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a b s t r a c t

The porosity of the petroleum reservoirs is considered one of the most important parameters in reserve
estimation because it determines the effective volume of the hydrocarbon that is stored in the reservoir.
Based on the reserve estimation, the development plan can be set and managed. Porosity can be
determined in the laboratory which is the most expensive methods. Porosity also can be determined
from the logs such as density, neutron, sonic, and NMR logs. There are a lot of uncertainties in the
porosity estimation fromwireline logs because it depends on many statistical analysis and also is affected
by the logging environment and logging tools. The prediction of the porosity from different porosity logs
using artificial intelligence (AI) methods validated with the laboratory measured values is the best
method to determine an accurate value of the rock porosity.

The objective of this research is to evaluate AI tools such as artificial neural network (ANN), Support
vector machine (SVM) and Adaptive neuro fuzzy inference system (ANFIS) to predict the reservoir
porosity based on wireline log data. More than 1700 field measurements of porosity with logs data were
used for training and testing the AI techniques.

The results obtained showed that ANN and ANFIS can be used to estimate the reservoir porosity based
on log data with a high correlation coefficient (R) and low average absolute percentage error (AAPE). The
main inputs required for porosity estimation are bulk density, neutron porosity, and sonic compressional
time. The developed mathematical equation based on the weights and bias of the ANN model can be
used to predict the reservoir porosity based on log data with a correlation coefficient of 0.98 and an AAPE
less than 8%. The advantage of this work is that we extracted the mathematical model from the ANN that
can be used directly to determine the porosity without the need for training and testing the data. The
porosity estimation from the neutron-density crossplots, which is the current technique used by the
industry, yielded 14.7% error.

© 2018 Southwest Petroleum University. Production and hosting by Elsevier B.V. on behalf of KeAi
Communications Co., Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Porosity (f) is one of the most important parameters in oil and
gas industry because it is used to determine the oil and gas reserves
and used for reservoir description and as input to the reservoir
simulation models. Porosity is classified mainly in to two types;
effective porosity (connected pores) and ineffective porosity (iso-
lated pores). The total porosity (fT) is the total pore systemwhether
connected or isolated. In the clean formation (formations free from
shale content), the total porosity of the system equals to the
effective porosity. When shale exist in the formation, the porosity
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should be corrected for shale otherwise the porosity value will be
overestimated by accounting the shale porosity that will not
contribute to the pore space available for oil and gas storage. Rock
porosity can be estimated by several methods such as; Computer-
ized Tomography (CT) scan, laboratory tests on core samples, sonic
logs, NMR (Nuclear Magnetic Resonance) logs, and neutron-density
logs.

Porosity is a unitless quantity, which is defined as the ratio of
volume of pores (Vp) to the bulk volume (Vb) of the sample. Wyllie
et al. [1] presented an equation to estimate formation porosity for a
clean formation which is given by Eq. (1):

4 ¼ Dtlog � Dtma

Dtf � Dtma
(1)

where; (Dtlog) is the sonic wave transit time measured in msec/ft;
(Dtma) is sonic wave transit time in the rock matrix measured in
msec/ft and (Dtf) is the sonic wave transit time in fluid measured in
msec/ft.

Gaymard and Poupon [2] proposed the method to estimate
porosity from the density log using Eq. (2):

4 ¼ rma � rb
rma � rf

(2)

where, ðrmaÞ is the matrix density in g/cc, ðrbÞ is the formation bulk
density in g/cc and ðrf Þ is the fluid density in g/cc.

Neutron, density, and sonic logs are strong function of the li-
thology while NMR log is not a function of lithology, it counts
hydrogen content in the fluid fromwhich the true total porosity can
be measured [3].

NMR tool is one of the robust methods of porosity determina-
tion. However, it is affected by many factors such as the water
salinity and oil viscosity. These parameters might affect the accu-
racy of porosity determination from the NMR logging. Timur [4]
presented new method to determine producible porosity to
differentiate it from the effective porosity. Producible porosity is
the ratio of movable fluid to the bulk volume of the rock.

Timur [5] studied NMR porosity determination in carbonate
rocks and developed an empirical correlation for porosity using
RMA (ReducedMajor Axis) analysis method based on only FF1 (free
fluid index). He also found that the ratio of limestone to dolomite
content in carbonate rocks has not any effect on their porosity.
Miller et al. [3] estimated the porosity for the first time during
Logging while drilling (LWD) using Magnetic Resonance Imaging
Logging (MRIL) using spin echo. This technique does not require
borehole treatment to estimate porosity.

Chang et al. [6] investigated the method of porosity de-
terminations in a complex carbonate rocks using conventional
wireline logs and combinableMagnetic Resonance tool (CMR). CMR
tool gives high resolution in NMR measurements. They observed
that in a clean carbonate system, the total porosity measured by
CMR tool is closely equals to the one which is measure from con-
ventional logs (Density, sonic and neutron logs). Prammer [7]
investigated the application of NMR log to estimate the clay-bound
water along with the total porosity. For that he collected actual clay
samples and observed a linear relationship between the clay water
content and transverse of relaxation time.

Georgi et al. [8] studied the NMR measured porosities in sand-
stone and carbonate rocks. The objective of his study was to eval-
uate the accuracy of NMR measured porosity by comparing the
results with the laboratorymeasured core porosity; the comparison
results showed good agreement with nearly 0.5 porosity unit error
(5%) was observed between NMR measured and laboratory
measured porosities. Ehigie [9] studied several methods of porosity

measurements from various wireline logging tools such as MRIL,
CMR and NMR. He found that the regions where huge elliptical
breakouts occur, the MRIL tool does not give accurate estimation of
porosity.

Carbonate reservoirs and tight formation are usually charac-
terized by dual or triple porosity system due to the existence of
vugs and fractures. Daniel Obinna and Hassan [10] applied several
porosity models to characterize the porosity of tight oil reservoirs.

1.1. Importance of porosity prediction in oil and gas industry

One of the most important uses of the porosity is to determine
the effective water saturation in the reservoir and in turn the hy-
drocarbon saturation as shown in the following equation [11]:

Sw ¼
�
0:4Rw
42

�0@�Vcl

Rcl
þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V2
cl

Rcl
þ 542

RtRw

s 1
A (3)

where, (Rcl) is the resistivity of dispersed clay, (Rw) is the resistivity
of formationwater, (Rt) is the resistivity of true formation resistivity
and, (Vcl) is bulk volume of clay. The value of porosity will affect the
water saturation prediction and there is a massive need to mini-
mize the uncertainty in the porosity calculation. Uncertainty in
porosity calculations can be minimized by developing a robust
model that predicts the porosity and match the ones measured
from the laboratory at the reservoir conditions.

Archie [12] was the first researcher to study the significance of
texture of pores on the physical properties of the carbonates rocks.
Based on pore sizes, he classified carbonate rocks to get an
approximation of the permeability. Lucia [13] classified carbonate
pores types based on pore connectivity and pore size distribution
and then found their effect on pores physical properties. Choquette
and Pray [14] further classified porosity into interparticle pore
space, separate vugs porosity and touching vugs porosity. These
three groups have dissimilarity in connected pores scheme. Due to
which these groups show different permeability-porosity re-
lationships. Jennings and Lucia [15,13] studied that the porosity
permeability relationship is heavily depend on the grain size dis-
tribution in rock sample. In carbonate rocks, the small pores which
are controlled by fine grains with crystals and mud, shows low
permeability values at any value of porosity. The carbonate rocks,
which are controlled by coarse grains shows higher permeability
values at any given value of porosity. Morris and Biggs [16] build a
correlation between permeability, porosity and initial water satu-
ration. Their correlation is given by Eq. (4)

k ¼
�
c43

Swi

�2

(4)

where c is the function of reservoir fluid density and it is a constant
value.

Yang et al. [17] developed new method for flow unit charac-
terization in a Karst carbonate reservoir. Based on porosity and
permeability data the flow units were classified. For a flow unit, sub
category flow units were determined by three different graphical
tools. This method greatly enhanced the reservoir characterization
and helped identifying the flow units.

1.2. Artificial intelligence (AI) techniques

ANN technique is based on parallel processing used for function
approximation, clustering and pattern recognition purposes. ANN
can be used in variety of applications such as mapping complex
inputs patterns to output pattern, recalling and storing data
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patterns and for optimization purposes [18]. Since last many de-
cades ANN has been successfully applied in field of petroleum en-
gineering for function approximation and classification purposes
[19,20,21,22,23].

ANN models are based on at least three layers which are input
layer, hidden layer(s) and output layer. Between each layer there
are elementary units termed as neurons. The hidden layer can be
single or many. Every layer links with other layer(s) by the assis-
tance of weights. The predictive capability of the network is based
on the tuning of these weights. The structure of ANN heavily de-
pends on the further three components which are transfer function,
learning algorithm, and learning rate. The training with ANN starts
by feeding the data through input layer, which is processed in
hidden layer(s) then all the way to the output layer. In the output
layer, the data is compared with the actual data and the error be-
tween actual and predicted value is calculated, if error is higher
than the tolerance limit set then it is transferred back to the hidden
layer to enhance the accuracy, this phenomenon is called epoch or
iterations. The selection of number of neurons in hidden layer is
very imperative the accuracy of the model. Larger number of
neurons cause over-fitting and, lesser number of neurons cause
under-fitting and therefore, optimization is required to choose the
best number of neurons [24,25]. Elkatatny et al. [26,27,28]
concluded that the black box of ANN can be changed to a white box
by extracting the weights and biases of the optimized ANN model
and they developed a new robust correlation to determine the
reservoir permeability, oil formation volume factor, and bubble
point pressure.

ANFIS works on the principles of Fuzzy logic thorough highly
sophisticated interconnected Artificial Neural network processing
elements and was first used by Jang and Chuen-Tsai Sun [29]. The
purpose of neural network in ANFIS is to tune its parameters. Some
of the advantages of ANFIS are it does not require prior human
experience, it is easy to implement, and it is flexible to incorporate
both numerical and linguistic rules. Like neural networks ANFIS is
based on five processing units namely; rule base unit having room
for if-then rules, data base unit which defines membership func-
tion, decision making unit whose purpose is to implement inter-
ference operations in rules, fuzzification unit which aim is to
convert crisp inputs into degrees to agree with linguistic rules and,
deffuzification unit which converts back fuzzy output to real value
number [29].

SVM first introduced by Cortes and Vapnik [30] is the supervised
learning technique which is used for classification, pattern recog-
nition and regression purposes. It is based on statistical theory and
the structural risk minimization approach. Through nonlinear
mapping SVM maps the actual data into higher dimension feature
space to predict output [31].

1.3. Porosity determination using AI techniques

Porosity can be predicted from the seismic data using nonlinear
regression technique known as group method of data handling
(GMDH) [32]. GMDH is able to determine the best input to target
the porosity without overtraining the data and also to optimize the
number of nodes. They concluded that, the supervised ANN showed
a higher correlation coefficient (R) than GMDH for training data
while GMDH presented a higher R for unseen data.

ANN can predict the petrophysical properties better than the
traditional techniques [33]. ANN models used the multi-layer
neural network (MLNN) such as backpropagation neural network
(BPNNs) to predict the petrophysical properties [34,35].

ANN models can be used to determine the petrophysical log
data (sonic time, neutron porosity, and bulk density) with a high R
[36]. Depth and lithology were not part of network, so the

developed models can be applied for any field.
Hamada and Elshafei [37] stated that NN model can be used to

predict the porosity based on NMR data and conventional log with
a high accuracy compared with the core data.

Hosseini et al. [38] concluded that probabilistic neural network
(PNN) is the best technique to predict the porosity from the seismic
based on three inputs; acoustic impedance, average frequency, and
time.

The objective of this research is to use the AI techniques to build
amathematical model to predict the reservoir porosity based on log
data such as; compressional time, neutron porosity, and bulk
density. The new idea of this part is to build a mathematical model
using the artificial neural network to predict the true porosity
based on log data. The mathematical model can be applied without
the need for the ANN model.

2. Data preparation and analytics

Quality check of the collected log and core data was performed
to match the field conditions with the laboratory conditions which
includes applying depth shift between the wireline logs and the
core data and overburden pressure corrections. After implementing
the sufficient overburden pressure corrections, a depth shift was
conducted by plotting wireline logs with core data. In general, for
sandstone reservoirs spectral gamma ray (SGR) log is taken as a
reference for depth shifting as the sections having shale contents
are easily distinguished by giving high GR, but due to complexity
and heterogeneity in carbonate reservoirs it is difficult to differ-
entiate between markers and signatures in it. Consequently, in this
study from neutron density cross plot obtained wireline corrected
porosity was plotted against core porosity for depth shift purpose.
After applying the depth shift, to eliminate the effects of having
unknown factors in the modeling a methodical approach for data
cleaning was adopted to outline which data set is appropriate for
this study.

Various well log data were available for the studied carbonate
reservoir rock such as gamma ray, neutron porosity, caliper, bulk
density, and compressional time. In addition, the measured core
porosity for 400 data points is available. The first step is to evaluate
the relative importance between the core porosity and the available
log data. This can be performed by calculating the correlation co-
efficient (R) between these parameters, which represent the direct
and the linearity of the relationship between the core porosity and
each wireline log.

Fig. 1 shows that the core porosity is a strong function of bulk
density, neutron porosity, and compressional time. The R is 0.96,
0.95, and 0.96 for bulk density, neutron porosity, and compres-
sional time, respectively. The core porosity is a weak function of
gamma ray and caliper logs. The R is 0.08 and 0.4 for the core
porosity with gamma ray and caliber logs, respectively.

Based on the relative importance between the core porosity and
the log data, it was decided that the AI techniques will be used to
build the porosity model based on bulk density, neutron porosity,
and compressional time. Fig. 2 shows the input data (base case) for
the AI techniques and the core porosity data. Table 1 lists the data
range for the log data and the core data (base case). The bulk
density ranged from 2.25 to 2.7 g/cm3, the neutron porosity ranged
from 0.042 to 0.23 fraction, the compressional time ranged from
49.85 to 81.12 ms/ft.

Fig. 3 shows the porosity determined from the log data directly
compared with the actual core porosity measured in the laboratory.
The AAPE of the porosity prediction from the log data was 14.7%
and this will lead to wrong estimation for the reserves and also for
the simulation because of the high uncertainty in the porosity
calculations. Porosity can be determined from the log data using
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the density-neutron crossplots, which is the technique used by oil
industry. Robust and accurate prediction of the porosity will help
get accurate estimation of the reserve estimation and for this
reasonwe used AI to extract an empirical model that can be used to
predict the reservoir porosity profile with high accuracy.

3. Building the AI models

Logs and core data for the base case were used to build the AI
models using ANN, ANFIS, and SVM. Seventy percent of the total
datawere used for the training of AI models (280 data points) while
the remaining data points (120 data points) were used for testing.

Fig. 1. Correlation coefficient of the core porosity with different log data.

Fig. 2. Log and core data for the base case.

Table 1
Data range for base case.

Compressional Time, msec/ft Neutron Porosity, fraction Bulk Density, g/cm3 Core Porosity, fraction

Minimum 49.86 0.042 2.25 0.03
Maximum 81.13 0.238 2.70 0.27
Average 66.11 0.150 2.45 0.15
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The data was randomly shuffled for training and testing.
The data goes into the AI models is normalized between �1 and

1 by using two points slope, Eqs. (5) and (6).

Y � Ymin

Ymax � Ymin
¼ X � Xmin

Xmax � Xmin
(5)

Y ¼ X � Xmin

Xmax � Xmin
ð2Þ � 1 (6)

where; Ymin¼�1, Ymax¼ 1, Y is the normalized value of input
parameter, Xmax is the maximumvalue of input variable, Xmin is the
minimum value of input variable, X is the input variable to be
normalized. For example, the minimum (Xmin) and maximum
(Xmax) value of the compressional wave travel time are 49.85 and
81.12 ms/ft respectively, so for the compressional time value of
60 ms/ft, the normalized density value will be �0.35.

Fig. 4 shows that the ANN model can be used to predict the
porosity based on the log data (compressional time, bulk density,
and neutron porosity) for the training data with a correlation co-
efficient (R) of 0.99 and the AAPE was 5.3%. The R was to 0.98 when
using ANFIS to predict the porosity and it decreased to 0.94 when
using SVM to predict the porosity based on the log data. In addition,
the AAPE increased from 5.3% to 6.8 and 13% when using ANFIS and
SVM to predict the porosity, respectively.

To evaluate the three models that were developed from ANN,
ANFIS, and SVM, 120 unseen data points were used. Fig. 5 shows
that the porosity prediction of the unseen data has a R of 0.99 and
the AAPE of 6.45% when using ANNmodel. ANFIS model yielded a R
of 0.98 and an AAPE of 6.7%when it was used to predict the porosity
based on the log data. While, SVM model gave a R of 0.96 and an
AAPE of 14.3% when it was used to estimate the porosity using the

log data (bulk density, neutron porosity, and compressional time).
Fig. 6 shows that ANN model has the highest R2 for the training

data (0.98) compared with ANFIS model (R2¼ 0.96), and SVM
model (R2¼ 0.88). The same results were obtained from testing the
unseen data (120 points) where ANN model yielded the highest R2

(0.97), ANFIS model gave R2 of 0.97 and SVM gave 0.93 R2 for
porosity prediction based on the log data.

ANN model yielded the highest R2, the lowest AAPE, and the
highest R2 for porosity prediction for the training (280 points) and
testing data (120 points). Based on these results, we decided to
select the ANN model for porosity prediction and increase the data
range for each parameter of the log data. In addition, ANN can be
used to develop a mathematical model to be used directly to esti-
mate the porosity based on the log data (bulk density, compres-
sional time, and neutron porosity).

3.1. Artificial intelligence architecture

In ANN, a back propagation neural network algorithm was
implemented to model porosity. The ANN model consists of three
input parameters, which are compressional wave travel time,
neutron porosity and bulk density, one hidden layer and one output
parameter. The neurons in the hidden layer were 15. Tan-sigmoidal
type activation function was used as a transfer function between
input and hidden layer and linear type activation functions was
used between hidden and output layer. Table 2 list the main pa-
rameters for ANN architecture.

In ANFIS, subtractive clustering technique was used to model
porosity. The ANFIS porosity model consists of three input param-
eters, which are compressional wave travel time, neutron porosity
and bulk density and one output parameter. Cluster radius of the
model was varied between 0.1 and 0.95 with the increment of 0.01

Fig. 3. Comparison of core porosity and the porosity that was determined from logging.
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in each run to arrive at the optimum cluster radius, which was
found to be 0.5. Table 2 list the main parameters for ANFIS
architecture.

In SVM, Gaussian kernel was used to model porosity. The SVM
porosity model consists of three input parameters, which are
compressional wave travel time, neutron porosity and bulk density
and one output parameter. The kernel option value used was 3.5,
regularization parameter was used of value 500 and error tolerance
was set to 1� 10-6. Multiple realizations were performed in each
technique to avoid them to stuck at local minima.

4. Development of the mathematical model for porosity
prediction

To enhance the quality of the ANN model, 1000 data points of
core porosity and log data such as bulk density, neutron density,
and compressional time were used. Fig. 7 shows the data range of
the core and log data. The compressional time ranged from 46.77 to
87.31 ms/ft, the bulk density ranged from 2.19 to 2.90 g/cm3, the
neutron porosity ranged from 0.008 to 0.28 fraction, and the core
porosity ranged from 0.017 to 0.295 fraction.

Fig. 4. Porosity prediction for the training data using ANN, ANFIS, and SVM.

Fig. 5. Porosity prediction for the testing data (120 points) ANN, ANFIS, and SVM.
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Fig. 8 shows that the ANN model can be used to predict the
porosity of 700 data points (training) using the log data with a R of
0.98 and an AAPE of 6.5%. The cross plot of the actual core porosity

with the estimated porosity shows that the R2 was 0.97, Fig. 8.
Using the obtained results, the empirical equationwas extracted

from the weights and biases of ANN model that are required to
determine the porosity in normalized form (Z), Eq. (7). The de-
normalized value of the porosity can be obtained using Eq. (8).

Z ¼
2
4XN

i¼1

w2i tansig

0
@XJ

j¼1

w1i;jxj þ b1i

1
A
3
5þ b2 (7)

f ¼ 0:152155�Z� 0:14865 (8)

where; J is the number of input parameters (compressional wave
travel time, neutron porosity, and bulk density); w1 is the weights
between input and hidden layer; w2 is weights between hidden
and output layer; b1 is biases of the hidden layer, and b2 is bias of
the output layer, N is the hidden layer number of neurons, x is
normalized input parameters namely. Table 3 lists the input pa-
rameters for Eq. (7).

For example, the porosity is predicted using inputs; compres-
sional wave travel time, neutron porosity, and bulk density, the
value of w1 will be taken at j¼ 1 for compressional wave travel
time, at j¼ 2 for neutron porosity, and at j¼ 3 for bulk density. For
example, the term

PJ
j¼1w1i;jxj for Z from Table 3 can be calculated

as follows;
PJ

j¼1w1i;jxj ¼ w1;1x1 þ w1;2x2 þ w1;3x3; where the

Fig. 6. ANN model has the highest R2 for porosity prediction for training and testing data.

Table 2
Artificial intelligence Architecture.

Neural Network Parameters Ranges

Number of Inputs 3
Number of Outputs 1
Number of Neurons 15
Number of Hidden Layer(s) 1
Training Algorithm Lavenberg Marquadt
Learning rate 0.12
Hidden Layer transfer function Tan-sigmoidal
Outer layer transfer function pure linear
Training Ratio 0.7
Testing Ratio 0.15
Validation Ratio 0.15

ANFIS Parameters Ranges

Number of Inputs 3
Number of Outputs 1
Number of Neurons 20
Cluster Radius 0.4
Training Ratio 0.7
Testing Ratio 0.15
Validation Ratio 0.15
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Fig. 7. Log and core data that was used to develop the mathematical model.

Fig. 8. Prediction of porosity using ANN model for training of 700 data points.
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values of w1,1, w1,2, and w1,3 are �1.6834, 0.46841, and 3.66589
respectively. This will be repeated for all 15 rows given in the
matrix. The input log parameters are represented by x, i.e.,
x1¼ compressional time, x2¼ neutron porosity, and x3¼ bulk
density.

4.1. Validation of the developed mathematical model

The developed equation was validated using new 300 data
points which contained the core porosity and the log data. Fig. 9
shows that the developed empirical equation was able to predict
the porosity with a R of 0.98 and an AAPE of 7%. The R2 between the
estimated porosity using the developed mathematical equation
and the actual core porosity was 0.96, Fig. 9.

For further validation of the developed mathematical mode,

well A data (311 data points) which contains the core porosity and
log data such as compressional time, neutron porosity, and bulk
density were used, Fig. 10. Well A has a reservoir thickness of 232 ft
which was represented by zero true vertical depth for the top of the
reservoir and 232 ft for the end of the reservoir in Fig. 10.

The developed mathematical model was used to estimate the
porosity of well A. Fig. 11 shows that the R was 0.98 and the AAPE
was 7.8% when using the developed equation to predict the
porosity and compared with the actual core data. The R2 of the
predicted porosity with the actual core porosity was 0.96, Fig. 11.

Based on these results, we can be concluded that the mathe-
matical equation can be used to estimate the porosity of the car-
bonate reservoir based on compressional time, neutron porosity,
and bulk density with a high R (0.98) and lower AAPE (less than 8%).

Table 3
Coefficients for normalized porosity (Z) Eq. (7).

Input Layer Weight Matrix Input Layer Bias Vector Hidden Layer Weight Vector Output Layer Bias Vector

W1j
j¼ 1 j¼ 2 j¼ 3

b1 W2 b2

�1.6834 0.468461 3.665894 �0.53075 2.07542 0.299618
2.228526 0.843447 1.51706 �1.04083 �3.47253
�1.77383 �1.18489 2.445074 �0.75085 3.094076
2.668305 �2.04877 2.739013 �1.02574 �1.27557
�1.42373 �1.97715 �3.13684 �1.69534 �1.13001
2.703627 �1.77982 2.119944 0.783894 �1.40901
�1.94438 0.958719 �1.44217 2.233798 �0.45541
�3.55746 1.082022 �0.3535 �1.09522 �1.12932
�2.93978 �1.47115 �2.45829 �0.86617 0.117854
�1.66606 �2.68916 �2.14757 1.742329 �0.22057
0.827298 3.700375 �1.74612 0.412275 1.618744
�0.07941 3.801223 1.019164 �1.17063 1.899511
0.937694 0.997461 3.431454 0.385987 2.178923
�2.08778 �2.29242 �1.07277 1.078283 �3.64395
�2.61808 0.652845 1.205328 �0.20222 �3.74397

Fig. 9. Porosity estimation using the developed mathematical equation.
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5. Conclusions

Three different AI techniques were evaluated to predict the
reservoir porosity from the well logs such as bulk density, neutron
porosity and compressional time. More than 1700 real field mea-
surements were used for training and testing the AI models. The
following conclusions can be inferred from the achieved results:

(1) Bulk density, neutron porosity, and compressional time are
the main inputs required to predict the reservoir porosity
using AI techniques.

(2) For the tested data ANN model was the best AI model to
predict the reservoir porosity with a R2 of 0.98 and an AAPE
less than 8%.

(3) The developed mathematical correlation based on the
weights and bias of ANN model yielded the same results of
porosity estimation as ANN model.
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