of such workflow can significantly decrease when applied to other 
wells, see (Shokir, 2006) as an example for such a scenario. The correlation coefficients of the training data 
were (0.98) and (0.985). Then, when the model applied to other wells, the correlation coefficients decreased 
to (0.69) and (0.84), which means the accuracy has reduced by (29%) and (14%).  This reduction in accuracy 
refers to an unstable model that might not be able to capture the reservoir or formation heterogeneity 
appropriately. 

iii. In highly heterogeneous reservoirs, complex formulas of the permeability predictors are often suggested to 
overcome the heterogeneity such as; the Neural Network Method (an example of the NN calculations has 
given in the Equations (13) and (14), and multivariate equations. Nevertheless, the model stability could be 
a significant challenge, as the prediction model has often failed to maintain its accuracy when applied on a 
new data set. Therefore, the permeability estimator model should be updated frequently to maintain its 
stability when new petrophysical measurements of the core data acquired. 

 

The following equations are examples of the hidden nodes’ calculation in the Neural Network method, as shown in 
Figure 12: 

• An example of a hidden node equation in Layer 2 

𝐻𝐻21 =  𝐷𝐷[ −(0.5×{(−1.11+𝐴𝐴− B+𝐶𝐶+D+E+F+G+J+K)} 2)] (13) 

Where: 

𝐴𝐴 =  0.405 × log
(𝐷𝐷𝑇𝑇 − 44.78)
(167− 𝐷𝐷𝑇𝑇)  , 𝐵𝐵 = 0.136 × log

(𝐺𝐺𝑅𝑅 − 5.2)
(64 − 𝐺𝐺𝑅𝑅)  , 𝐶𝐶 = 0.242 × log

(𝑁𝑁𝑃𝑃𝐻𝐻𝑅𝑅 + 0.0386)
(0.2079−𝑁𝑁𝑃𝑃𝐻𝐻𝑅𝑅) , 

𝐷𝐷 = 0.158 × ArcSinH
(𝐿𝐿𝐿𝐿𝐷𝐷 − 14.5)

4.981
, 𝐸𝐸 = 0.06 × log

(𝑅𝑅𝐻𝐻𝑅𝑅𝐵𝐵 − 2.3)
(2.83 − 𝑅𝑅𝐻𝐻𝑅𝑅𝐵𝐵) , 𝐹𝐹 = 0.33 × ArcSinH

(𝐿𝐿𝐿𝐿𝐿𝐿 − 29.74)
7.04

, 

𝐺𝐺 = 0.064 × log
(𝐿𝐿𝑃𝑃 + 143.06)

(−1.0061− 𝐿𝐿𝑃𝑃) , 𝐽𝐽 =  68E − 5 × log
(𝜑𝜑 + 0.00881)

(0.248− 𝜑𝜑)  , 𝐾𝐾 = 0.024 × log
(𝜑𝜑𝑧𝑧 + 0.00714)

(0.352−𝜑𝜑𝑧𝑧)  

 

• An example of a hidden node equation in Layer 1 

𝐻𝐻11 =  𝐷𝐷[ −(0.5×(−0.24443389−0.082338786×H21 + 0.55664×H22 −0.279080459829183 ∗ H23) 2)] (14) 
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8. Conclusion 
Geological description, facies analysis and defining flow zones in the investigated formation (if possible) considered 
as one of the priority steps in permeability prediction before applying any complicated statistical methods. Most often, 
similar petrophysical properties for the zones, facies or flow units that deposited at the same depositional conditions 
can result in an optimistic relationship between porosity and permeability without needing to apply complicated 
approaches. Nevertheless, carbonate formations are highly prone to diagenesis process, which alter the depositional 
properties significantly and nullify the efforts to obtain an acceptable accuracy of the porosity-permeability 
relationship. 

The statistical approaches are a powerful tool that can be used to construct a relationship between the petrophysical 
properties in highly heterogeneous formations. Several methods have proved their ability to overcome the formation’s 
heterogeneity and obtain acceptable accuracy. Despite their advantages, inappropriate data set such as unshifted core 
data might result in unstable predictor accuracy that decreases during the validation or update process, as the log data 
does not represent the rock properties of the unshifted core samples. 

The optimistic results of the Neural Network method for Lower Qamchuqa data set have been demonstrated the 
reliability of the method to predict the permeability in the un-cored intervals with high confidence compared with a 
simple linear regression or multivariate regression approach. Therefore, the NN method can be used as a routine 
practice for permeability prediction once the coefficient of variation indicates a high level of system heterogeneity. 
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Nomenclature and Abbreviations 

RQI  Rock quality index. 
k       Permeability, mD. 
φz        Normalised porosity. 
φe        Effective porosity, fraction.  
FZI  Flow zone indicator. 
DT  Acoustic transit time. 
GR  Gamma-ray log. 
LLD  Lateral log deep. 
LLS  Lateral log shallow. 
MSFL  Micro-spherically focused log. 
NPHI  Neutron log derived porosity. 
RHOB  Bulk density. 
SP  Spontaneous potential. 
TR  Transformed (Variable). 
N  Normalised (Variable). 
λ0 – λ6  Constants. 
Cv  Coefficient of variation 
SD  Standard deviation. 
karith  Arithmetic average of permeability. 
λ  Fracture-matrix permeability ratio. 
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