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1. Introduction

The concept of soft computing was fi rst 
put forward by a paper named “Possibility 
theory and soft data analysis” [1]. While 
hard computing needs a precisely defi ned 
analytical model, soft computing is tolerant 
of uncertainty, imprecision, approximation 
and partial truth. This is a method designed 
to model and solve real world problems, 
which cannot be modelled mathematically. 
The concept of soft computing was 
designed based on the concept of human 
brain functioning. 

Soft computing consists of few principal 
components as listed below [2]:

- Fuzzy logic;  

- Evolutionary computation; 

- Neural computing; 

- Probabilistic reasoning.

ANN has been developed to simulate 
the neural structure and activity of the 
human brain. Deep learning (DL) is a 
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complex version of artifi cial neural networks. It is now widely used in 
image recognition, voice processing and language translation.

Artifi cial neural networks are used to build a connection between 
input and output data that helps predict the outputs of a set of new 
inputs (Figure 1). 

Application of deep learning in petrophysics is still in its infancy 
stage. Classic neural networks commonly use one hidden layer, whereas 
deep learning uses multiple hidden layers. The use of multiple hidden 
layers can cause a phenomenon called vanishing gradient problem. 
Deep learning network is obtained by eliminating this problem. 
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Figure 1. Architecture of an ANN
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Conventional methods to estimate the primary 
(or intergranular) porosity of clastic reservoirs are not 
helpful to estimate the fracture porosity. Therefore, 
petrophysicists keep trying to fi nd new techniques for 
fracture porosity estimation.

Kohli and Arora [3] did a research on application of 
artifi cial neural networks for well log analysis. They used 
data from three wells including gamma ray (GR), resistivity 
(RES), density (RHOB), neutron porosity logs (NPHI) as the 
input data and the core permeability as the target data for 
the ANN analysis. Kohli and Arora also concluded that ANN 
could be relied upon for determination of characteristics 
even in areas where cores are not available. The estimation 
was completely data-driven and did not require any prior 
assumption. More than that the method was cost eff ective 
since it did not require labourious core analysis. 

Korjani et al. [4] carried out a research on a new 
approach of reservoir characterisation using deep 
learning neural networks for Kern River fi eld located in 
San Joaquin valley, California. The fi eld consists of nine 
production formations. The study was carried out using 
data from 473 wells. Well log data such as deep resistivity, 
medium resistivity, and neutron porosity were used as 
input parameters. The authors came to conclude that 
deep learning is an eff ective method for characterisation 
of a reservoir with large volumes of data.

Guler et al. [5] carried out a study on predicting 
relative permeability of a hydrocarbon reservoir using an 
artifi cial neural network. First, they found what should be 
the key input data, i.e., common fl uid and rock properties 
were selected as the input data set. In addition, when 
selecting these data, they focused on parameters that 
could be measured in laboratories and/or easily obtained 
from literature. Based on the results of their study, the 
authors concluded that with the increase in the number 
of property-based input parameters, the effi  ciency of the 
ANN model was enhanced.

In the last decade, researchers from the Asian Institute 
of Technology (AIT) had conducted a number of studies 
on application of soft computing in well log analysis 
using fuzzy logic and neural computing [6]. For example, 
Witthayapradit [7] carried out a research on an integrated 
petrophysical study using well logging data for enhancing 
a gas fi eld in the Gulf of Thailand. He originally used gamma 
ray (GR), deep resistivity (LLD), density (RHOB), neutron 
porosity (NPHI) and sonic log (DT) as the input parameters 
to predict porosity and permeability. Target values were 

obtained from core analysis data. Optimal porosity 
prediction was given by an ANN model with one hidden 
layer having 15 neurons. Optimal permeability prediction 
was found by an ANN model having one hidden layer with 
9 neurons. Nakapraves [8] carried out a research, using two 
ANN models to predict reservoir porosity for a clastic oil 
fi eld in the northern Pattani basin, Gulf of Thailand. In the 
fi rst model, GR, LLD, RHOB, NPHI and DT logs were used as 
input data. In the second model, the seismic attributes such 
as dip, azimuth, instantaneous phase and relative acoustic 
impedance were used as input parameters. Core porosity 
was used as the target values in both models. It was found 
that the ANN model trained using seismic attributes gave 
far better results than the model trained using well log 
data. Foongthoncharoen [9] did a research on prediction of 
permeability and water saturation using neuron networks 
and fuzzy logic for a clastic reservoir in the Gulf of Thailand. 
Permeability and water saturation were predicted for two 
wells. Well log data of gamma ray, deep resistivity, medium 
resistivity, density and neutron porosity were used as 
input parameters. Core permeability and water saturation 
calculated by using Indonesian model were used as target 
values. Between the two models of ANN and fuzzy logic, 
the latter one gave better results. Sakulluangaram [10] did 
a research on petrophysical modelling for the Miocene 
Sand in the South Fang basin, northern Thailand, where 
he predicted porosity distribution of a well (well A) using 
the data from a nearby well (well B). GR, RHOB, NPHI and 
DT logs were used as the input parameters. Porosity values 
predicted were similar to the porosity obtained from well 
logs. Thanh [11] did an ANN prediction of porosity using 
the integrated well log and seismic attribute data including 
refl ection amplitude, instantaneous amplitude, its 1st and 
2nd derivative, as well as instantaneous phase, frequency, 
dominant frequency and refl ectivity as the input for 
an ANN model. The fi nal porosity output determined 
using a Bayesian Regulation training algorithm gave the 
best match with the highest R-value of 0.86. Kano [12] 
predicted porosity for a fractured basement reservoir 
with well log data from two wells using a conventional 
method proposed by Elkewidy and Tiab [13] and fi ve soft 
computing techniques, including ANN, Fuzzy Inference 
System with Mamdani’s style, Fuzzy Inference System with 
Sugeno’s style, Fuzzy Subtractive Clustering and Adaptive 
Neuro-Fuzzy Inference System (ANFIS). These Artifi cial 
Neural Networks gave the best prediction. Duangngern 
[14] did a fuzzy analysis to predict the eff ective porosity of 
a clastic reservoir in the Pattani basin, Thailand. He applied 
various Fuzzy logic techniques, using well logging and 
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core data of two wells. Among three fuzzy techniques 
used, the fuzzy subtractive clustering was found the best 
for prediction of eff ective porosity with low value of root 
mean square error, high value of R2 and R-value. Wang 
[15] carried out a research on ANN-based prediction of 
fractured rock mass hydraulic conductivity for the Frieda 
River copper-gold mine in Papua New Guinea. In this 
study, the backpropagation neural network (BPNN) was 
trained to successfully map the relationship between 
indicative rock parameters and hydraulic conductivity 
using a variety of rock data sets collected in the site 
investigation of a feasibility study for the study mine. Input 
data were selected for ANN analysis included lithology, 
weathering, fracturing, unconfi ned compressive strength 
(UCS), defect angle and rock quality designation (RQD). 
Diff erent numbers of input parameters (4, 5 and 6) were 
used to build the ANN model. Wang [15] also investigated 
the eff ect of various transfer functions on the ANN model 
by using log-sigmoid, tan-sigmoid and purelin.

2. Vanishing gradient problem of multiple deep 
learning neural network analysis

Deep learning is a machine learning algorithm which 
could learn complex functions. The learning process of 
deep learning algorithm fi lters important information 
from raw data in a systematic way. 

Deep learning architecture consists of multiple 
hidden layers comparing to shallow neural networks 
that used to have one hidden layer. With multiple hidden 
layers, a problem called vanishing gradient occurs during 
back propagation, thus any deep learning network should 
be able to overcome this problem.

Deep learning networks, like other ANN’s, have a 
predicted and an expected (target) value. The intention 
of learning is to make the diff erence between the target 
and the expected values as small as possible (which 
we assign as the goal). To understand how vanishing 
gradient occurs, a simple deep neural network to predict 
a cost function with single neuron in each hidden layer is 
considered as shown in Figure 2, where x is the input, W1, 
W2, W3, and W4 are the weights, b1, b2, b3, and b4 are the 
biases, and J is the cost function of the network.

In Figure 3, J represents the cost function, which 
is a function of the diff erence between predicted and 
expected values. Artifi cial neural networks usually make 
use of the following sigmoid function as the activation 
function or transfer function:

Where:

S(n): The sigmoid function

n is variable 

One of the reasons for popular use of the sigmoid 
function is that its derivative can be easily calculated by 
the very value of sigmoid function as follows: 

Where:

S' (n): The derivative of sigmoid function

Vanishing gradient problem

X
W1

W2
W3 W4b1 b2 b3 b4 J

Figure 2. Simple multi-layer ANN model after introducing the cost function

Figure 3. Graphical representation of sigmoid function [12] 
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Figure 5. Graphical representation of the derivative of sigmoid function [12]
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The derivative of sigmoidal function is plotted in 
Figure 5 which shows it lies between 0 and 0.25. 

By the chain rule, the derivative of the error (J) with 
respect to the fi rst weight (W1), can be written as:

Where:

aout: Output of the ANN network;

a1: Output from the fi rst hidden layer;

a2: Output from the second hidden layer;

a3: Output from the third hidden layer;

W1: Weights of the input layer;

W2: Weights of the fi rst hidden layer;

W3: Weights of the second hidden layer; 

W4: Weights of the third hidden layer;

x: Inputs of the ANN;

S: Sigmoid function.

Considering the following derivative components in 
Equation 3a

In Figure 2, by denoting the inputs to the 4th, 3rd, 2nd 
hidden layers as z4, z3, z2 respectively, one can write the 
following relationships:

 

Where:

S: Sigmoid function;

z2: Input to the second hidden layer;

z3: Input to the third hidden layer;

z4: Input to the output layer.

The maximum value that the derivative of the 
sigmoid function can take is 0.25 (and the minimum is 0). 
The weights are selected based on Gaussian distribution, 
thus the value of weights always lies between -1 and 1.

When the values of each derivative are multiplied 
by each other, the resultant will give a small value less 
than 1. Imagine if the number of hidden layers increased, 
becoming deeper and deeper, the number of derivative 
terms will increase as well as the number of terms to be 
multiplied (Equations 5a-c), making the resulting value of  

 smaller and smaller. This shows how early layers 

learn slower with the increase of the number of hidden 
layers. A similar approach can be implemented to show 
that latter layers learn faster by obtaining the derivation of 
cost function with respect to W3.

Vanishing gradient occurs because of using the 
sigmoid function. To overcome the problem, an 
alternative activation function known as rectifi ed linear 
unit (ReLU) was introduced in deep learning.

3. Methodology of this study

The well log data were collected from a well drilled 
into a fractured granite basement (FGB) reservoir in an oil 
fi eld of Cuu Long basin for a depth range from 2,525m to 
3,015m including gamma ray (GR), deep resistivity (LLD), 
shallow resistivity (LLS), interval transit time (DT), bulk 
density (RHOB), neutron porosity (NPHI), photoelectric 
factor (PEF), and caliper (CAL). Figure 6 shows the general 
workfl ow of this study.

The total and fracture porosity for the target data set 
was calculated using the approach suggested by Elkewidy 
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and Tiab [13] as shown in Equations 6a and 6b below. Matrix 
density was assumed as 2.71g/cc since formation density and 
porosity were measured in limestone scale. 

Where:

Øt: Total porosity (fraction);

NPHI : Neutron porosity (fraction);

PHID: Porosity calculated from bulk density (fraction);

RHOB: Bulk density of formation (g/cc);

ρma: Matrix density, assumed to be 2.71g/cc (since 
measured in limestone scale);

ρf: Fluid density, assumed to be 1g/cc (water).

An equation to calculate fracture porosity of a fractured 
reservoir can be derived by using the following steps: 

 

Well log data collec�on 
(GR, LLD, LLS, RHOB, DT, 
NPHI, PEF, CAL) 

Results comparision 

Single hidden layer model 
with 5 input parameters and 
150 training examples 
having log-sigmoid as the 
transfer func�on 

Using different combina�ons 
of input parameters on the 
single layer model to find the 
best input 

Mul�ple hidden layer model 
with 5, 6, 7, 8 input 
parameters with 150 training 
examples having log-sigmoid 
as the transfer func�on 

Deep learning model with 5 
input parameters and 150 
training examples having 
rec�fied linear unit (ReLU) 
as the transfer func�on 

Single hidden layer, 
mul�ple hidden layer and 
deep learning models for 
500, 1000, 2000 and 3000 
training examples 

Figure 6. Flow chart of the study’s methodology

The formation factor (F):   

and fracture intensity index (FII): 

By rearranging Equation 7b, the matrix porosity is:

 

As fracture porosity (şf) is:   

by replacing şm in 7d with 7c, one has:

    

For a double porosity fractured reservoir with 
100% formation fl uid saturation one can write:

    

Where Rma is the resistivity of 100% fl uid 
saturated matrix and Ro is the resistivity of the total 
system (matrix voids + fracture voids) being 100% 
fl uid saturated.

Rearranging Equation 7f and combining with 
Equation 7a one gets:

   

Assuming a = 1 and with further rearranging 
Equation 7h one has:

     

In case, one can neglect water resistivity (Rw) in 
Equation 7i since Rma >> Rw, the porosity partitioning 
coeffi  cient can be expressed as:

By replacing 7j with 7b one has:

Further replacing Equation 7k with 7c and 7e one 
gets: 

Hence the target (fracture porosity) will be:

(6a)

(6b)

F R a�
R�

��

   

    

   

   

        

(7a)

(7b)

(7c)

(7d)

(7e)

(7f )

(7g)

(7h)

(7i)

(7j)

(7k)

(7l)

(7m)



19PETROVIETNAM - JOURNAL VOL 10/2017

PETROVIETNAM

Where:

Øf: Fracture porosity (fraction);

Øma: Matrix porosity (fraction);

m: Cementation exponent.

Partitioning coeffi  cient (ν), matrix 
porosity (Øma), and fracture porosity (Øf) 
are calculated by Equations 7j, 7l and 7m, 
respectively [13]:

Data from the depth interval of 2,515 
- 3,015m were selected and analysed for 
each 0.125m interval. Three conducted 
analyses are summarised in Table 1 and 
named as I, II and III. In analysis I, only 
fi ve inputs out of the eight well log 
parameters were investigated. A total of 
16 combinations, denoted as MI1 to 16 
(Table 1), will be done to fi nd out the best 
combination of 5.

Based on the criteria proposed by 
Guller et al. [5], the combination of fi ve 
selected input parameters having the 
least prediction error at 150 training 
examples will be further tested for 
training examples of 500; 1,000; 2,000 
and 3,000, respectively. In analysis II, with 
multiple hidden layer ANN model, the 
fi rst issue to be studied is what would 
happen if one uses more than 5 input 
parameters, for example 6, 7 and 8 input 
parameters. After that, the eff ect of the 
number of training examples will be also 
investigated. In analysis III, a deep learning 
model will be developed from the best 
multiple hidden layer model found in 
Analysis II by replacing the sigmoidal 
transfer functions with the rectifi ed 
linear units (RELU). The deep learning 
(DL) models will also be investigated for 
various number of hidden layers as well 
as number of training examples, i.e., 50; 
500; 1,000; 2,000 and 3,000.

The fracture porosity values predicted 
by all of the ANN and DL models in 
analyses I, II and III will be plotted and 
compared between them as well with the 
fracture porosity values calculated by the 

method proposed by Elkewidy and Tiab [13] as explained above in detail 
(Equation 7f).

4. Results and discussion

 In Analysis I, ANN models with a single hidden layer were analysed. 
Firstly, 16 models numbered from MI1 to MI16 (Table 1) were tested with 
150 training examples to fi nd out the best combination of fi ve input 
parameters out of 8 well log data used (GR, LLD, LLS, DT, RHOB, NPHI, PEF 
and CAL). It was found that the model with the basic 5-input sets (GR, LLD, 
RHOB, NPHI and DT), 12 neurons of the hidden layer and running for 150 
training examples (Figure 7) gave the best prediction of fracture porosity 
with the least prediction error (Table 2). Four more models in Analysis 
I, numbered from MI17 to 20 (Table 1), were tested with the number 
of training examples increased from 150 to 500; 1,000; 2,000 and 3,000 
respectively, and with diff erent number of neurons in the hidden layer. 
However, prediction of fracture porosity did not improve (Figure 7).

In Analysis II, various multiple hidden layer ANN models (Table 1) 
were tested to see if the prediction of fracture porosity would increase 
with the increasing number of hidden layers using the basic set of fi ve 

Figure 7. Fracture porosity calculated by single hidden layer ANN models, Analysis I, with 150; 500; 1,000; 2,000 

and 3,000 training examples as seen from left to right

Figure 8. Fracture porosity calculated by multiple hidden layer ANN models, Analysis II, with 150; 500; 1,000; 

2,000 and 3,000 training examples as seen from left to right
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input parameters as found in Analysis I. It was found that model MII1 
with 4 hidden layers and 12 neurons per layer gave the least prediction 
error of 16.46% after 150 training examples. When the number of training 
examples increased from 150 to 500; 1,000; 2,000 and 3,000 respectively, 
the prediction of fracture porosity was not improved either (Figure 8). 

Analysis
No.  

Model 
No. 

Model 
Code 

 Input Parameters Number of training 
examples Transfer function 

Remarks Single 
hidden 

layer 
(ANN) 

Multiple 
hidden 

layer 
(ANN) 

Deep 
learning 
(DLNN) 

Basic 
five 

inputs 

Modifi
ed 

five 
inputs 

Increased 
number 
of inputs 

150 500 1,000 2,000 3,000
 

Log-
sigmoid 

Rectified 
Linear 
Unit 

6 7 8   

I 

1 MI1 V   V     V   V  

Five basic inputs 
GR, LLD, RHOB, 

NPHI, DT 

2-6 MI2-
MI6 V    V    V   V  

Each parameter 
replaced by a CAL 

7-11 MI7-
MI11 V    V    V   V  

Each parameter 
replaced by a LLS 

12-16 MI12-
MI16 V    V    V    V  

Each parameter 
replaced by a PEF 

17 MI17 V V V  V 
18 MI18 V V V  V 
19 MI19 V V V  V 
20 MI20 V V V  V  

II 

21 MII1 V V    V 

22-24 MII2-
MII4  V    V   V   V  

CAL, LLS, and PEF
added to basic 5-

inputs 

25-27 MII5-
MII7  V     V  V   V  

CAL and LLS, CAL
and PEF and LLS 

and CAL added to
basic 5-inputs 

28 MII8  V      V V   V  
All 8 parameters 

used 
29 MII9 V V    V Five basic inputs 
30 MII10 V V  V Five basic inputs 
31 MII11 V V   V Five basic inputs 
32 MII12 V V  V Five basic inputs 

III 

33 MIII1 V V  V Five basic inputs 
34 MIII2 V V  V Five basic inputs 
35 MIII3 V V V Five basic inputs 
36 MIII4 V V  V Five basic inputs 
37 MIII5 V V V Five basic inputs 

Five basic inputs 
Five basic inputs 
Five basic inputs 
Five basic inputs 
Five basic inputs 

Type of Neural 
Networks (NN)

Figure 9. Fracture porosity calculated by deep learning models, Analysis III, with 150; 500; 1,000; 2,000 and 3,000 

training examples

Table 1. Summary of ANN and deep learning models in this study

In Analysis III, deep learning models 
were developed using the ReLU transfer 
function and tested. A total of fi ve models 
numbered from MIII1 - MIII5 as seen in 
Table 1 were run with the basic set of 
fi ve input parameters (GR, LLD, RHOB, 
NPHI and DT) and with training examples 
of 150; 500; 1,000; 2,000 and 3,000. The 
MIII5 model was found as the best with 
5 hidden layers and 14 neurons per layer 
for the case of 3,000 training examples. 

The deep learning predicted fracture 
porosity in the range from 0 - 0.082, 
which matched with those calculated by 
the conventional method by Elkewidy 
and Tiab [13].

5. Some concluding remarks

In this study, a three-step approach 
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was successfully conducted to develop deep learning 
models to predict the fracture porosity of a fractured 
granite basement (FGB) reservoir in the Cuu Long basin 
for the depth interval from 2,515m to 3,015m. The facture 
porosity was found in a range from 0.0 to 0.084, which 
is matching quite well with the values calculated using 
the conventional method by Elkewidy and Tiab [13]. The 
results of this study showed that for the large volumes 
of well data (number of training examples) the more 
traditional ANN models with a single hidden layer could 
not work well, but the DL model could. Thus, to apply 
more eff ectively the neural network analyses in analysis of 
well log data at the industrial scale, one may try to employ 
the DL models with multiple hidden neuron layers and 
ReLU transfer function instead of one-hidden layer ANN 
models.

No. 
Training 

examples 

Model 
No. 

Model 
code 

Number of hidden layers Neurons 
in the 

hidden 
layer 

3 4 5 6 7 8 9 10 11 12 13 14 15 

150 1 MI1 13 36 17 20 20 21 19 21 17 10 32 20 20 12 

500 17 MI17 1,284 1,305 817 1,665 1,345 2,504 2,326 2,301 2,123 1,568 1,996 4,168 1,973 5 

1,000 18 MI18 1,152 799 879 702 932 876 635 1,088 870 738 2,914 909 1,713 9 

2,000 19 MI19 1,302 20,642 1,284 5,767 7,078 5,782 5,622 5,203 3,240 22,832 3,972 4,025 16,131 5 

3,000 20 MI20 1,050 2,173 694 712 3,360 1,576 1,476 2,186 9,003 6,397 1,655 818 4,537 14 

Table 2. Average prediction error for diff erent number of neurons in single hidden layer ANN models, Analysis I, with 150; 500; 1,000; 2,000 and 3,000 training examples

No. 
Training 

examples 

Model 
No. 

Model 
code 

Number of hidden layers 
Hidden 
layers 

Neurons 
in the 

hidden 
layer 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

150 21 MII1 19 22 16 34 22 31 18 47 29 38 23 33 40 23 48 31 44 70 66 4 12 
500 29 MII9 1,503 3,355 2,313 1,882 1,499 1,222 452 994 3,123 2,842 2,079 8,410 595 1,927 475 1,106 1,752 450 1,236 19 5 

1,000 30 MII10 1,045 948 477 841 735 559 566 605 493 267 545 480 556 534 513 380 627 1,012 356 11 9 
2,000 31 MII11 1,045 4,016 462 961 46,535 5,058 3,127 803 4,983 2,427 3,512 606 1,683 2,691 2,307 1,530 4,548 3,558 833 4 5 
3,000 32 MII12 3,804 882 405 387 2,717 2,197 1,503 1,223 429 1,304 1,691 290 417 1,244 762 700 573 1,280 1,315 5 14 

Table 3.  Average prediction error for diff erent number of neurons in multiple hidden layer ANN models, Analysis II, with 150; 500; 1,000; 2,000 and 3,000 training examples

Model 
code 

Training 
examples 

Number of 
neurons per 
hidden layer 

Number of 
hidden 
layers 

MIII1 150 12 4 

MIII2 500 5 19 

MIII3 1,000 9 11 

MIII4 2,000 5 4 

MIII5 3,000 14 5 

Table 4. Average prediction error for diff erent number of neurons in deep learning model 

with 150; 500; 1,000; 2,000 and 3,000 training examples
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