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a b s t r a c t

Permeability is the key variable for reservoir characterization used for estimating the flow patterns and
volume of hydrocarbons. Modern computer advancement has highlighted the use of machine learning
approaches such as group method of data handling (GMDH) in predicting permeability. However, the
widely employed GMDH has intrinsic problems in its application. Therefore, the objective of this study is
to present an enhanced GMDH based modified Levenberg-Marquardt (LM) as an improved alternative to
conventional GMDH in predicting permeability from well logs. The study used natural gamma-ray,
standard resolution formation density, limited effective porosity, shale volume of rock, and thermal
neutron porosity well logs as input variables. Results show that an enhanced method has a reasonable
reduction in processing time with high accuracy. Compared to conventional GMDH and backpropagation
neural networks (BPNN), the GMDH-LM used 30% less computation time and performed excellently
during training with the least error values of 0.092 and 0.018 for RMSE and MAE. Likewise, good results
were observed during testing, obtaining the least error values of 0.679 and 0.056 for RMSE and MAE
respectively. The modified generalization performance of GMDH-LM makes it an improved form of
GMDH and can be adopted as an improved alternative in predicting permeability.

© 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Oil and gas are major and valuable commodities in the energy
industry which plays an influential role in the global economy as
the world's primary source of fuel [1e4]. To guarantee reliable, and
fairly priced supplies, oil and gas producers necessitate cheap
exploration and production techniques. Permeability plays a sig-
nificant part in understanding reservoir characteristics, in order to
estimate oil and gas reserves available [5,6]. Reservoir permeability
is a rock physics parameter that characterizes the difficulty of fluid
flowing within the rock, from the reservoir evaluation to the
exploration stage and field development. Understanding rock
cs and Petroleum Resources,
s, Wuhan, 430074, China.
permeability has been among the most essential challenges for
petroleum engineers and researchers during the estimation and
production of oil/gas [7e10]. Correct prediction of permeability can
therefore lead experts to plan and handle more effectively hydro-
carbon reserves and their production. Permeability is generally
assessed from laboratory rock cores or effectively assessed from
well-tested information [11e13]. It could also be estimated indi-
rectly using the data provided by the petrophysical well logs.
Despite the existence of diverse parameters such as heterogeneity
of reservoirs in several areas, such a precise permeability analysis is
necessary, as it is impossible to core some reservoirs [14,15].

The advances of computer technology effectively take into
consideration of increasingly regular use of Artificial Intelligence
(AI) procedures in everyday geoscience work processes. The utili-
zation of AI keeps on developing in popular inside petroleum
geosciences in perspective on regularly developing intricacy and
extent of accessible subsurface information data. The successful
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application of artificial intelligence (AI) in hydrocarbon exploration
and production in recent years has seen the adoption of machine
learning models in predicting permeability from well log data
[16,17]. The advantage of machine learningmodels is their ability to
learn and adapt to the dynamics of reservoir conditions such as
formation and depositional environment while making use of the
entire suite of well logs for a better permeability prediction. Arti-
ficial neural network (ANN) has been the predominantly used
machine learning method to predict reservoir permeability in
studies such as [18e20]. This is because, unlike many other statis-
tical techniques, ANN does not place any constraints on input var-
iables because of its potential ability to model and learn complex
and non-linear input-output relationships [21e23]. On the contrary
normal ANNmodels has several disadvantages such as convergence
to the minima of the loss function, being prone to overfitting, and
computationally intensive procedure that requires much compu-
tational time [24e27].

Several researchers have proposed new concepts and improved
machine learning algorithms as an alternative to the standard ANN
[28e31]. To tackle several drawbacks faced by standard ANN, the
group method of data handling (GMDH) approach gives the ability
to identify data interrelations, choose an appropriate model or
network configuration, and improve the accuracy of existing
methods. In complex system modeling, the GMDH was designed to
predict, approximate, and identify multivariate system processes
[32e34]. The GMDH algorithms are defined by Madala and Ivakh-
nenko [35] as in each layer, the collection of neurons is connected
by a quadratic polynomial that in the next layer generates new
neurons. More precisely, the method of conventional GMDH helps
to overcome the modeling challenge of the single output of multi-
input data [36e38]. Menad et al. [39], clarified that conventional
GMDH can also be interpreted to describe nonlinear input-output
variable relationships as an algorithm modeling method. GMDH
has been applied in many applications of oil and gas engineering.
Table 1 shows a summary of some applications of GMDH in the field
of oil and gas (see Table 2).

Although conventional GMDH provides a systematic prediction
and system modeling, there are still several constraints in its
application such as difficulties in finding the optimal partition of
data sets and untimely removal of effective parameters which
causes minor variations of the model precision [46]. The tendency
of producing too complicated network model when dealing with
high nonlinear problems due to its two-variable constrained
quadratic polynomial (generic architecture). Neurons-weights be-
ing determined by a quadratic polynomial is another challenge of
conventional GMDH [47,48]. In this case, someone requires to solve
the inverse problem during the estimation of coefficients and when
calculating the parameter change rate. Therefore, incorrect selec-
tion of the variables can, however, lead to an unfit divergence or a
case of convergence. Also training conventional GMDH depends on
Table 1
Applications of GMDH in oil and gas field.

Reference(s) Application Notes

[33] Reservoir Permeability prediction GMDH neural network w
[40] Prediction of hydrate formation temperature Hybrid GMDH was used

mixtures including swee
[41] Prediction of time series oilfield production. Modified GMDH used to
[42] Prediction of airflow A novel integrated GMD

parameters.
[43] Methane adsorption capacity modeling and

prediction in shale gas
The GMDH was utilized
methane adsorption.

[44] Prediction of formation permeability GMDHwas used to estim
petrophysical properties

[45] Stand Pipe Pressure (SPP) prediction The extended GMDHwa
from drilling parameter
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the user's initial assumption which is usually uncertain. As a result,
to obtain the global optimum, the user must run numerous trials
with several initial assumptions [49].

The present study enhances the applicability of the group
method of data handling (GMDH) neural network by using the
modified Levenberg Marquardt algorithm (LM) making it an
improved GMDH neural network in predicting permeability from
well logs data. The modified LM is a hybrid and self-adaptive
approach for solving nonlinear least square curve fitting optimi-
zation that increases the accuracy of GMDH algorithms by
computing its coefficients which ensures fast convergence [50,51].
The GMDH-LM has the ability of self-organizing nature to auto-
matically tune the selected well logs and generate the optimal
model structure during training whilst utilizing less computational
time. With the least propagation delay, GMDH-LM generates a
network and doesn't require background knowledge about the
configuration of the final network. The proposed GMDH-LM
permeability models' execution is based on network structure as
the model coefficients are easily computed on every alteration of a
polynomial function of relevant input well logs. To further assess
the effectiveness of the GMDH-LM permeability model the result
findings were then compared with those obtained by conventional
GMDH and ANN of the backpropagation neural network (BPNN).
Finally, a variable significance analysis was performed to quantify
the impact of each well log parameter on the proposed GMDH-LM
model.

2. Data and methods

2.1. Data description

East Africa is vastly growing as a major hub for oil and gas
exploration and development. There have been oil finds in Uganda,
South Sudan, Tanzania, Kenya, and Mozambique. East Africa is
immensely laid in the East African Rift System (EARS) which is an
active continental rift zone extending over thousands of kilometers
[52,53]. Two main branches of the Eastern Rift Valley are the
Western Rift Valley which covers the Albertine Rift stretches
farther south to the LakeMalawi gorge, which is situated southwest
of Tanzania, and the Eastern Rift Valley, which contains the Main
Ethiopian Rift which runs eastward from the Afar Triple Junction,
continues south as the Kenyan Rift Valley, also known as the
Gregory Rift [54,55].

The Mpyo oil field is found NNE-SSW trending structure iden-
tified within the Murchison Falls National Park. the field site is
located in the northern chunk of Albertine Graben, along the
Eastern GrabenTrend, and extends to the north-eastern of the basin
margin from the Victoria Nile area [33]. Structurally Mpyo is cir-
cumscribed by NE-SW and NeS trending major rift faults dipping
East with the strata gently dipping towards the South-West [56,57].
as used to successfully predict permeability from well logs
in the prediction of hydrate formation temperature of a wide range of natural gas
t and sour gas.
forecast time series of oilfield production using reservoir parameters.
H was developed and applied to estimate air demand on the spillway using flow

to provide accurate and reliable explicit mathematical expressions for predicting

ate the formation permeability of the heterogeneous carbonate oil reservoir from
.
s used to predict the Stand Pipe Pressure (SPP in real-time as a function of mudflow
s.



Table 2
Statistical features of the used data.

Well 1
Statistical features TNPH (v/v) SGR (API) VSH (pU) PHIE (%) RHOZ (g/cc)

Minimum 0.123 8.425 0.0016 0.017 1.683
Maximum 1.615 74.87 0.912 0.451 4.097
Average 0.494 38.18 0.268 0.195 2.338

Standard Deviation 0.311 12.13 0.191 0.099 0.410
Range 0.382 27.58 0.425 0.25 1.83

Well 2
Statistical features TNPH (v/v) SGR (API) VSH (pU) PHIE (%) RHOZ (g/cc)

Minimum 0.123 16.212 0.020 0.009 1.683
Maximum 1.616 74.875 0.912 0.372 4.097
Average 0.741 44.568 0.346 0.188 2.481

Standard Deviation 0.348 11.207 0.219 0.099 0.587
Range 1.492 58.663 0.892 0.363 2.414

Well 3
Statistical features TNPH (v/v) SGR (API) VSH (pU) PHIE (%) RHOZ (g/cc)

Minimum 0.252 13.699 0.014 0.009 1.927
Maximum 1.035 72.729 0.911 0.372 3.486
Average 0.376 42.145 0.309 0.188 2.169

Standard Deviation 0.101 15.535 0.240 0.098 0.128
Range 0.783 59.030 0.897 0.363 1.559
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Also, the Mpyo structure is located southeast of the Jobi/Rii dis-
covery and about the Jobi East structure to the north Fig. 1(a).

The study area is believed to be dominated by clastic sediments
aged from tertiary to quaternary. Major lithologies are believed to
be climatically controlled with clay and sand deposition episodes
dominate during water and dryer season respectively. Semanya
formation is dominated by very fine to very coarse sediments with
occasional gravel. Upper Paraa Formation is a loose grain of sand
with interbedded claystone. Lower Paraa Formation is dominated
by red-brown to brown claystone with rare sand. It is also inter-
bedded with light to green-grey claystone with a minor silty and
sandy appearance. Pacego Formation is characterized by coarsening
upward sand at the topwhich is poorly sorted, very fine tomedium,
sub-angular to round, elongate to sub-spherical. Below is claystone
with silt/sand interbeds. Wangkwar contains the reservoir sands
interbedded with siltstones and claystone. The formation has var-
ied characteristics, it contains interbedded claystone, siltstone, and
sandstone with an overall fining downward. Since it is a fining
downward formation, the claystone dominance increases as the
depth increases. The lower zone represents the weathered base-
ment (mix of clay and sand). Fig. 1(b) describes the stratigraphic
diagram of the formations under study.

This study included three wells, well-1, well-2, and well-3.
These wells are found in the west arm of the EAR valley and the
North of Lake Albert in the Mpyo oilfield. They also sit in the area in
the southern part of Job east discovery and the eastern part of
Ondyek 1.356 well log data fromwells 1 and 2 were used for model
training. The trained models were tested using 274 permeability
data and well log data from well-3. For the network development,
the well log inputs of natural gamma-ray (SGR), Standard Resolu-
tion Formation Density (RHOZ), limited effective porosity (PHIE),
shale volume of rock (VSH), and thermal neutron porosity (TNPH),
were selected (Fig. 2). Using the min-max standard method the
permeability data and entire well logs were normalized so that the
artificial intelligentmodels could interpret and treat the output and
input data unbiasedly Equation (1) [58,59].

y
0
i ¼

�
yi � ymin

ymax � ymin

�
(1)

Where y0i is the normalized value of yi, yi is the original value of the
parameter, ymax and ymin are the maximum and the minimum
3

values of yi, respectively.

2.2. Backpropagation neural network (BPNN)

In determine the output network values of permeability using
backpropagation neural network (BPNN), the inputs used in this
present study were the well logs of SGR, RHOZ, PHIE, VSH, and
TNPH. To assign non-linearity to the network, the linear function
was adopted for the output nodes, whereas the hyperbolic tangent
activation function became defined for the hidden layers, Equation
(2) [60e62].

f ðzÞ¼ tanhðzÞ ¼ 2
1� e�2z � 1 (2)

Whereas, total weighted inputs are represented by z. It is worth
noting that BPNN training can be defined as the non-linear opti-
mization problem, given by Equation 3

r * ¼ argminUðrÞ (3)

where U(r) is the error function and r is the weight matrix. The
objective of training the network is to determine the optimum
weight connection (r*) that lessens U(r) in such a way that the
predicted outputs values of BPNN adhere to the desired output [63].
This U(r) is estimated at any point of r as Equation 4

UðrÞ¼
X
n
UnðrÞ (4)

where Un (r) is the output error and n is the number of training
cases for each case n. Un(r) is defined mathematically by Equation
(5).

Un ðr Þ ¼ 1
2

X
j

�
ynj � bynj ðr Þ�

2

(5)

Where bynj (r) and ynj are predicted and targeted output values of
the network for nth sample and jth output neuron respectively.
Hence, a simplified objective function which is to be minimized
Equation (6) can be obtained by substituting Equation (5) into
Equation 4



Fig. 1. (a) Regional Map of the Mpyo oil field (b) The stratigraphic diagram of the formations understudy.
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U
�
r
�¼1

2

X
n

X
j

�
ynj � bynj�r��

2

(6)

The training progression continues through modifying the
weight of the output neurons and after that progresses to the data
4

of the input before the error function hits a value that will be
regarded as an appropriate value [64]. This weight adjustment is
performed, through several numerical optimization algorithms.

2.3. Conventional group method of data handling (GMDH-C)

The objective of the conventional GMDHmodel is characterized



Fig. 2. Sample geophysical well logs of limited effective porosity (PHIE), (RHOZ), natural gamma ray (SGR), rock's shale volume (VSH), and thermal neutron porosity (TNPH).
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by finding a function bF ¼ by that could be applied as an approxi-
mation function on behalf of real function F ¼ y, to predict the
values of output by for the certain input systemvector ðXÞ ¼ Fðx1;x2;
x3;…xnÞ, as close as real output y (Permeability) [33]. The GMDH
network structure with yn output and xn model input is shown in
Fig. 3.

Thus, the number of ‘N’ given the observation of numerous in-
puts having data pairs of output y such that [32],

y¼ Fðxi1; xi2; xi3;…‥; xinÞhereði¼1;2;…;NÞ (7)
5

Now it is easy when training the GMDH network to forecast the
approximated variable of output by for any assumed system of input
(X) that is

by¼ bF ðxi1; xi2; xi3;…‥; xinÞ for ði¼1; 2;…;NÞ (8)

Mathematically, the GMDH creates a general relation between
output and input variables, both to be considered as a reference
point [65]. The challenge here is to govern and determine the
GMDH network that will make a square of the difference between



Fig. 3. Shows the conventional GMDH network structure having n inputs.
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actual output (y) and the estimated output by is minimized,

XN
i¼1

½by � yi�2 � min: (9)

In general, the network connection between the output and
input parameters can be described through the complex discrete
series formula in the form of Volterra functional, referred to as
KolmogoroveGabor polynomial Equation (10).

y¼ ao þ
Xn
i¼1

aixi þ
Xn
i¼1

Xn
j¼1

aijxij þ
Xn
i¼1

Xn
j¼1

Xn
k¼1

aijkxixjxk þ…

(10)

Whereby n denotes the number of the inputs, x denotes the system
input and a is the coefficient.

In general, in the form of partial quadratic equations containing
only two neurons, the discrete polynomial proposed in Equation
(10) above is applicable:

by¼ a0 þ a1xi þ a2xj þ a3xixj þ a4x
2
i þ a5x

2
j (11)

Equation (10) is developed in a link of network neurons using
the description of partial quadratic iteratively and is the complete
mathematical relation between output and input through regres-
sion method [66], the coefficient ai Equation (11), can be deter-
mined to lessen the discrepancy between the predicted output by
and desired output y in every pair of the input values, xi,xj. In this,
the tree of polynomials tends to be formed using the form of a
quadratic Equation (11) in which the function coefficients are ob-
tained and gained in the least-squares approach [67]. The coeffi-
cient of each quadratic equation, byi for the output of the entire
input-output data pair set can be found for an optional fit as
follows:

MSE¼ 1
N

XN
i¼1

ðyi � byiÞ2 � min (12)

All the probabilities of two parameters which are independent
and accessible from entire n input parameters are drawn in the
general formula of the GMDH algorithm to create the regression
polynomial like that of Equation (12), which matches the depen-
dent outcomes ðyi ; i¼ 1;2;3…;NÞ in the sense of least square
6

[68,69].
For the development of the regression polynomial in sense of

Equation (11), out of the general n input values, the whole series of
possibilities for two different values is assumed to be the best way
to construct the first dependent targets ðyi; i¼ 1;2;3…;NÞ regarded
in the sense of least-square [70]. As a consequence,�
n
2

�
¼ nðn�1Þ=2 numbers of the neuron can be created at the

before hidden FFN level taken from the observations
yi; xpi; xqiði¼ 1;2;3…;NÞ for different p: q 1; 2; 3, … values [71].
Realistically, this shows that N data triples
yi; xpi; xqi…; ði¼ 1;2;3…;NÞ from observations employing p; q A (1;
2; 3 …. ); in the form Equation (13) [72,73].2664
xip x1q : y1
x2p x2q : y2
/ / / /
xNp xNp : yN

3775 (13)

The following equation of matrix is formed from every row of N
by using quadratic sub-expression in form of Equation (11).

Aa ¼Y (14)

a¼ ½a0; a;1a2; a3; a4; a5� (15)

Y ¼ ½y1; y2; y3;…yN�T (16)

It could be easily observed that:

A¼

26666664
1 x1p x1q x1px1q x21p x21q

1 x2p x2q x2px2q x22p x22q
… … … … … …

1 xNp xNq xNpxNq x2Np x2Nq

37777775 (17)

The normal solutions for equations can be generated by the least
square technique in the form of:

a¼
�
ATA

	�1
ATY (18)
2.4. GMDH model based on modified Levenberg-Marquardt
(GMDH-LM)

The nonlinear algebraic equation for the general determined
system is given by Equation (20) [74e76].

f ða; bÞ¼ y0f ða; bÞ� y¼w (20)

Where as y is output required while b is unknown constant. Its
approach is achieved by minimizing w2

2 ¼ wTw in the sense of
optimal least squared technique [77]. Here zero values of partial
derivatives of w2

2 due to unidentified coefficients b, are the
important conditions for the best solution which is;

vw2
2

vb
¼2

vwT

vb
r ¼ 2JTw ¼ 2v (21)

Here J, elements which are known as the Jacobian matrix, are

jij ¼ vwj

vbj
: Vector ymust be equal to zero vector for the best solution of

b* point [78]. It is pursued after nth iterations in the form
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bðnþ1Þ ¼ bðnÞ þ DbðnÞ (22)

Let residual w(b) be smooth functions, and then it holds:

wðnþ1Þ ¼wn þ vwn

vbn
DbðnÞ þ…: (23)

After some techniques of manipulations, the equation for the
expression increase following the form of Equation 24

AðnÞDbðnÞ � JðnÞ
T

wðnþ1Þ ¼ � vðnÞ (24)

The lnþ1 values differ depending on the actions of the iteration
process. For slow, stable iteration convergence, the new value
l(nþ1) ¼ l(n)/y is set to speed up the process. If a sign of divergence is
noted, the value will be changed to l(nþ1) ¼ l(n)y. The normal value
of y is between 2 and 10, respectively. Fletcher significantly
improved Marquardt's technique of adaptation to l [79,80]. More-
over, in the current iteration process, a new quotient R that ex-
presses how the predicted sum of squares agrees with the real one
is introduced. If R falls between the preset limits (Rlo, Rhi), the
iteration parameters do not change, otherwise, the l and y changes
will follow. If R > Rhi, the value of l is halved. If l is lower than a
critical value lb, it will be cleared, allowing the next iteration to
continue as in the Newton process [81]. If R < Rlo, the parameter y is
set so that it holds 2 � y � 10, and if l is zero, lb and l are changed.
The stages involved in the model development include:

Step 1: The original well log and core permeability data are
standardized and then divided by the arbitrary drawing sample
method into training and testing data sets. The training set is used
to train the GMDHeLM model, whereas the testing set is used to
judge how well the model predicts the predestined data.

Step 2. Identify the initial conditions for creating the GMDH-LM
structure such as the maximum input variables received at each
node, the maximum number of layers and nodes per each layer,
modified LM parameters, polynomial type, and the stopping
criterion.

Step 3: Estimate the variable coefficients of every node: In the
selection stage, through combining every two nodes of the previous
layer, the candidate models are generated to get the new input
nodes, which refer to the best solutions, recognized according to
their fitness. The unknown parameters are estimated on the
training set by external criterion (least squares). This process is
implemented repeatedly for all nodes as (i). With the initial weights
and biases generated randomly, Calculate the Jacobian J and the
total sum of squared error. (ii) Update theweightsDwand biasesDb
as directed by Equation (24). (iii) With the new weights and biases,
recalculate the total sum of squared error for all inputs (iv). If the
total error is not satisfactory, repeat from sub-step (ii) by increasing
l and recalculate biases and weights, otherwise calculate the out-
puts of the neurons.

Step 4: The selected intermediate neurons survived, and they
are used as the inputs for the next layer to create the new gener-
ation of neurons of the model while the non-selected neurons are
abandoned.

Step 5; The modeling process can be terminated once the
stopping criterion is met. When the stopping criterion is not ach-
ieved, Steps 2e4 are repeated until the optimal complexity model is
automatically obtained based on the self-organizing and meta-
heuristic nature of the GMDH-LM algorithm. The testing data set is
applied to validate the model.

Step 6. To obtain the final GMDH-LM model, the path of the
neurons that corresponds to the lowest error in every layer is
tracked back. Following the evolution process, the candidate with
the highest performance in the ending alteration is adopted as the
7

network's final structure. The predicted value of the current query
point is the output of the selected network. A graphical illustration
steps of the GMDH-LM model development for permeability pre-
diction is presented in Fig. 4.

3. Results and discussion

3.1. GMDH-LM model development

GMDH-LM neural network model based LevenbergeMarquardt
was coded and executed in the MATLAB R2020a. The developed
GMDH-LM output consisted of two hidden layers in which the first
layer has three neurons which are represented by z1, z2, and z3
whereas the second hidden has two neurons represented as f1 and
f2 with one output layer which is denoted as y. As stated earlier, the
only statistical responsibility for comparing the input and output
layer is for these unitless hidden neurons. After a series of adjust-
ment progressions, this configuration was achieved by observing
the real presentation of the GMDH-LM network until the desired
network structure was achieved. Fig. 5 shows in detail the built
permeability model. The model network layers equations required
to generate the prediction of permeability are given in Table 3.

Where x4 is thermal neutron porosity (TNPH), x1 is natural
gamma-ray (SGR), x3 is Limited effective porosity (PHIE), and
Standard resolution formation density (RHOZ) is represented by x2

3.2. Performance indicators

GMDH-LM, conventional GMDH, and backpropagation neural
network (BPNN) models were implemented in MATLAB R2020a on
ADM A8-6410APU, with Windows 10 operating system. The results
from the predictive developed permeability models were fairly
compared using correlation coefficient (R) mean absolute error
(MAE) and relative root mean square error (RMSE) as a statistical
indicator. A correlation coefficient (R) close to 1 signifies the best
model performance. On the contrary, if the MAE and RMSE value
approaches zero during the model's comparison, indicates that the
model is an accepted predictor. Mathematical expressions for R,
MAE, and RMSE are provided in Equation (25) 26, and 27 [19,23,82].

R¼

PN
i¼1

ðyi � yÞðYi � YiÞ0B@ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1

ðyi � yiÞ2
s 1CA

0B@ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1

ðYi � YiÞ2
s 1CA

(25)

MAE¼ 1
N

Xn
i¼1

jyi �Yij (26)

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi 
1
N

XN
i¼1

ðyi � YiÞ2
!vuut (27)

Whereas the total number of data points is given by N, yi is the
actual or measured parameter value, yi is the value of the mean for
measured parameters, Yi is the mean values of the predicted
parameter, and values of the estimated parameter is Yi [14,83].
During training, if the MAE and RMSE value approaches zero means
that themodel trained better. However, more emphasis is placed on
the ability of the trained model to perform well when validated on
the withheld testing data. Therefore, if the testing results (MAE and
RMSE) approaches zero indicates the best performing model with
an improved generalization capacity [23].



Fig. 4. Flowchart of the generalized structure for the GMDH-LM model.

Fig. 5. Illustration of the proposed GMDH-LM neural network.
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3.3. Statistical error analysis

The prediction results from the ANN model of BPNN when
training with Well-1 and Well-2 data generated the mean absolute
error (MAE) and root mean square error (RMSE) values of 0.025and
0.322 respectively Fig. 6. For Well-3 data which were used as
Testing, the values obtained for MAE and RMSE were 0.026 and
0.753 respectively, as indicated in Fig. 7. Due to the non-linearity of
the dataset, linear transfer function and hyperbolic tangent sigmoid
8

were used for output and hidden layers of BPNN. Note that the
quality output of the BPNN is highly dependent on the structure of
the model that was obtained by a sequential trial and error process
in this study. The optimal BPNN model structure observed after
training was 5 inputs, a hidden layer with 8 neurons. From Fig. 6,
the conventional GMDH permeability model achieved an error rate
of 0.024 0.138 for training as MSE and MAE. During testing, the
values achieved for MAE and RMSE were 0.690 and 0.049
respectively.

The best performing permeability model was GMDH-LM which
trainedwell with its outcome havingMAE and RMSE scores of 0.018
and 0.092 while generalizing better than conventional GMDH and
BPNN on withheld data from Well-3 Fig. 7. During testing, GMDH-
LM generated MAE and RMSE scores of 0.056 and 0.679 respec-
tively. Based on a processing speed the GMDH-LM generated out-
comes after 1.75 s of computational time, better than 2.06 s and
5.84 s which were used by conventional GMDH and BPNN
respectively as expressed in Table 4.

On the other hand, the correlation coefficient (R) results for both
training and testing indicate that GMDH-LM showed better
permeability model performance than both conventional GMDH
and BPNN models for both training and testing, Table 4.
3.4. Comparing with conventional GMDH and ANN

A comparison between the predicted and measured perme-
ability for training is shown in Fig. 8 (a) GMDH-LM, Fig. 8 (b) con-
ventional GMDH, and Fig. 8 (c) BPNN, for that of testing, is
demonstrated in Fig. 9 (a) GMDH-LM, Fig. 9 (b) conventional
GMDH, and Fig. 9 (c) BPNN. Both Figs. 8 and 9 show the scatter



Table 3
The proposed equations to predict Permeability.

Layers Neurons Equations

1 1 (Z1) Z1 ¼ � 32:9652þ 0:153768x1 þ 0:076551x4 � 0:12999x21 �
4:6E� 0:5x24 þ 0:002662x1x4;

2 (Z2) Z2 ¼ 12:43097þ 0:120575x2 � 0:123869x3 � 0:0191x22 �
0:06303x23 þ 0:054208x2x3;

3 (Z3) Z3 ¼ � 0:36839þ 0:511909x3 � 0:835033x4 � � 0:00839x23 �
0:0292x24 þ 0:0:000613x3x4;

2 1 (f1) f1 ¼ 409:0847� 43:2289z1 � 36:9531z3 þ 1:268331z21 þ
0:908063z23 þ 1:789357z1z3;

2 (f2) f2 ¼ 58:70075þ 1:254165z1 � 11:8796z2 � 0:13131z21 þ
0:518262z22 þ 0:166494z1z2;

Output (y) y ¼ 67:4449� 3:23016f1 � 8:29554f2 þ 0:063436f 21 þ
0:248207f 22 þ 0:220129f1f2:
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diagram which correlates actual permeability values against the
achieved results from GMDH-LM, conventional GMDH, and BPNN
models. A tight cloud of data points about the diagonal line (y ¼ x)
for training and testing data assortments presents the high
Fig. 6. Performance of GMDH-LM, conventio

Fig. 7. Performance of GMDH-LM, conventi
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accuracy of the developed permeability models. Throughout the
training process, GMDH-LM automatically learns the relationships
which dominate structure variables. In this way, the optimum
neuron structure generated is automatically selected in a manner
that minimizes the values of the prediction error criteria and
removes redundant neurons from the network which is the reason
for a better sign of GMDH-LM model coherence. The performance
of the developed predictive models for GMDH-LM, conventional
GMDH, and BPNN is described as compared to the permeability
data measured in Figs. 10 and 11.
3.5. Sensitivity analysis

To assign the relative importance of each active and effective
well log on permeability prediction a sensitivity analysis was car-
ried out. An analysis was conducted in all well logs. Sensitivity
analysis results were shown in Fig. 12. Fig. 12 displays distributions
and the contribution provided by each input well log in deciding
permeability values of the predicted permeability against inde-
pendent well logs. GMDH-LM model selected four well logs out of
nal GMDH, and BPNN during training.

onal GMDH, and BPNN during testing.



Table 4
Statistical features of the permeability models developed.

Models Training set Testing set Computational Time

R RMSE MAE R RMSE MAE

GMDH-LM 0.9652 0.092 0.018 0.9252 0.679 0.056 1.75 s
Conventional GMDH 0.9541 0.138 0.024 0.9066 0.690 0.049 2.06 s
BPNN 0.9525 0.322 0.025 0.9015 0.753 0.026 5.84 s
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the five inputs automatically, when estimating permeability. The
Well logs selected by GMDH-LM were standard resolution forma-
tion density (RHOZ), effective porosity (PHIE), thermal neutron
porosity (TNPH), and standard gamma-ray (SGR) logs. PHIE noted a
significant contribution to permeability estimation with 3.92%
likewise TNPH and SGR had a strong effect of 2.143% and 1.0%,
respectively, RHOZ had less effect on the model of permeability
estimation than all parameters with a value of 0.5%. Sensitivity
analysis was conducted to analyze the contribution provided by
Fig. 8. The plot of the predicted value of permeability versus actual permeability for train
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each input well log to the determination of permeability values and
was estimated by using Equation (28).

SA¼ 1
N

XN
i¼1

�
dOutput%
dInput%

�
i
� 100 (28)

Whereas doutput% is the percentage change of output and dinput%
is the percentage change in the input. This implies that parameters
change from a maximum to a minimum value. The lower the SA
ing set (a) GMDH-LM, (b) conventional GMDH, and (c) BPNN, permeability models.



Fig. 9. The plot of the predicted permeability value versus actual permeability for the testing set for (a) GMDH-LM, (b) conventional GMDH, and (c) BPNN, permeability models.

Fig. 10. GMDH-LM, BPNN, and conventional GMDH prediction in comparison with
actual permeability for the training data set.

Fig. 11. Comparison of predicted permeability values of GMDH-LM, conventional
GMDH, and BPNN with actual permeability for testing data set.
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Fig. 12. Sensitivity analysis of the well log suite on the GMDH-LM permeability model.
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value means that the input value has less effect on the generated
permeability value while the higher value of SA indicates the well
log parameter affected the predicted permeability outcome.
4. Conclusion

A sophisticated approach is required for a better estimation of
reservoir permeability. Minor differences in expected outcomes
contribute to time wastage and enormous investments. A minor
change in estimation practices, on the other hand, may increase the
value of the exploration project several times. Therefore, this study
proposed an enhanced group method of data handling (GMDH)
neural network by using a modified Levenberg-Marquardt algo-
rithm as a means of offering an improved performance when pre-
dicting permeability fromwell logs. Well logs data fromwell-1 and
well-2 of the West arm on the East Africa rift valley were consid-
ered as training data, while the predictivity of the models was
judged on the data fromwell-3. In line with this, input parameters
of a well log suite of TNPH, SGR, VSH, PHIE, and RHOZ, were used to
develop the enhanced GMDH permeability model.

The results revealed that the GMDH-LM permeability model
provided the least error margins with excellent training and testing
capabilities than both conventional GMDH, and BPNN permeability
models. The variable significance analysis was used to quantify the
contribution of the individual well log on the permeability model
performance. It was identified that SGR, TNPH, PHIE, and RHOZ
produced significant contributions to the efficiency of the GMDH-
LM permeability model.

The proposed concept of GMDH-LM in predicting permeability
fromwell logs also comparable to conventional GMDH and ANN of
BPNN techniques makes it a viable solution in attaining improved
accuracy of permeability estimates. Therefore, based on the results
of the present study, we can suggest GMDH-LM as an improved
method to be considered as an alternative to the conventional
GMDH for estimating permeability.
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