Kharazmi University

Journal of Engineering Geology OPEN ACCESS
Journal home page https://jeg.khu.ac.ir Online ISSN
2981-1600

A novel approach to determine hydraulic parameters of double porosity
aquifers based on MLP neural network

Tahereh Azari 1=

1. Assistant professor, Department of Applied Geology, Faculty of Earth Sciences, Kharazmi University, Tehran, Iran. E-mail:

t.azari@khu.ac.ir

Article Info

ABSTRACT

Article type:
Research Article

Article history:

Received 9 April 2025
Accepted 3 June 2025

Keywords:

Aquifer parameters; Double

porosity; Well function; Multi

Layaer

(PCA).

Perceptron
Principal Component Analysis

(MLP);

Accurately determining hydraulic parameter values is the first step in sustainably
developing an aquifer. Since Theis (1935) introduced the type curve matching
technique (TCMT)), it has been used to estimate aquifer parameters from pumping
test data. However, the TCMT is subject to graphical error. To eliminate this
error, a multi-layer perceptron (MLP) artificial neural network (ANN) was
developed as an alternative to the conventional TCMT. This MLP ANN models
the Bourdet-Gringaten well function to determine fractured double porosity
aquifer parameters. The MLP model was developed using a four-step protocol
and trained using the backpropagation method and the Levenberg-Marquardt
optimization algorithm for the well function of double-porosity aquifers. Through
a trial-and-error procedure and by applying principal component analysis (PCA)
to the training input data, the optimal network structure with the topology
[3x6x3] is determined. We evaluated the validity of the developed network with
synthetic and real field data. The network receives pumping test data and provides
the user with aquifer parameter values. This network provides an automatic, fast
procedure for determining double-porosity aquifer parameters, eliminating the
graphical errors inherent in the conventional TCMT.

Introduction

Aquifer parameters obtained by the graphical
method of type curve matching are subject to
graphical and personal errors and typically yield
inaccurate results. Despite the numerous papers
published on the application of artificial neural
networks (Maier and Dandy,1999; Maier and
Dandy, 2000; Mishra et al., 2004; Lim, 2005;
Nayak et al., 2006; Sahoo et al., 2006; Nourani
et al., 2008; Mahmoudabadi et al., 2009; Maier
et al., 2010; Tahmasebi and Hezarkhani, 2012;
Nadiri et al., 2013; Nourani et al., 2013; Tayfur
et al., 2014; Nadiri et al., 2019; Tabari et al.,
2020), the published works on the estimation of
aquifer parameters are very limited. In recent
years, some suitable approaches based on
artificial neural networks (ANN) have been
developed as an alternative approach to
modeling well functions and eliminating errors
introduced by graphical type curve matching
techniques. Lin and Chen (2005) proposed an

ANN model to estimate parameters of leaky
aquifers based on a combination of radial basis
function network (RBFN) and Hantush-Jacob
(1955) analytical solution. Lin and Chen (2006)
also proposed a combination of ANN and Theis
(1935) analytical solution in confined aquifers.
However, the Lin and Chen networks had two
limitations. First, the dimensions of the networks
increased as the amount of time-related data
increased. Second, the networks had to be
trained and tested for each set of pumping test
data. Samani et al. (2007) therefore proposed a
simple ANN model that uses the Levenberg-
Marquardt (LM) training algorithm and applies
principal component analysis (PCA) to the
training dataset to estimate the parameters of
confined aquifers, avoiding the aforementioned
limitations. Subsequently, Lin et al. (2010)
designed a model to estimate the parameters of
anisotropic aquifers. Then, Azari et al. (2015)
proposed two ANN models to determine the
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parameters of different types of leaky confined
aquifers.

Tayfur et al. (2014) combined four artificial
intelligence models: Sogno fuzzy logic,
Mamdani fuzzy logic, MLP neural network, and
NF neurofuzzy method together and developed a
supervised artificial composite machine (SICM)
to calculate the hydraulic conductivity of the
heterogeneous aquifer of the Tasuj plain and
achieved more accurate results than single
artificial intelligence methods. Yusefzadeh and
Nadiri (2017) combined the fuzzy Mamdani,
Sogno, wavelet neural network, and support
vector machine methods and created a composite
machine SCMAI to estimate the hydraulic
conductivity of the unconfined and
heterogeneous aquifer of the Maragheh-Bonab
plain (East Azerbaijan) with high accuracy.
Delnaz et al. (2017) compared the efficiency of
the GRNN model to that of RBF neural networks
in determining the parameters of confined
aquifers. They concluded that the GRNN model
is more accurate and faster. Azari and Samani
(2018) designed an artificial neural network to
model the Neumann well function and estimate
the parameters of unconfined aquifers. Delnaz et
al. (2020) wused artificial neural network
methods, a generalized regression network, and
the ANFIS method to determine the hydraulic
parameters of a confined aquifer. They
concluded that the ANFIS method can more
accurately determine aquifer parameters.Tabari
et al. (2021) proposed an SCMTA model to
determine the parameters of confined aquifers as
an alternative to the graphical type curve fitting
method and existing ANN models. Khalili
Maleki et al. (2022) determined the hydraulic
conductivity in Tabriz Urban Train Lines 1 and
2 using soil gradation information and the SICM
intelligent model, and concluded that this
committee machine can determine hydraulic
conductivity more accurately than individual
models. Dashti et al. (2023) determined the
unconfined aquifer transmissivity using several
machine learning methods (ANN, FL, AFIS,
GEP, LSSVM, and GMDH) along with pumping

and hydrogeological test data. They concluded
that the GMDH method can accurately estimate
unconfined aquifer transmissivity — when
combining four inputs: well discharge,
thickness, pumping well depth, and minimum
and maximum time-drawdown data.

As previously mentioned, existing research has
focused on using artificial intelligence
approaches to estimate parameters of
homogeneous aquifers. However, aquifers in
nature, aquifers are usually heterogeneous and
anisotropic. Aquifers with double porosity have
heterogeneous conditions. So far, no artificial
intelligence  model has been designed to
determine the effective parameters of aquifers
with double porosity and heterogeneous
conditions. Hydrogeological parameters such as
aquifer transmissivity and storage coefficient are
often associated with uncertainty and are not
well understood. This study proposes a simple
ANN model of the MLP type among various
artificial intelligence techniques to determine
hydrogeological parameters for aquifers with
double porosity and heterogeneous conditions.
This network receives pumping test data as input
and produces optimal match points as output to
determine the parameters of aquifers with double
porosity and heterogeneous conditions. The
synthetic and real pumping data have been used
to test the reliability of the proposed method.
Finally, the performance of the proposed model
in generating the match point coordinates is
compared with the graphical TCMT. Therefore,
the aim of this study is to develop an alternative
approach and model the Bourdet-Greengarten
well function (Bourdet and Gringarten, 1980) to
estimate the parameters of aquifers with double
porosity and heterogeneous conditions and
eliminate the errors resulting from the
conventional graphical method of type curve
matching.

Materials and Methods

Double Porosity Aquifer Well Function

Based on the double porosity concept originally
proposed by Barenblatt et al. (1960), Bourdet
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and Gringarten (1980) developed an analytical
model to determine the hydraulic properties of
double porosity aquifers. Double porosity
implies the existence of two porous boundaries
with completely different properties within the
aquifer. A zone of high-transmissivity, low-
storage fractures that transport water from the
aquifer to the well, and a matrix block with low-
transmissivity, high-storage blocks that transport
water to the fractures. Other researchers have
also investigated the concept of double porosity
flow. (Warren and Root, 1963; Kazemi et al.,
1969; Boulton and Streltsova, 1977; Moench,
1984; Sen, 1988). In the Bourdet-Greengarten
model, homogeneous and isotropic matrix
blocks are separated either by an orthogonal
system of continuous uniform fractures or by
equidistant horizontal fractures. The pressure
difference between the fractures and the matrix
blocks that causes water to flow from the blocks
into the fractures is known as inter-porosity flow
and occurs under quasi-steady conditions. Flow
from the fractures to the well is radial and
unsteady. When a pumping well penetrates a
fracture completely and pumps at a constant rate
into a fractured confined aquifer, water uptake
occurs and creates a cone of decline in the
piezometric surface. Bourdet and Greengarten
(1980) described the decline response observed
in observation wells due to pumping from double
porosity fractured aquifers and plotted
F(u*, A, w) versus u* for different values of A
and o and presented a set of type curves, each
characterized by separate values of A and ®. To
determine the parameters of a confined aquifer
with double porosity (T¢, Sf, S, 4, @), the
drawdown-time data from the pumping test are
plotted on logarithmic paper with the same scale
as the type curves. The drawdown-time data
curve is superimposed on the type curve so that
the coordinate axes of the two graphs are parallel
and most of the plotted points corresponding to
the initial drawdown-time data of the pumping
test on one of the type curves coincide with a
specific value of A. A match point is selected and

its coordinates are recorded on both plots [(%)m,

W(Wm, Smstm]- By determining the coordinates
of the match point, the aquifer parameters (T¢,
S¢) are obtained using relevant equations. If the
plotted data show a horizontal straight line
segment or only one inflection point, the
stabilized drawdown value or the drawdown
value at the inflection point is substituted into
relevant equation and the value of A is calculated.
Then the final time-drawdown data of the
pumping test is placed on the type curve with a
given value of ®. In this case, the second match
point is selected. Then, using the coordinate

values of the second match point [(%)m, W)y,

Sm,» tm] and relevant equations, the aquifer
parameters (T, Sf, Sp,) are calculated. The type
curve matching process is controversial and
involves graphical errors. In the next section, an
MLP network is presented as a suitable
alternative to the type curve matching method
for determining the parameters of aquifers with
double porosity fractures.

MLP artificial neural network design

In this paper, by combining neural network and
analytical solution of Bourdet-Greengarten
(Bourdet and Gringarten, 1980) and also
applying PCA technique to training patterns, the
parameters of a fractured aquifer with double
porosity are determined. This network generates
the coordinates of the match points [Log (™),
Am, W] for each pumping test data set. The
network design consists of four steps: generating
training patterns, constructing and training the
network, testing the network with synthetic data
sets and validating the network with real data.

Results and Discussion

The results related to the development of the
artificial neural network model are presented by
the LM training algorithm. Then, the results
obtained from the proposed model (MLP) are
presented and analyzed. Finally, a comparative
analysis of the MLP model and type curve
matching techniques is presented.
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PCA results show that the three principal
components describe 99.99993% of the variance
in the training datasets. Since the variance
accounted for by the fourth component is smaller
than the minimum fraction of variance (0.001),
it is ignored. This means that the elements of the
training input vectors can be reduced to three,
and the number of neurons in the input layer of
the artificial neural network can be fixed at three
instead of the number of records in the
drawdown-time data, which varies from one
pumping test to another.Since there are three
variables in the Bourdet-Gringarten’s well
function [Log(u*) , Am, wm] and the Bourdet-
Gringarten’s type curve has three segments
corresponding to these three variables, it is very
logical for the training date sets to be reduced to
three principal components. Therefore, PCA
reduces and fixes number of neurons in the input
layer independent of drawdown data records.

The MLP method adopts a simple ANN with LM
algorithm to estimate the match-points
coordinate values in the training step (200000
training data sets). The MLP model had 3
neurons in the input layer, 6 neurons in the
hidden layer and 3 neurons in the output layer for
the targets [Log(4*)m ,Am, Wm] - The proposed
model was successfully trained with 850 epochs.
The test results showed that an MLP with one
hidden layer could accurately estimate aquifer

parameters over a wide range of test data.
Network validation using a real pumping test
datasets showed that the developed network
could simulate the real system response with
very high accuracy. These results imply that the
MLP model performs well in predicting double
porosity aquifer parameters, with aprecision of
the proposed model is approximately nine times
better than the type curve matching technique.

Conclusions

This paper presents a single-hidden layer MLP
neural network with an LM training algorithm
that approximates the Bourdet-Gringarten well
function (Bourdet & Gringarten, 1980) and
determines the parameters of a double-porosity
aquifer. A four-step protocol was proposed to
develop this model: generating training patterns,
building and training the network, testing the
network with synthetic datasets, and validating
the network with real data. The results showed
that the MLP with the (3 x 6 x 3) topology is a
fast, automatic method for estimating double
porosity aquifer parameters that eliminates the
graphical errors inherent in the type curve
matching technique. Therefore, the MLP method
is recommended as an efficient, accurate, and
user-friendly alternative to the graphical type
curve matching method for determining double
porosity aquifer parameters.
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Fig. 1. Schematic representation of a fractured double porosity aquifer with a fully penetrating pumping well (r:
distance between observation well and pumping well).
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Fig. 2. The Type Curve Matching (TCM) in the double porosity aquifer
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Fig. 3. The components of input vectors and the output of the proposed model in double porosity aquifer
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Table 1. The principal component parameters of the training set for the double porosity aquifer

E:rc:nmcrzzf:llen i Eigenvalue Variance (%) \C/::rrizlr:::ae“z;)
PC1 61.669 94.87532 94.87532
PC2 3.309 5.090766 99.96608
PC3 0.022 0.033846 99.99993
PC4 4.614e-05 7.10e-005 100

PC5 1.186e-08 0 100
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Parameter Value
Learning rate 0.5
Convergence criterion le-6
Maximum training cycle 10000
Number of training patterns 200000
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Fig. 6. Structure of the single-hidden-layer network before and after conducting PCA on the input training data
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Table 3. Values of the RRMSE (%) and R? of Ty, St, Sm, A and w for the developed MLP during the testing process

Parameters RRMSE (%)
Tt 1.48 e-3
St 1.58 e-3
Sm 1.62e-3
A 191e-3
o 1.88 -3

R2=1 for the five above parameters

PCA ool Lo o8l slacans 4 cdl ools dcgazo po
Slsis a4l 2als ool asgerme 0 Jlasl il oo, 2
B & 9 39 oo ool 0ad ()b 4l 4 (63959
Amy Wm] Gldal abis Slaise polie U oas oo ol
abhis Slase polie (F) Jgax oS s |, [(W )
polie b1 ond b aKd by oad oy 3Ll
(Moench, zige lawgs oas a5 i gimmie 3lasl Lo,
acgoe sl (McConnell, 1993) Jiss S 5 1984)
Olaw s 1 G A0S 0 anslin gloy il glaosls
olod slys e sl edlianngs aSds bagy 3Ll abas
(1410) SYoleo 5l oolial b K0 Sles (slao,sS,

§1 = log(u®); = log [(u*)m X (:—1)] ,
i=12,..,N Q1))
ti 5
)., = * X 2 = 1 Y1
@)= [@Imx (2)] = 10 0%
F[(w")j, Am, wm] = F(1091,9,,93) v
Sm = Sj A
tm = tj [QRY)

SYoleo jo llail adais Glaise polie (ol (6,051 L
alge Jodss b olasel Glaalb polie (B) B (V)
cdl 568, alads Bgd oo S (Tf, St Sm)

sy (slb 0015 s i i o —F Al yo
1 Jae el Sl Jde i oo ) ol Gas
Oilee 2l (oo piae (Hly ol (o G e
2 O g Jod BB (o5 Sl gl sl Jae S0
el ool asgazme 93 5l 6l (nl )5 cnlpln aal eas
5 (Moench, 1984) gise 5| sy @ a5 adly sl
oolitul ou az3,5 (McConnell, 1993) [isS S

RV g

19l 3oy o903
ol o ol (5o 3 Lol gleSoms 5o (alesl
S iley] opl 5ol snis plil (1. f= 1) Ll b
39y dw Soe 4 asl jo I YOA cob F5 L S ol
3 Gl sdalin o> G loj-cdl sl ool Lay0 )8 jleey

ol 005 &) (F) Jgoz 0 5oy ol 5l gy V) - alols

099 3oy (39051
(. B =1) algs Jolss L lssul oy alesl ol
G &S (Sgmme pSKLS el )3 B a4
2t ool VAAA Lo, el S 55 aidaie 51 SasS
4 aids jo B ol g b el laleT ol o

Ol oley dl glaools Lol jleey agds 1O+ 0 Sow

el 00 03,51 (0) Jgoz 10 o2 pg0 5loy



\ b)l.o.oj: AR 0,99 ‘G“W Lf“wa O

oY

023, 2,655 w4 Sleay Sloggesl (nl )0 R e
Jaie o yteS a5 Wl ooy ange bl bl eiie g
(V) Jgoz s (A JSo) oS o odgs |, RRMSE
Towly Sl ailys oSy ablamungd ALl (n iy Ll
Ol S (gilwand oYL jlews <8 L 1) aBly s

ADO <°

Olgie 4 was co a3l By 8l sl )55, b aslie o
solie a5 0gd o OLl Ay gLl ahd Slaike
oo o dl] Sae 2B o2t b ) szl gl il
S bawg a5 (Tf, Sp Sm) olyzel @loyiall polie
b g Cowl 00l &3, (F) Jgaz j0 wiloods (puusd aidlaswgs
o oo @bkl gy boead e dbge polie
L3 AUVATL 5 0IVYT ) RRSME jslie .ol ool de i
Jxe Glp |y @pYb c8s (/oY /g /oY) b awslie

olzs 518y sleey ge3T o0ls dcgeme 93 o 40 (soleiiny

(Moench, 1984) Jsl by ;3051 58 Hlej-dl slaools =¥ Jgax
Table 4. Time-drawdown data in the first pumping test (Moench, 1984)

Time Drawdown Time Drawdown Time Drawdown Time Drawdown
(min) (m) (min) (m) (min) (m) (min) (m)
0.5 0.002 4 0.045 40 0.374 600 0.518
0.6 0.002 45 0.052 45 0.384 700 0.525
0.7 0.002 5 0.059 50 0.392 800 0.528
0.8 0.002 5.5 0.069 60 0.401 900 0.528
0.9 0.002 6 0.079 70 0.411 1000 0.538
1 0.005 7 0.097 120 0.434 1200 0.563
1.2 0.005 8 0.116 140 0.439 1400 0.577
14 0.007 9 0.134 160 0.444 1600 0.577
1.6 0.007 10 0.151 180 0.451 1800 0.577
1.8 0.012 12 0.186 200 0.453 2000 0.59
2 0.015 14 0.213 240 0.461 2300 0.587
2.2 0.015 16 0.238 280 0.468 2700 0.615
2.4 0.02 18 0.26 300 0.471 3000 0.615
2.6 0.022 20 0.285 340 0.478 3500 0.627
2.8 0.025 25 0.32 400 0.491 3680 0.639
3 0.027 30 0.342 440 0.498

(McConnell, 1993) 99 5leas 3031 5o Glej-dl slacols —0 Jeax
Table 5. Time-drawdown data in the second pumping test (McConnell, 1993)

Time Drawdown Time Drawdown
(min) (ft) (min) (ft)
1 30 120 129
2 49 150 130
3 62 180 133
4 70 210 136
5 75 240 140
6 80 300 143
7 83 360 145
8 85 420 149
9 89 480 151
10 90 540 151
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12 91 600 153
14 93 660 155
16 96 720 158
18 99 780 160
20 100 840 160
25 103 900 160
30 104 960 160
35 108 1020 160
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45 111 1140 161
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60 118 1320 165
70 120 1380 169
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90 123 1500 173
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Fig. 9. RRMSE plot locating the optimum drawdown-time record for the two sets of real pumping test data
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Table 6. Values of the match points coordinates determined by the developed MLP and the type-curve matching
method for the double porosity aquifers

PUMDING test Match point Methods
ping coordinates Type-curve Method Developed ANN
. Log (U*)m 0.43 0.1
First
Am 7.3x10°6 4x106
(Moench, 1984) o 0.011 0.02
Log (U*)m 3.37 1
second ham 1x10°6 2.5x10°

(McConnell, 1993) om 0.07 0.31
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Table 7. Aquifers parameters values estimated by the developed MLP and the type-curve matching method and

their RRMSE

Methods

Pumping test Aquifer parameters

Type-curve graphicalMethod Developed ANN
Tt (m?/day) 333 393.82
First St 0.0016 0.0033
(Moench, 1984) Sm 0.15 0.1594
RRMSE (%) 5.72 0.02
T+ (gpd/ft) 3661 3850
Second St 10° 4.5x10°
(McConnell, 1993) Sm 1.2x104 10+
RRMSE (%) 9.78 0.03
03ld degoazmo Yoo o vt L a8l drwg aSil S8 o(aSis 6)-5“-"“”

oges b ilel las e g (egkan ploj-cdl
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