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Avrticle info Abstract
Article history Accurate estimation of hydrodynamic parameters is essential for sustainable aquifer development.
iﬁgigﬁi égﬁp;;lzzgzzs Since Theis (1935), the Type Curve Matching Technique (TCMT) has been used to estimate aquifer
Keywords: parameters. This method is associated with graphical errors. In this study, a supervised Al committee
gggx:géﬁ‘:{;'i;gwork' machine was used to eliminate errors and accurately estimate the hydrodynamic parameters of confined
intelligence committee aquifers with high ability to approximate functions as an alternative to the conventional TCMT method
&?ﬁ??&ﬁﬁ!ﬂgi?feiﬁfatype and existing Al methods. In this study, pumping test data were considered as input components and the
confined aquifer paraméters. coordinates of the optimal point were considered as the output. To reduce the dimensions of the input
components, the principal component analysis (PCA) technique was used. Then, the matching point
coordinates were combined with the analytical solution of Theis (1935) and the values of the aquifer
parameters were calculated. To develop this machine, in the first step, three ANNs with different training
algorithms, Levenberg—Marquardt (LM), gradient descent (GD), resilient back-propagation (RP), were
developed to determine the match point and estimate the hydrodynamic parameters of the confined
aquifer. Based on the modeling results, all models showed a good approximation of the hydrodynamic
parameters of the confined aquifer. Then, in the second step, considering the complexity of
hydrogeological systems, a committee machine consisting of three artificial intelligence models was
designed and built, which used the capabilities of all three models to determine the hydrodynamic
parameters of the confined aquifers. The models' outputs were combined using a supervised nonlinear
combiner, yielding highly accurate final results. The results showed that the proposed committee
machine model is more accurate, and better alternative to TCMT methods and artificial intelligence
methods in determining the optimal match point and estimating the hydrodynamic parameters of the
confined aquifer.

Introduction 1/u and constructed a graphical type-curve matching

technique for the solution of S and T. To determine the

The determination of aquifer parameters is crucial for
groundwater modeling and management. The type-curve
matching technique was developed for confined aquifer
parameters estimation (Theis, 1935). When a pumping
well fully penetrates a confined aquifer and is pumped at
a constant rate, dewatering occurs and creates a cone of
depression in the piezometric surface. Theis (1935)
stated that the drawdown response to pumping in
observation wells is in an unsteady state. Theis (1935)
plotted values of well function W(u) versus values of

confined aquifer parameter values (T and S), time-
drawdown data recorded during a pumping test are
plotted on logarithmic paper of the same scale as that of
the Theis type curve. The time-drawdown field data
curve is superimposed on the type curve, keeping the
coordinate axes of the two plots parallel and adjusted
until most of the plotted points of the observed time-
drawdown data match on the Theis type curve. A match
point is selected and its coordinates on both plots are

recorded [(ﬁ)m, W(Wm, Sm» tm]- Using the match point
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coordinates, aquifer parameters (T, S) are determined.
The results of the type-curve graphical method are rather
subjective due to graphical and personal errors. In recent
years, some suitable approaches based on artificial neural
networks (ANN) have been developed as an alternative
approach to model the well functions and remove the
errors resulted from graphical type curve matching
techniques (Lin and Chen, 2005, 2006; Samani et al.,
2007; Lin et al., 2010; Azari et al., 2015; Azari and
Samani, 2018).To the best of our knowledge, researchers
have so far used only an ANN with the Levenberg—
Marquardt (LM) training algorithm for the determination
of different aquifer parameters (Maier and Dandy, 1999,
2000; Maier et al., 2010; Toth et al., 2000; Coulibaly et
al., 2001; Daliakopoulos et al., 2005; Samani et al., 2007;
Azari et al., 2015; Azari and Samani, 2018). While each
training algorithm has its advantages and disadvantages,
and there are algorithms with more ability to approximate
functions. Therefore, it is necessary to evaluate the ability
of ANNs with different training algorithms and develop
an intelligent committee machine (ICM) with a
combination of the most common training algorithms as
a comprehensive model with better accuracy and
performance than the existing ANN approaches for
determining aquifer parameters. This study introduces a
supervised committee machine with three of the most
common training algorithms (SAICM) that replaces
linear combination with ANN to determine the
parameters of confined aquifers from pumping test data
more precisely and without aforementioned limitations.
In SAICM, the ANN receives the optimal estimates of
individual models as input and derives the most optimal
estimation of the match point as output.

Therefore, this article corrects the concept of the
superimposed plot by developing a committee machine
neural network and applying the supervised combiner to
determine the optimal match point while the efficiency of
the SAICM approach is approximately five times better
than that of the proposed ANN approach by Lin et al.
(2010) to estimate the transmissivities and storage
coefficient for confined aquifers. Actually, the objective
of this study is to leverage the advantages of different
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artificial neural network training algorithmsby
employing the SAICM model to predict the aquifer
parameters more accurately without the superimposed
plot limitations. Thus, the SAICM which is a new type of
artificial neural network is recommended as an efficient
and accurate alternative tool to the type-curve graphical
method and the existing ANN approaches for the
determination of parameters values of confined aquifers.

Materials and Methods

The proposed SAICM model consists of two major
phases: (1) developing back-propagation networks with
different training algorithms based on a six-step protocol
similar to that suggested by Wu et al. (2014) to estimate
the match point for any individual pumping test case
study; (2) construction of SAICM.

This study introduces a supervised committee
machine with training algorithms (SAICM) that replaces
linear combination with ANN as a supervised combiner
to receive individual neural networks estimations as input
and derive a new estimation as optimal output. Finally,
SAICM model performance is compared against
individual artificial neural network models and type cure
matching technique. The methodology described in this
study provides an improved model for the determination
of confined aquifer parameters better than all methods.

Results and Discussion

By applying the approach described, the results
related to the development of the artificial neural network
models are presented by different training algorithms and
then the results obtained from the proposed model
(SAICM) are presented and analyzed. Finally,
comparative analysis between the proposed model and
the ANNs models were presented.

The results of PCA shows that the first principal
component describes 99.906% of the variance of the
training data sets. Because the variance accounted for by
the second component is smaller than minimum fraction
variance (i.e., 0.0939<0.1) it is ignored. This means that
the training input vector is reduced to 1 element and the
number of neurons in the input-layer of the artificial
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neural networks to be designed can be set to 1 neuron
instead of number of records in drawdown-time data that
varies from one pumping test to another. Since there is
one variable in the Theis’s well function (Um in Theis’s
equation) and the Theis’s type curve has one segment
corresponding to this one variable, it is very logical for
the training datasetsto be reduced to one main principal
component. Therefore, PCA reduces and fixes number of
neurons in the input layer independent of drawdown data
records.

The results indicate that a single-hidden-layer feed-
forward network with RP training algorithm and the
topology of (1 x 8 x 1) is the best and optimum ANN to
efficiently model the well function of confined aquifers
and accurately predict the match-point coordinate. The
results reveal that LM with the topology of (1 x 8 x 1)
and GD with the topology of (1 x 10 x 1) produce
acceptable performance.

Based on Test Step of developing back-propagation
artificial neural networks with different training
algorithms, the values of R? and RRMSE in Test Step
show the developed ANNSs with training algorithms RP,
LM and GD can accurately estimate aquifer parameters
over a wide tested range.

Based on Validation Step, aquifer parameter values (T
and S) were determined by the developed ANNs and
compared with the corresponding values determined with
the type curve matching technique. According to the
results, RP has the minimum RRSME for the validation
step.

The SAICM method adopts a simple ANN with RP
algorithm (optimal artificial neural network) to re-
estimate match-point coordinate value, predicted by the
LM, GD and RP in the training step (2000 training data
sets). The SAICM model had 3 neurons (¥ via LM, GD
and RP) in the input layer, 3 neurons in the hidden layer
and single neuron in the output layer for the target
Vsaicm - The proposed model was successfully trained
with 1000 epochs and RRMSE of 0.45%. Then, the
SAICM model was tested against 1000 data sets. The
RRMSE and R2for SAICM predictions were computed
as 0.48% and 0.93, respectively. Comparing the error
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measure values with those of individual models above, it
is seen that SAICM outperforms individual Al models
with low RRMSE and high R? values. This result implies
that SAICM model shows high performance for
predicting the confined aquifers parameters and the
precision of the proposed model is approximately five
times better than those of individual models.

Conclusions

This study aimed to optimize the transmissivity and
storage coefficient in confined aquifers, using the
developed SAICM approach. This approach developed a
supervised committee machine with three of the most
common training algorithms of back propagation
artificial neural network (LM, GD and RP) which
combines the outcomes of individual models using a
supervised combiner to determine the optimal value of
confined aquifer parameters (a case study of confined
aquifer in Shiraz plain, Iran) and corrected the concept of
the superimposed plot. The results indicated the
developed SAICM approach is approximately five times
better than that of the proposed ANN approach by Lin et
al. (2010). Among the different algorithms used, RP is
associated with the smallest error (RRMSE=2.36). It can
be stated that RP is more applicable for the estimation of
confined aquifer parameters in Shiraz plain. In SAICM
(developed model), the ANN receives predictions of
three individual training algorithms (such as LM, GD and
RP) as input and derives a new estimation of the match-
point coordinate as the output. The output is incorporated
with the Theis’s analytical solution for each individual
time-drawdown record and aquifer parameters are
calculated. Using each set of aquifer parameters,
drawdown records are generated and compared with the
real drawdown records, in terms of RRMSE. The
parameter values that give the lowest RRSME value are
selected as the most accurate estimate of aquifer
parameter values. The SAICM is recommended as an
efficient and accurate tool to all of the individual training
algorithms and the type curve matching techniques in
predicting confined aquifer parameters in Shiraz plain as
a case study.
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Fig. 2. The components of input vector and the output of the proposed models
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Table 1. The principal component parameters of the training set for the confined aquifer

zrc:nmC;;g?]Ient Eigenvalue Variance (%) \?:r?;lri:;a:&)
PC1 39.9624 99.906 99.906

PC2 0.0376 0.0939 99.9999
PC3 0.0000426  0.0001 100
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Table 2. The MLP influential parameters applied during training
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Parameter Value
Learning rate 0.5
Convergence criterion le-6
Maximum training cycle 2000
Number of training patterns 2000
{W{l} %[w{z}}\
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Layer1: 1 neuron

Layer2 (LM): 8 neurons

Layer2 (GD): 10 neurons

Layer 3: 1 neuron

Layer2 (RP): 8 neurons
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Fig. 3. A schematic diagram showing the architecture of the constructed MLPs
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Table 3. Number of neurons, the required training times and RRMSE and R? values for the proposed ANNs with different training

algorithms during the training process
Number of neurons Required trainin
Algorithm Input Hidden Output q . 9| RRMSE (%) R?
time ()
Layer layer layer
LM 1 8 1 160.15 2.88 0.71
RP 1 8 1 144,54 211 0.79
GD 1 10 1 198.23 3.75 0.60

Sy el 50 1y g sl sl el okl o laasls

IS TRUOPT e | FRG-R L u;"..;_l.eﬂ &g 039950
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Table 4. Values of the RRMSE (%) and R? of T and S for different training algorithms during the testing process

Algorithm

Parameters

2
R* | RRMSE (%)

LM T

0.68 3.18

0.66 3.22

GD T

0.59 4.63
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Table 5. Aquifer parameter values estimated by ANNs with different training algorithms and the type-curve matching method, and

their RRMSE

Katasbes Aquifer parameters Methods
Type-curve Method LM GD RP SAICM
T (m?/day) 167 218 | 184 | 235 246
S(x1072) 2.54 143 | 2.04 | 1.08 0.89
RRMSE (%) 17.82 3.15 | 4.80 | 2.36 0.45
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Table 6. Comparison of RRMSE for testing data set using different training algorithms and SAICM

Algorithm | RRMSE | Rank
LM 3.2 3
GD 4.65 4
RP 2.32 2

SCMTA 0.48 1
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