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Abstract Several groundwater-level forecasting studies
have shown that data-driven models are simpler, faster to
develop, and provide more accurate and precise results
than physical or numerical-based models. Five data-driven
models were examined for the forecasting of groundwater
levels as a result of recharge via tailings from an
abandoned mine in Quebec, Canada, for lead times of 1
day, 1 week and 1 month. The five models are: a multiple
linear regression (MLR); an artificial neural network
(ANN); two models that are based on de-noising the
model predictors using the wavelet-transform (W-MLR,
W-ANN); and a W-ensemble ANN (W-ENN) model. The
tailing recharge, total precipitation, and mean air temper-
ature were used as predictors. The ANN models per-
formed better than the MLR models, and both MLR and
ANN models performed significantly better after de-
noising the predictors using wavelet-transforms. Overall,
the W-ENN model performed best for each of the three
lead times. These results highlight the ability of wavelet-
transforms to decompose non-stationary data into discrete
wavelet-components, highlighting cyclic patterns and
trends in the time-series at varying temporal scales,
rendering the data readily usable in forecasting. The good

performance of the W-ENN model highlights the useful-
ness of ensemble modeling, which ensures model robust-
ness along with improved reliability by reducing variance.
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Introduction

An important element of sustainable groundwater man-
agement is accurate and reliable forecasting of groundwa-
ter levels (Mohanty et al. 2010; Adamowski and Chan
2011). Two main types of approaches are used for
groundwater level forecasting, namely physically based
numerical models (e.g., MODFLOW, FEFLOW,
HydroGeoSphere) and data-driven models (e.g., multiple
linear regression, autoregressive integrated moving aver-
age, or artificial neural networks). Numerical models
require large amounts of detailed input data, which may
not be always available and can be costly and difficult to
obtain (Adamowski and Chan 2011; Yoon et al. 2011).
Data-driven models have been developed as an alternative
to numerical models, and are particularly useful when
available data are limited, as well as when forecasts of
groundwater levels are required rather than a physical
representation of the dynamics of a groundwater system
(Adamowski and Chan 2011; Moosavi et al. 2013).

Several studies have compared physically based nu-
merical models with data-based models such as artificial
neural networks (ANN) for groundwater level forecasting
(e.g., Maskey et al. 2000; Coppola et al. 2003;
Daliakopoulos et al. 2005; Mohammadi 2008; Nikolos
et al. 2008; Banerjee et al. 2011; Mohanty et al. 2013). For
instance, Maskey et al. (2000) demonstrated that neural
network models (NNs) were 17 times faster than
MODFLOW and MODPATH, and provided reasonable
accuracy in selecting an optimal pumping strategy for
contaminated aquifer cleanup. Coppola et al. (2003) used
NNs for groundwater level prediction in a complex
multilayered aquifer system under variable state,
pumping, and climate conditions; they found that the
NNs substantially outperformed a MODFLOW numerical
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model at 12 observation wells. It was concluded that the
predictive accuracy of NNs translates into better identification
of pumping strategies for optimizing groundwater
management. Mohanty et al. (2013) also compared a
groundwater flow simulation using MODFLOW with NNs
for forecasting groundwater level in an alluvial plain aquifer
system, and found that the NNs provided better predictions
for short time-horizons (1 week ahead). The authors also
differentiated and highlighted the different advantages
offered by NNs (e.g., no explicit characterization and
quantification of physical system properties) and physically
based numerical models (e.g., these are more appropriate
for long-term predictions that require high accuracy).
Banerjee et al. (2011) predicted the groundwater salinity
of an island aquifer system at different pumping rates
using NNs with rapid propagation as the training algorithm
and a numerical solute transport model. It was shown that
the NN model is a simpler and more accurate alternative
to the numerical model for predicting water quality over a
5-year period and for providing a guideline on pumping
rates to maintain a groundwater salinity level within
permissible levels.

Nikolos et al. (2008) used an NN for an optimization
procedure to maximise the total pumping rate of wells
located on Rhodes Island (Greece) to cover the water
demand without violating environmental constraints
related with the water table drawdown at critical
locations. The NN showed substantial advantages
compared to a 3D finite element model in terms of
computational efficiency and versatility for scenario
testing. Mohammadi (2008) found that NN models were
more accurate in forecasting groundwater levels than a
finite-difference flow model, and concluded that the
large number of parameters and the long computation
time are the main disadvantages of numerical-based
models. It should be emphasized that the main
advantage of numerical-based models is that it facilitates
the understanding of the underlying mechanisms of a
particular system, while data-driven models aim at
establishing a direct functional relationship between
response and predictors regardless of the detailed
physical processes. Thus, in the case where data are
limited and where accurate forecasts are more important
than understanding the underlying mechanisms of a
particular system, data-driven models are preferable
(Adamowski and Chan 2011).

During the last two decades, several data-driven
models (e.g. autoregressive moving average (ARMA),
autoregressive integrated moving average (ARIMA),
multiple linear regression (MLR), artificial neural net-
works (ANN), and wavelet transform-ANN hybrid models
have been examined for the forecasting of groundwater
levels in ‘natural’ environments (i.e., not on mine sites for
instance, where surface and groundwater flow systems are
subject to continuous modifications). However, to the best
knowledge of the authors, data-driven models have not
been examined to date for the forecasting of groundwater
levels under conditions of mine-tailings recharge, which is
the main goal of this study.

Several studies have examined ARMA, ARIMA, and
second-order difference ARIMA models for the forecast-
ing of groundwater levels (e.g. Ahn and Salas 1997; Ahn
2000; Bidwell 2005; Adamowski and Chan 2011;
Shirmohammadi et al. 2013). Other studies proposed a
multiple linear regression (MLR) model for groundwater
level forecasting (e.g. Hodgson 1978; Jasmin et al. 2010;
and Perez-Valdivia and Sauchyn 2011).

ARMA, ARIMA and MLR models are limited in their
ability to analyze non-linear data patterns, which are
often found in hydrological/environmental systems
such as groundwater systems. Thus, in recent years,
artificial neural network (ANN) models have been
increasingly utilized for groundwater level forecasting
(e.g. Daliakopoulos et al. 2005; Nayak et al. 2006;
Uddameri 2007; Krishna et al. 2008; Tsanis et al. 2008;
Banerjee et al. 2009; Sreekanth et al. 2009; Sethi et al. 2010;
Adamowski and Chan 2011; Taormina et al. 2012). ANN
models are often described as “black box” models which
can provide relatively accurate predictions of groundwater
levels even with limited data sets. They can also better
adapt to dynamic, and non-linear changes (Adamowski
and Chan 2011; Daliakopoulos et al. 2005).

ANN models have been examined for groundwater
level forecasting in different regions and case studies
around the world such as Lallahem et al. (2005) in
northern France, Daliakopoulos et al. (2005) in Greece,
Nayak et al. (2006), Ghose et al. (2010), and Mohanty
et al. (2010) in India, Farias et al. (2009) in Japan,
Adamowski and Chan (2011) in Canada, and Taormina
et al. (2012) in Italy.

To date, no studies have examined the performance of
ANN models for forecasting groundwater levels under
conditions of tailings recharge. Tailings are typically
deposited as a pulp (water and acid-generating mine
waste) at a mine site in tailings ponds. Given the usually
large quantity of deposited tailings and the potential to
adversely impact surface and groundwater resources, it is
important to predict the short- and long-term effects of this
deposition on the natural groundwater level. In the field of
mining hydrogeology, it is common practise to use
physically based numerical models to reproduce observa-
tions and to predict long-term groundwater levels in order
to evaluate the degree of imperviousness of the ponds and
hence the potential contamination of the underlying soils
and aquifers. However, in environments affected by
humans that are subject to continuous change, such as
mine sites, physically based numerical models are often
very difficult to parameterize, calibrate and validate
because of changing topography, groundwater drainage
systems, and surface-water rerouting. Data-driven models
which are independent of the underlying physical pro-
cesses, represent an alternative approach that could be
used to reproduce observations and make accurate
predictions.

Despite the good performance of ANN models, they
have limitations, particularly with non-stationary data
(Adamowski and Chan 2011). In order to improve the
ability of the ANN models to handle non-stationary data,

122

Hydrogeology Journal (201 ) 23: 121–141 DOI 10.1007/s10040-014-1204-35



recent research has focused on wavelet transforms, which
are mathematical functions that can help analyze data sets
that have non-stationary properties. Several studies have
shown promising performance outcomes when using
hybrid wavelet-ANN (W-ANN) models in comparison to
ANN and other predictive models (e.g. Ding et al. 2010;
Adamowski and Chan 2011; Ramana et al. 2013; and
Nayak et al. 2013).

Although the ANN and W-ANN methods are able to
address non-linear and non-stationary patterns, other
studies have indicated that the use of ensemble neural
network models improves the performance of single
ANNs; ensemble NNs are also considered to be more
robust models (e.g. Sharkey 1999; Dietterich 2000; Shu
and Burn 2004; Shu and Ouarda 2007; Ouarda and Shu
2009; Zaier et al. 2010; Khalil et al. 2011). Ensemble NNs
are considered to be more consistent and reliable, as they
are developed considering different realizations of the
training datasets, so that even if the nature of the datasets
were to change in the future, the ensemble NN model is
more likely to perform consistently. However, despite
their usefulness, ensemble neural networks (ENN), as well
as wavelet-ensemble neural networks (W-ENN), have
never been examined for groundwater level forecasting
under tailings recharge.

The main goal of this study is to examine five data-
driven models for the short-term forecasting (1 day,
1 week, and 1 month ahead) of groundwater levels
under tailings recharge in an abandoned zinc and
copper mine in Quebec (Canada), with a specific focus
on three new approaches (W-MLR, W-ANN and W-
ENN) that have not been explored in the literature for
groundwater level forecasting under tailings recharge.
These new hybrid models that employed wavelet
transforms to de-noise the model predictors were
compared to ‘traditional’ data driven forecasting methods
(i.e., MLR and ANN).

Study area

The study area is the Manitou mine site, located 15 km
east of the city of Val-d’Or in the Abitibi-Témiscamingue
region of the province of Quebec, Canada (Fig. 1a). In this
zinc and copper mine (which was abandoned in 1979), 11
million tons of tailings were deposited in poorly confined
ponds covering almost 50 ha. Due to the significant
sulphide content, the tailings are acid generating and have
a strong impact on surface water and groundwater
resources and their ecosystems.

The rehabilitation method applied to this site is based
on the elevated water-table technique (Ouangrawa et al.
2010). This method is based on strategically covering
existing acid-generating tailings with neutral material,
provoking a raised water table beyond the neutral/
reactive tailings interface and assuring a sufficiently high
degree of capillary saturation within the tailings above the
water table in order to inhibit sulphide oxidation. In this
regard, a raised water table is expected by sufficient

deposition of neutral, heavy-metal-free tailings transported
in a pulp (50 % of solids) from a nearby gold mine
through a pipeline system. Ultimately, tailings are
deposited by single point discharge (Fig. 2a) or spigot
disposal, which consists of smaller pipe outlets evenly
spaced on the main pipe around the perimeter of the
tailings pond (Fig. 2b).

To monitor the water-table evolution and to evaluate
the performance of the selected rehabilitation technique,
30 piezometers were installed in the tailing ponds and the
surrounding environment in 2009. Groundwater levels are
logged at 6-h intervals with Micro Divers (Schlumberger).
In this study, water-table evolution in the center area of the
50-ha tailings pond was considered, and two piezometer
time series were used (OW-F2 and OW-F7, see Figs. 1b
and 3a). The selection of the two observation wells simply
served as examples for the comparison between the five
data-driven models. Nevertheless, the chosen observation
wells are representative of the center area, as they depict
the variable impact of the tailings deposition at the study
site with respect to location. At OW-F7, the general water-
table fluctuations caused by the tailings disposal are more
than three times as large as at OW-F2 (Broda et al. 2014).
It should be emphasized that models developed for OW-
F2 or OW-F7 are not transferable to other OWs;
however, similar models can be developed for every
single OW in the area.

The deposition of the neutral gold mine tailings began
in 2008 and was interrupted in 2011 due to operational
issues. In total, 27 deposition events have been recorded,
each being observed at different places and times
(Fig. 1c). For each deposition event, the final affected
surface and the total tailings discharge is known and a
tailings-induced recharge per unit area could be calculated
(see Fig. 3b for a comparison between atmospheric
rainfall induced and tailings-induced recharge to the
aquifer). For this calculation, the tailings discharge is
assumed to remain constant throughout each individual
deposition period.

Although not all the tailings discharges are going to
recharge the groundwater, and some factors may affect the
recharge rates (e.g. evaporation and infiltration rates),
tailings-induced recharge per unit area can be used as an
indicator of tailings recharge. Delving into the details to
identify the amount of tailings that recharge the ground-
water may be required for the calibration and validation of
numerical- or physical-based models; however, for data-
driven models an indicator of the tailings recharge may be
sufficient. The selection of the tailings recharge instead of
tailings amount as a predictor was based on preliminary
analysis that indicates higher levels of correlation between
the water level and tailing recharge as compared with
correlation between the water level and tailings amount.

Furthermore, precipitation rates and air temperatures
(Fig. 3a) were retrieved from the Val-d’Or meteorological
station (Environment Canada 2013). The average yearly
precipitation amounts to 910 mm, and minimum and
maximum average daily temperatures are −17 °C (January)
and +17 °C (July), respectively. Daily records, for tailings,
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precipitation and air temperature, from 7 May 2009 to 31
October 2011 were used in this study.

In this study, the main objective was to evaluate the
versatility and precision of data-driven models to forecast
short-term effects of tailings deposition on groundwater
level evolution. The effect of applied rehabilitation
measures needs to be monitored and extrapolated, espe-
cially during mine site rehabilitation and operational
tailings management. The forecasting periods used in this
study (1 day, 1 week and 1 month ahead) reflect typical
lead times to adapt strategies according to the model
output such as relocation of pipelines to areas where
additional tailings deposition is needed or the increase of
tailings discharge to satisfy a rehabilitation target (i.e.,
sufficiently elevated water table), or in general to identify
optimized pumping schedules for optimal groundwater
remediation, and to help in developing protection plans.

Methodology

Five data-driven models were considered in this study,
namely: multiple linear regression (MLR), artificial neural
network (ANN), two hybrid models that employ wavelet
transform with MLR and ANN (W-MLR and W-ANN),
and the W-ENN model.

Multiple linear regression (MLR)
The main goal of MLR is to establish a relationship
between a response variable (groundwater level) and
several predictor variables (precipitation, mean tempera-
ture and tailings recharge). In MLR, the groundwater level
(y) is expressed in terms of an intercept (a) and a set of
regression coefficients multiplied by the predictors. The
regression coefficients represent the contribution of each

Fig. 1 a Location of the study site, b tailings ponds, topography and location of observation wells used in this study, and c surfaces
affected by tailings deposition from 2009 to 2011

Fig. 2 Examples for tailings deposition using a single point discharge or b spigot disposal (Source: the Industrial NSERC Polytechnique-
UQAT Chair on Environment and Mine Wastes Management)
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predictor variable to the estimation of the response
variable. The ordinary least squares method is employed
to estimate the intercept and coefficients that minimizes
the sum of the squared difference between estimated and
measured values of the response variable. The MLR
procedures estimate a linear equation of the form:

byiþ1 ¼ a þ b1 Ri þ b2 Pi þ b3 Ti ð1Þ

where ŷi+1 is the estimated groundwater level (m asl) at day
i+1, a is the intercept, b1, b2, and b3 are the regression
coefficients, and Ri, Pi, and Ti are the values of the tailings
recharge (mm/d), precipitation (mm/d) and mean tempera-
ture (°C) at day i, respectively. For the forecasting of 1 week
and 1 month ahead, the MLR models were calibrated to
estimate ŷi+7 and ŷi+30, respectively, using Ri, Pi, and Ti. It
should be emphasized that MLR has five assumptions
(Helsel and Hirsch 2002): the response variable is linearly
dependent on the predictors; the data used to fit the model are
representative; and the residuals are homoscedastic, inde-
pendent and normally distributed. Preliminary analysis
confirms the linear relation betweenwater levels and tailings,
precipitation and air temperature (linear and nonlinear
correlations are shown in the results section, Tables 7 and 8).
In addition, using 900 records of daily measures (from 7 May
2009 to 31October 2011) was considered representative. If the
assessment of uncertainty or confidence intervals of estimates
is of concern, statistical hypothesis should be introduced
(Serinaldi et al. 2012). In this case, assumptions about the
model residuals must be fulfilled.

Artificial neural networks (ANN)
The multilayer perceptron (MLPs) ANN originally
proposed by Rumelhart and McClelland (1986) was
employed in this study. It is one of the most commonly
used and well-researched classes of ANNs (Ouarda and

Shu 2009; Khalil and Adamowski 2014). The MLP consists
of an input layer, an output layer, and at least one hidden
layer (Anderson 1995). Various studies have found that one
hidden layer may be sufficient for the ANN to approximate
any complex nonlinear function in hydrology (e.g. Zhang
et al. 1994; Coulibaly and Anctil 1999; Coulibaly et al.
2000). This is also confirmed in this study, where initial
results indicated that one hidden layer was adequate to
approximate the relation between groundwater level and the
selected predictors (tailings recharge, precipitation and daily
mean temperature).

The input layer consists of three nodes that receive the
values of the three predictors. The output layer consists of
one node that provides the forecasted groundwater level. The
determination of the size of hidden nodes is an important
task. Normally, it is determined by a trial-and-error
approach; however, there are some guidelines proposed in
the literature for the selection of the optimal size of hidden
nodes. For example, Shu and Ouarda (2007) recommended
that the number of hidden nodes should be less than twice the
number of input nodes (NI); Maier and Dandy (2001)
recommended that the upper limit of the number of hidden
nodes be identified as follows:

NH ¼ min 2N I þ 1;NTR=N I þ 1
� � ð2Þ

where NH is the maximum size of hidden nodes, NI is the
size of input nodes and NTR is the size of training sample.
In this study, the optimal size of hidden nodes was
determined based on a trial-and-error process involving
varying the size of hidden nodes from one to NH. The tan-
sigmoid transfer function was used for the hidden nodes,
which allows for the extension of the nonlinear approx-
imation ability of the ANN (Shu and Ouarda 2007; Khalil
et al. 2011, 2012), while a linear transfer function was
used for the output node.

Although for ANN models the probability distribution
of the input data does not have to be known (e.g. Burke
and Ignizio 1992), some studies have pointed out that as

Fig. 3 a Observed groundwater levels and air temperatures; b precipitation and calculated tailings-induced recharge
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the mean square error function is generally used to
optimise the connection weights, the data need to be
normally distributed in order to obtain optimal results
(Fortin et al. 1997). However, Faraway and Chatfield
(1998) showed that the performance of the ANN models
were the same using either raw or normally transformed
data. In this study, preliminary trials showed that the
performance of the ANN models was almost the same
using normalized or raw data; the predictors were
normally transformed using box-cox transformation.

The Levenberg–Marquardt (LM) training algorithm
(Hagan and Menhaj 1994) was employed in this study to train
the ANN models. The LM is considered one of the most
efficient and fast algorithms for training ANNs (Burney et al.
2004; Khalil et al. 2011). In this study, the initial LM scalar
parameter (μ) was given as 0.005. The μ value changed during
the training process based on the model performance. The μ
value was multiplied by 0.1 if a training epoch decreased the
performance of the ANN, and it was multiplied by 10 if the
performance of the ANN increased and the training process
stopped when the μ value reached μmax =1×10

4.

Wavelet transforms
Although ANNs have the advantage of being able to
establish the non-linear relationship between explanatory
and response variables, ANN models are limited in their
ability to deal with non-stationary data (Swee and
Elangovan 1999). The wavelet transform (WT), developed
recently (during the last two decades) in the mathematics
community, has been shown to be an effective tool in
analysing non-stationary time series (e.g., Partal and
Kisi 2007; Adamowski and Chan 2011). As an
important derivative of the Fourier transforms (FT),
the WT consists of a multi-resolution analysis in the
time and frequency domains (Tiwari and Chatterjee
2011). The advantage of WT over FT is their ability to
simultaneously obtain information on the time, location
and frequency of a signal, while the FT only provides
information on the frequency of a signal (Adamowski
and Chan 2011). The WT provides a useful decompo-
sition of a time series, so that faint temporal structures
can be better revealed and handled by data-driven
models (Murtagh et al. 2004).

Table 1 Performance measures for the five models developed to forecast groundwater levels at lead time of 1 day at observation well OW-
F2, where W[0-7-9] represents the decomposition levels at which the approximation components for [R-P-T] were selected; ANN(3-7-1)
represents the size of nodes in (input-hidden-output) layers; and {14} represents the ensemble size in the W-ENN models

Metrics MLR W[0-7-9]-MLR ANN(3-7-1) W[0-7-9]-ANN(3-7-1) W[0-7-9]-ENN(3-7-1){14}

R2 0.416 0.819 0.834 0.979 0.983
BIAS (m asl) 0.000 0.000 0.001 0.002 0.001
BIASr (%) 0.000 0.000 0.000 0.001 0.000
RMSE (m asl) 0.344 0.192 0.184 0.065 0.058
RMSEr (%) 0.103 0.057 0.055 0.020 0.017
NASH 0.416 0.819 0.834 0.979 0.983

Table 2 Performance measures for the five models developed to forecast groundwater levels at lead time of 1 week at observation well
OW-F2, where W[0-7-9] represents the decomposition levels at which the approximation components for [R-P-T] were selected; ANN(3-7-1)
represents the size of nodes in (input-hidden-output) layers; and {20} represents the ensemble size in the W-ENN models

Metrics MLR W[0-7-9]-MLR ANN(3-7-1) W[0-7-9]-ANN(3-6-1) W[0-7-9]-ENN(3-6-1){20}

R2 0.430 0.829 0.829 0.981 0.982
BIAS (m asl) 0.000 0.000 0.001 0.000 0.000
BIASr (%) 0.000 0.000 0.000 0.000 0.000
RMSE (m asl) 0.336 0.184 0.184 0.062 0.060
RMSEr (%) 0.101 0.055 0.055 0.018 0.018
NASH 0.430 0.829 0.829 0.981 0.982

Table 3 Performance measures for the five models developed to forecast groundwater levels at lead time of 1 month at observation well
OW-F2, where W[0-7-9] represents the decomposition levels at which the approximation components for [R-P-T] were selected; ANN(3-7-1)
represents the size of nodes in (input-hidden-output) layers; and {20} represents the ensemble size in the W-ENN models

Metrics MLR W[0-7-9]-MLR ANN(3-7-1) W[0-7-9]-ANN(3-7-1) W[0-7-9]-ENN(3-7-1){20}

R2 0.380 0.818 0.726 0.984 0.987
BIAS (m asl) 0.000 0.000 0.002 0.000 0.000
BIASr (%) 0.000 0.000 0.001 0.000 0.000
RMSE (m asl) 0.340 0.184 0.226 0.054 0.049
RMSEr (%) 0.102 0.055 0.067 0.016 0.015
NASH 0.380 0.818 0.726 0.984 0.987
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Several studies have shown that data preprocessing using
WT improves ANN performance for monthly reservoir
inflow (Coulibaly et al. 2000), drought forecasting (Kim
and Valdés 2003), precipitation forecasting (Partal and
Kisi 2007), suspended sediment forecasting (Partal and
Cigizoglu 2008), river flow forecasting (Adamowski
2008; Adamowski and Sun 2010), and groundwater level
forecasting (Adamowski and Chan 2011).

There are two main types of WT: continuous wavelet
and discrete wavelet transform. For groundwater level
forecasting problems, input data are usually discretely
sampled, which makes the discrete wavelet transform
(DWT) a more appropriate approach. The “a Trous” WT
was used in this study as the most appropriate DWT for
forecasting studies (Mallat 1999). Consider C0 as the
original time series, and Cs as the approximation compo-
nent at scale s, then the WT (Ws) (details component) is
given by the following set of equations (Shensa 1992):

Ws kð Þ ¼ Cs−1 kð Þ � Cs kð Þ ð3Þ

Cs kð Þ ¼
Xþ∞

l¼−∞
h lð Þcs−1 k þ 2slð Þ ð4Þ

where k is the position (within the time series) at which the
wavelet transform is calculated, h(l) is the low pass filter, and
l= (1/16,1/4,3/8,1/4,1/16). To cater for the requirement that
future data values cannot be used in the calculation of the
wavelet transform, the “Haar a Trous” wavelet transform
introduced by Zheng et al. (1999) should be used instead of
the conventional “a Trous” wavelet transform. The “Haar a
Trous” wavelet algorithm is exactly the same as the “a
Trous” wavelet algorithm except that the low-pass filter h(l)
is replaced by a simpler filter, where l= (0.5,0.5}) Thus,
Eq. (4) becomes (Murtagh et al. 2004):

Cs kð Þ ¼ 1

2
Cs−1 kð Þ þ Cs−1 k−2sð Þð Þ ð5Þ

Thus, at any time point k, the information after k is not
used in calculating the wavelet coefficient.

Table 5 Performance measures for the five models developed to forecast groundwater levels at 1 week ahead at observation well OW-F7,
where W[0-7-9] represents the decomposition levels at which the approximation components for [R-P-T] were selected; ANN(3-6-1)
represents the size of nodes in (input-hidden-output) layers; and {12} represents the ensemble size in the W-ENN models

Metrics MLR W[0-7-9]-MLR ANN(3-6-1) W[0-7-9]-ANN(3-6-1) W[0-7-9]- ENN(3-6-1){12}

R2 0.110 0.688 0.636 0.985 0.989
BIAS (m asl) 0.000 0.000 −0.003 0.004 0.001
BIASr (%) 0.001 0.000 −0.001 0.001 0.000
RMSE (m asl) 0.943 0.559 0.604 0.121 0.104
RMSEr (%) 0.282 0.167 0.181 0.036 0.031
NASH 0.110 0.688 0.636 0.985 0.989

Table 6 Performance measures for the five models developed to forecast groundwater levels at 1 month ahead at observation well OW-F7,
where W[0-7-9] represents the decomposition levels at which the approximation components for [R-P-T] were selected; ANN(3-7-1)
represents the size of nodes in (input-hidden-output) layers; and {14} represents the ensemble size in the W-ENN models

Metrics MLR W[0-6-9]-MLR ANN(3-7-1) W[0-7-9]-NN(3-6-1) W[0-7-9]- ENN(3-6-1){14}

R2 0.073 0.586 0.674 0.988 0.991
BIAS (m asl) 0.001 0.000 −0.001 0.001 0.000
BIASr (%) 0.001 0.000 0.000 0.000 0.000
RMSE (m asl) 0.968 0.646 0.574 0.109 0.096
RMSEr (%) 0.289 0.193 0.172 0.033 0.029
NASH 0.073 0.586 0.674 0.988 0.991

Table 4 Performance measures for the five models developed to forecast groundwater levels at 1 day ahead at observation well OW-F7,
where W[0-7-9] represents the decomposition levels at which the approximation components for [R-P-T] were selected; ANN(3-7-1)
represents the size of nodes in (input-hidden-output) layers; and {18} represents the ensemble size in the W-ENN models

Metrics MLR W[0-7-9]-MLR ANN(3-7-1) W[0-7-9]-ANN(3-6-1) W[0-7-9]-ENN(3-6-1){18}

R2 0.125 0.725 0.696 0.987 0.988
BIAS (m asl) 0.000 0.000 −0.004 0.005 0.000
BIASr (%) 0.001 0.000 −0.001 0.001 0.000
RMSE (m asl) 0.933 0.523 0.550 0.112 0.107
RMSEr (%) 0.279 0.157 0.165 0.034 0.032
NASH 0.125 0.725 0.696 0.987 0.988
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Wavelet-multiple linear regression
and wavelet-artificial neural network models
The two hybrid models, W-MLR and W-ANN, considered
in this study are based on MLR and ANN respectively,
where the input variables were preprocessed using wavelet
analysis. In these two hybrid models, the three input
variables were the tailings recharge, precipitation and
mean temperature approximation components.

In general, the DWT requires that the input data have a
number of values that is an integer power of two. Given that
the number of valid cases is 900 (daily records from 7 May
2009 to 23 October 2011), the resolution levels is limited to
nine (29 = 512). In the case of one level of decomposition, the
input time series is transformed into a smoothed (approxi-
mation: A1) component, which can be considered as the de-
noised component, and one detail component (D1). In the
second decomposition level, the approximation component
generated from the first decomposition level (A1) is
transformed into a detail (D2) and second level approxima-
tion component (A2), and so forth for higher decomposition
levels. Thus, in the case of two decomposition levels, the
input time series is transformed into an approximation
component (A2) and two detail components (D1 and D2),
and so forth for higher decomposition levels (e.g., third level:
A3, D1, D2 and D3; fourth level: A4, D1, D2, D3, and D4, and
so forth). In the W-MLR and W-ANN models, the A
components of the input variables were used instead of the
original variables.

It should be emphasized that the wavelet transform was
applied to the precipitation and air temperature time series
but not to the tailings time series because the tailings time
series is not a natural random variable, as the tailings were
discharged at constant rates for rather long periods, and as
such there is almost no noise or uncertainty in the amounts of
tailings recorded. It is worth mentioning that several trials
were examined using the details and approximation compo-
nents, which did not show better performance than the trials
using only the approximation components. Thus, with the
W-MLR or W-ANN models, the predictors were the tailing
original time series, and the approximation components of
the precipitation and air temperature variables.

The best level of decomposition was identified for the
W-MLR using the Pearson correlation coefficient (r),
while for the W-ANN the mutual information criterion
was used as an indicator for nonlinear correlation (λ).

r ¼

X
i¼1

n

Ai � A
� �

yi � y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
i¼1

n

Ai � A
� �2s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX

i¼1

n

yi � y
� �2s ð6Þ

where yi and Ai are, respectively, the groundwater level
and approximation component values at time i, and y and

Table 7 Correlation coefficients between the groundwater levels and each of the tailings recharge, precipitation, and mean temperature at
OW-F2 and OW-F7

Lead time Predictor Pearson correlation (r) Mutual Information (λ)
OW-F2 OW-F7 OW-F2 OW-F7

One day Tailings recharge 0.448 0.232 0.833 0.799
Precipitation −0.043 0.056 0.224 0.221
Mean temperature −0.330 −0.210 0.622 0.577

One week Tailings recharge 0.459 0.230 0.830 0.797
Precipitation −0.045 0.063 0.234 0.221
Mean temperature −0.332 −0.185 0.625 0.581

One month Tailings recharge 0.446 0.239 0.832 0.800
Precipitation −0.004 0.089 0.214 0.228
Mean temperature −0.308 −0.072 0.610 0.567

Fig. 4 The RMSE values for different hidden node sizes for the ANN models developed for observation wells a OW-F2 and b OW-F7, at
lead times of 1 month ahead
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Ā are, respectively, the mean value of the groundwater
level and the approximation component, respectively; n is
the size of records (Moon et al. 1995).

MI ¼ log2
P A; yð Þ
P Að ÞP yð Þ
� �

ð7Þ

where MI is the mutual information, P(A,y) is the joint
probability density of A and y, and P(A) and P(y) are the

marginal probability densities of A and y, respectively. The
λ is a scaled MI comparable to the Pearson correlation
coefficient defined as follows (Moon et al. 1995):

λ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� e−2 MI

p
ð8Þ

The selection of the decomposition level was based on
two steps. The first step consisted of computing the
correlation between the groundwater level and the

Fig. 5 a–fObserved and forecasted groundwater levels using ANN at observation wells OW-F2 (left-hand plots) and OW-F7 (right-hand plots)
at different lead times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1 month ahead, bottom plots). Date format: dd/mm/yyy

Fig. 6 Correlation coefficients between the groundwater levels and the approximation component of each of the precipitation and mean
temperature at different decomposition levels at observation wells a OW-F2 and b OW-F7, at a lead time of 1 month ahead
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approximation components from each decomposition level
from one to nine. In the second step, the approximation
component that showed the highest correlation with the
groundwater level was selected as the predictor.

Wavelet-ensemble neural networks (W-ENN)
The fifth model was the wavelet-ensemble neural network
(W-ENN). Numerous studies have shown that the use of
ENN improves the performance of a single ANN (e.g.
Sharkey 1999; Dietterich 2000; Shu and Burn 2004; Shu
and Ouarda 2007; Ouarda and Shu 2009; Zaier et al. 2010;
Khalil et al. 2011). The W-ENN consists of a group of W-
ANN members, where each of these W-ANN members is
trained for the same problem, and their results are
combined to produce the W-ENN output. The construction
of the W-ENN consists of two steps (Merz 1998): the first
step is the generation of the W-ANN members construct-
ing the ensemble; and the second step is to combine the
outputs of the W-ANN members to produce the W-ENN
output.

Various methods have been proposed in the literature for
the generation of ensemble members, and can be summa-
rized as follows: manipulating the set of initial random

weights; using different network architectures; using
different training algorithms; or manipulating the training
data set (Sharkey 1999; Shu and Ouarda 2007). For the
combination of outputs of the ensemble members, the
most commonly used techniques are the average and
stacked generalization (Wolpert 1992; Shu and Ouarda
2007). More details about each of these methods are
provided by Zaier et al. (2010).

Although manipulating the set of initial random weights is
the easiest approach to generate ensemble members, altering
the training data using resampling techniques (e.g. bagging
and boosting ) often provides better results (Dietterich 2000;
Shu and Burn 2004; Zaier et al. 2010). The boosting and
bagging techniques are the most common techniques for
manipulating the training data set. The boosting technique
consists of producing a sequence of ANN members so that
each subsequent ANN member focuses on training a set of
cases which are not well estimated by the previous member
(Schapire 1990). The bagging or the bootstrap aggregation
technique consists of improving the performance of the ANN
by using bootstrap replicates of the training set (Efron and
Tibshirani 1993; Breiman 1996; Shu and Ouarda 2007; Khalil
et al. 2011). Following Shu and Ouarda (2007), Ouarda and
Shu (2009), and Khalil et al. (2011), in this study, the bagging

Fig. 7 a–f Observed and forecasted groundwater levels using W-MLR at observation wells OW-F2 (left-hand plots) and OW-F7 (right-
hand plots) at different lead times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1 month ahead, bottom plots)
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Fig. 8 a–f Scatter plots for the forecasted and observed groundwater levels using W-MLR at observation wells OW-F2 (left-hand plots) and
OW-F7 (right-hand plots) at different lead times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1 month ahead, bottom plots)
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procedure was selected to generate the ensemble members,
and simple averaging was used to combine their outputs.

In the bagging technique, assume that the training dataset T
consists ofNTR cases (X1, y1) ,…, (XN

TR, yN
TR), whereX and y

are the predictors and response variables, respectively. To
generate the ensemble member TB from T, samplingNTR cases
with replacement from the original T data is applied, while all
of theNTR cases have equal probability (1/NTR) to be selected.
Thus, each bagging replicate (TB) may have many cases that
are selected more than once, while other cases are never
selected. The W-ENN members can then be trained using the
various TB generated by this process. The W-ENN members
have the same structure, transfer function, size of hidden nodes,
and training algorithm as defined for the W-ANN model.

Several studies have suggested guidelines for the size of the
bootstrap members. For instance, Agrafiotis et al. (2002)
showed that ten members could achieve a significant reduction
in classification error. Opitz and Maclin (1999) have shown
that the generalization ability can be noticeably improved
when the size increases to 10 or 15. Shu and Burn (2004) have
suggested that a size of 10 can attain sufficient generalization
ability. Zaier et al. (2010) used 20 members for the estimation
of ice thickness on lakes. Khalil et al. (2011) used 15 members
for the estimation of water-quality characteristics at ungauged
sites. In this study, sizes ranging from 2 to 20 were evaluated.

Evaluation procedures and criteria
The leave-one-out approach was applied for the validation of
the five models. For theMLR andW-MLRmodels, the leave-
one-out approach consists of using a single observation from
the available data to test the model, and the remaining
observations to calibrate the model (to estimate the model
parameters). This process is repeated such that each observa-
tion is used once to test the model. For the ANN-based
models (ANN, ENN, W-ANN and W-ENN), after leaving
one observation out, the remaining observations were divided
into 90 % for training and 10 % for validation.

Groundwater forecasted levels were evaluated against the
observed values. The evaluations were conducted using the
following six indices: the coefficient of determination (R2),
bias (BIAS), relative bias (BIASr), root mean squared error
(RMSE), the relative root mean squared error (RMSEr) and
the Nash-Sutcliffe criterion (NASH). These indices were
computed according to the following equations:

R2 ¼
X n

i¼1
byi � y
� �

yi � y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX n

i¼1
byi �by	 
2

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX n

i¼1
yi � y
� �2r

266664
377775
2

ð9Þ

Fig. 9 Mutual information (λ) between the groundwater levels and the approximation components of each of the precipitation and mean
temperature at different decomposition levels at observation wells a OW-F2 and b OW-F7 at a lead time of 1 month ahead

Table 8 Correlation coefficients between the groundwater levels and each of the tailings recharge, the wavelet pre-processed precipitation
and the wavelet pre-processed mean temperature at OW-F2 and OW-F7

Lead time Predictor Pearson correlation (r) Mutual information
(λ)

OW-F2 OW-F7 OW-F2 OW-F7

One day Tailings rechargea 0.448 0.232 0.833 0.799
Precipitationb 0.182 0.497 0.751 0.803
Mean temperaturec −0.760 −0.463 0.873 0.819

One week Tailings rechargea 0.459 0.230 0.830 0.797
Precipitationb 0.214 0.483 0.758 0.801
Mean temperaturec −0.746 −0.452 0.869 0.821

One month Tailings rechargea 0.446 0.239 0.832 0.800
Precipitationb 0.302 0.449d 0.792 0.747
Mean temperaturec −0.687 −0.416 0.847 0.838

aOriginal time series
b Approximation component at the seventh decomposition level
c Approximation component at the ninth decomposition level
d Based on the approximation component at the sixth decomposition level
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BIAS ¼ 1

n

X n

i¼1
byi−yi ð10Þ

BIASr ¼ 1

n

X n

i¼1

byi � yi
yi

ð11Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

X n

i¼1
yi−byi� �2r

ð12Þ

RMSEr ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

X n

i¼1

yi �byi
yi

 !2
vuut ð13Þ

Fig. 10 The RMSE values for different hidden node sizes for the W-ANN models developed for observation wells a OW-F2 and b OW-
F7 at a lead time of 1 month ahead

Fig. 11 a–f Observed and forecasted groundwater levels using W-ANN at observation wells OW-F2 (left-hand plots) and OW-F7 (right-
hand plots) at different lead times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1 month ahead, bottom plots)
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Fig. 12 a–f Scatter plots for the forecasted and observed groundwater level using W-ANN at observation wells OW-F2 (left-hand plots) and
OW-F7 (right-hand plots) at different lead times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1 month ahead, bottom plots)
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NASH ¼ 1−

X n

i¼1
byi−yi� �2

X n

i¼1
yi−y
� �2 ð14Þ

where yi and ŷi are, respectively, the observed and forecasted
groundwater level values at time i, and y and by are,
respectively, the mean value of the observed and forecasted
groundwater levels; n is the size of records.

Results and discussion

Multiple linear regression (MLR) models
Tables 1, 2, 3, 4, 5, and 6 show the performance measures for
the six MLR models developed for groundwater level
forecasting at observation wells OW-F2 (Tables 1, 2, and 3)
and OW-F7 (Tables 3, 4, 5, and 6). Tables show that the
BIAS values for the six models are almost equal to zero. This
is attributed to the nature of the linear regression that aims at
minimizing the square error in estimating the response,
which results in the negative and positive errors balancing
each other. However, the low R2 and NASH values show the
weak performance of the MLR models (worse for OW-F7,
Tables 4, 5, and 6).

Tables 1, 2, 3, 4, 5, and 6 show that the MLR models
developed for OW-F2 (Tables 1, 2, and 3) have better
performance than those developed for OW-F7 (Tables 4,
5, and 6), at any of the three lead times considered. In
addition, for OW-F2, the MLR developed for forecasting
1 week ahead showed better performance than that for
forecasting 1 day or 1 month ahead, while for the OW-F7
well, the MLR model for forecasting 1 day ahead showed
better performance than that developed for forecasting 1
week ahead, which in turn has better performance than
that developed for forecasting 1 month ahead.

The better performance for OW-F2 is attributed to the
relatively higher correlation coefficients (r) between the
tailings and the groundwater levels at OW-F2 at different
lead times compared to those for the OW-F7 (Table 7).
Table 7 shows that the r between the tailings recharge and
groundwater levels at OW-F2 (r=0.44) are larger than those
between the tailings and groundwater levels measured at

OW-F7 (r=0.23), at the three lead times considered. The
higher r values between tailings and the groundwater
levels measured at OW-F2 are due to the fact that
most of the deposition events took place closer to OW-
F2 than OW-F7.

For OW-F2, the better performance for the 1 week
model is because the r between the predictors and
groundwater levels measured 1 week ahead at OW-F2 is
higher than those at lead times of 1 day or 1 month ahead.
However, for OW-F7, the highest r was at a lead time of 1
month for tailings and precipitation. This may be
explained by the time the rainfall or tailings associated
with the wetting front reaches the groundwater levels at
each of OW-F2 and OW-F7. However, for OW-F7, the
lowest r for air temperature was at a lead time of 1 month
ahead, which significantly affected the performance of the
MLR for forecasting 1 month ahead at OW-F7.

There are several factors that govern the path of the
applied recharge above and through the tailings such as
particle texture, topography, hydraulic conductivity, po-
rosity, and evaporation, among other factors. However,
information about these factors is not available at the same
time scale as the information about the air temperature,
tailings recharge and precipitation (daily records), and this
is why such factors were not included as predictors. In
addition, the unavailability of such types of information in
the appropriate spatial and temporal dimensions empha-
sizes the usefulness of data-driven models. In addition, the
considerable amount of tailings in the pulp has an effect
on the soil characteristics and topography. Finally, as is
common in cold regions like Val d’Or, winter frozen soils
and spring snow melt processes may have an effect. All
these factors that affect the relationship may suggest that a
considerable portion of the relation is non-linear.

For precipitation as a predictor, it showed very weak
correlation coefficients with the groundwater levels at both
OW-F2 and OW-F7, which is not the case in natural
systems (without artificial recharge). This may be related
to the heavy continuous application of the tailings pulp,
which masks the effects of precipitation on groundwater
level fluctuation.

For air temperature, negative correlations were ob-
served at both OW-F2 and OW-F7, with relatively higher
absolute values at OW-F2. The negative correlation may

Fig. 13 The RMSE values for different ensemble sizes for the W-ENN models developed for observation wells a OW-F2 and b OW-F7, at
a lead time of 1 month ahead
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be related to the increase of evaporation rates during the
summer season, which may affect the infiltration rates,
and consequently creates the negative correlations. It
could be also due to the high impact of the tailings on
the groundwater levels, which may mask any positive
linear relation that may exist between groundwater levels
and air temperature.

All of these factors may be the source of a portion of
nonlinear or irregular relation between the three predictors
and groundwater levels measured at OW-F2 and OW-F7.
All of these factors as well as the possible nonlinear
relation between predictors and groundwater levels were
definitely not considered by the MLR models. In addition,
verification of the assumptions of the MLR models
indicates that the residuals were autocorrelated, not
normally distributed, and were found with non-zero mean
values. Thus, for the MLR models, the data may be
representative, and the response is somehow linearly
related to air temperature and tailings. However, the non-
normal distribution of the residuals and the associated
autocorrelation may hinder any evaluation of the confi-
dence interval of prediction or the application of hypoth-
esis tests (Helsel and Hirsch 2002; Serinaldi et al. 2012).

Artificial neural network (ANN) models
Tables 1, 2, 3, 4, 5, and 6 show the performance measures
for the six ANN models. For each of the ANN models,
three input variables were used to estimate the groundwa-
ter levels (one output), while the size of the hidden nodes
was identified using a trial-and-error approach from one
node to NH, which was equal to seven nodes based on
Eq. (2). For example, Fig. 4 shows the RMSE values
corresponding to the ANN models developed for OW-F2
and OW-F7, for forecasting 1 month ahead using one to
seven hidden nodes, where seven hidden nodes showed
the least RMSE values for both cases.

Tables 1, 2, 3, 4, 5, and 6 show that the RMSE,
RMSEr, and NASH corresponding to the ANN models
were much better than those corresponding to the MLR
models at any of the two observation wells or any of the
designed three lead times. For BIAS and BIASr, results

Fig. 15 a–f Scatter plots for the forecasted and observed
groundwater level using W-ENN at observation wells OW-F2
(left-hand plots) and OW-F7 (right-hand plots) at different lead
times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1
month ahead, bottom plots)

Fig. 14 a–f Observed and forecasted groundwater levels using W-ENN at observation wells OW-F2 (left-hand plots) and OW-F7 (right-
hand plots) at different lead times (1 day ahead, upper plots; 1 week ahead, middle plots; and 1 month ahead, bottom plots)
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were very similar. The better performance of the ANN
over MLR may be logically understood since the ANN
models consider the linear and nonlinear relation between
predictors and the response variable, while MLR models
consider only the linear relationship. This is confirmed by
computing the mutual information (λ) between the
predictors and groundwater levels at both observation
wells (Table 7).

Although the performance measures indicated better
performance for the models developed for OW-F7, Fig. 5
indicates a lot of scattered observations that either
overestimate or underestimate the real values. This may
be attributed to the high non-stationary levels at OW-F7
relative to OW-F2. In general, stationary data are data that
have constant mean and variance over time, which is not
the case for the water levels at either OW-F2 or OW-F7.
However, Fig. 3 indicates that the positive and negative
trends observed in OW-F7 water levels are much stronger
than those observed at OW-F2.

It should be emphasized that the authors assumed a
strong nonlinear relation between predictors and
groundwater levels at OW-F7, which may require two
hidden layers instead of only one. However, develop-
ing ANN models with two hidden layers did not
improve the performance and provided very similar
performance measure values as the models with one
hidden layer.

For OW-F2, the ANN model for forecasting 1 day
ahead (Table 1) showed almost the same performance as
the 1 week ahead model (Table 2), while both were
slightly better than the 1-month ahead model (Table 3).
However, for OW-F7, the performance of the ANN
models for 1 day, 1 week and 1 month ahead were almost
comparable (Tables 4, 5, and 6).

Wavelet transform-multiple linear regression
(W-MLR) models
In order to identify the best decomposition level, the
correlation coefficients between the groundwater levels
and the approximation components of each of the
precipitation and mean temperature at OW-F2 and OW-
F7 at the three lead times considered were evaluated. For
example, Fig. 6 shows the correlation coefficients for 1
month ahead at both observation wells, where the highest
correlation coefficients for the approximation component
of the mean temperature were at the ninth decomposition
level for both observation wells. For precipitation, the
highest correlation coefficient was at the seventh and sixth
decomposition levels for OW-F2 and OW-F7, respective-
ly. Similarly, the best approximation components for the
precipitation and mean temperature were identified for the
lead times of 1 day and 1 week at both observation wells.

Tables 1, 2, 3, 4, 5, and 6, as well as Figs. 7 and 8,
indicate that the performance of W-MLR models was
much better than the MLR models at any observation well
and at any of the three lead times considered. The better
performance of the W-MLR over MLR was due to the use
of the approximation components (de-noised components)

of precipitation and air temperature rather than the original
components. The de-noised components show better
association levels with the response variable at both
OW-F2 and OW-F7 (Table 8). Comparison of the
correlation coefficients between the approximation com-
ponents with the groundwater levels (Table 8) with those
between the original values and the groundwater levels
(Table 7), indicates higher correlation with the approxi-
mation components. For example, for 1 day ahead, the r
between the precipitation and groundwater level was
−0.04 (Table 7), and 0.182 with the precipitation-
approximation component at the seventh decomposition
level. As for the mean temperature, the best r was always
identified at the ninth decomposition level for both
observation wells at any of the lead times.

Wavelet-artificial neural network (W-ANN) models
Similar to W-MLR models, the best WT decomposition
level was identified for the W-ANN models based on
mutual information (λ) between the approximation com-
ponents and the groundwater levels. For example, Fig. 9
shows the λ values between the approximation compo-
nents of the precipitation and mean temperature at
different decomposition levels and the groundwater levels
at both observation wells at a lead time of 1 month.
Figure 9 shows that for the approximation component of
the precipitation, the highest λ was obtained at the seventh
decomposition level for both observation wells. As for the
approximation component of the mean temperature, the
highest λ was at the ninth decomposition level for both
observation wells. Similar results were obtained for lead
times of 1 day and 1 month ahead.

For the W-ANN, after identifying the best inputs based
on λ, the size of hidden nodes was also identified using a
trial-and-error approach by ranging the size of hidden
nodes from one to seven. Figure 10 shows the RMSE
values corresponding to the W-ANN models developed
for OW-F2 and OW-F7, for forecasting 1 month ahead
using one to seven hidden nodes, where seven hidden
nodes showed the least RMSE values for OW-F2 (with six
nodes for OW-F7).

Tables 1, 2, 3, 4, 5, and 6, as well as Figs. 11 and 12,
show that the performance of the W-ANN models was
better than the MLR, ANN and W-MLR for any of the

Table 9 Performance measures for the MLR and ANN models d-
eveloped to forecast groundwater levels, under unusual conditions
of mine-tailings recharge, at lead times of 1 day at observation wells
OW-F2 and OW-F7, where ANN(3-3-1) represents the size of nodes
in (input-hidden-output) layers

Metrics OW-F2 OW-F7
MLR ANN(3-3-1) MLR ANN(3-3-1)

R2 0.140 0.164 0.017 0.130
BIAS (m asl) 0.597 0.060 1.160 0.249
BIASr (%) 0.178 0.018 0.348 0.075
RMSE (m asl) 0.606 0.078 1.168 0.255
RMSEr (%) 0.181 0.023 0.350 0.077
NASH −199 −2.336 −424 −19.336
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observation wells and any of the considered lead times.
The advantage of the W-ANN models over the ANN
models is that the predictors in the W-ANN were de-
noised using WT, which is confirmed by the λ values in
Table 8 compared to those in Table 7. In addition, the
advantage of the W-ANN over the W-MLR models is that
the W-ANN models consider the nonlinear relation
between response and predictors, while W-MLR models
consider only the linear relationship, which may be
confirmed by comparing the r and λ values in Table 8.

Wavelet-ensemble neural network (W-ENN) models
Tables 1, 2, 3, 4, 5, and 6 show the performance measures
for the six W-ENN models. For each of the six W-ENN
models, the size of the ensemble was identified via a trial-
and-error approach, by evaluating the performance of the
W-ENN models using ensemble sizes ranging from two to
20. For example, Fig. 13 shows the RMSE values
corresponding to the W-ENN models developed for OW-
F2 and OW-F7, for forecasting 1 month ahead using 2–20
bagging replicates, whereby a size of 20 showed the
lowest RMSE values for OW-F2 (and 14 for OW-F7).

Tables 1, 2, 3, 4, 5, and 6 show that all the performance
measures corresponding to the W-ENN models were
better than those corresponding to any of the MLR,
ANN, W-MLR and W-ANN models at any of the two
observation wells or any of the designed three lead times.
It should be emphasized that the ensemble technique was
originally designed for cases of limited data. Although the
size of data used (900 records) cannot be considered

limited, the use of the ensemble technique improves the
W-ANN performance and provides more robust models as
indicated by Figs. 14 and 15. This can also be seen with
the R2, RMSE, RMSEr, and NASH values (Tables 1, 2, 3,
4, 5, and 6).

Although data-driven models provided good results for
the short-term forecasting of groundwater levels under
conditions of tailing recharge, it should be emphasized
that these models were developed for a specific site (OW)
and are not transferable to other OWs. In addition, in case
of any change in the hydrological and recharge conditions,
a recalibration and validation are required. The perfor-
mance of the developed models may deteriorate signifi-
cantly outside the range of the hydrological and recharge
conditions that prevailed during the calibration period.

To illustrate this point, the maximum tailings event was
removed and the remaining data were used for the
calibration of MLR and ANN models at each of the two
observation wells. The calibrated models were then used
to forecast the groundwater level for the period of the
maximum tailings recharge, which can be considered as
an unusual tailings recharge event with respect to the
recharge rates considered in the calibration process.

Tables 9, 10, and 11 show the performance measures
for the MLR and ANN models developed for groundwater
level forecasting under unusual tailings recharge at
observation wells OW-F2 and OW-F7. Comparing the
results in Tables 1, 2, 3, 4, 5, and 6 with those in Tables 9,
10, and 11, one can recognize a clear deterioration in the
model performances, which confirm that these models
require recalibration and validation in the case of any
change in the hydrological and recharge conditions.

Conclusions

Five models for the short-term forecasting of groundwater
levels under conditions of mine-tailings recharge at two
observation wells were examined in this study: MLR,
ANN, W-MLR, W-ANN and W-ENN models. The MLR
and ANN models aim to establish a functional relationship
between groundwater levels and three predictors: tailings
recharge, precipitation and mean temperature. For the
wavelet-based models (W-MLR, W-ANN and W-ENN),
wavelet analysis was employed to de-noise the precipita-
tion and mean temperature variables. MLR, ANN and
ENN models were then used to approximate the functional
relationship between the groundwater levels and the de-
noised predictors. The five models were developed and
applied using data from two observation wells that are
installed at a tailings deposition pond in Val d’Or, Quebec,
Canada.

The ‘leave-one-out’ validation approach was used to
evaluate the performance of the five models. The results
showed that the W-ENN models outperformed the other
models for the forecasting of the groundwater levels at
lead times of 1 day, 1 week and 1 month. Results also
showed that the performance of the ANN-based models
were better than that of the MLR-based models. In

Table 10 Performance measures for the MLR and ANN models
developed to forecast groundwater levels, under unusual conditions
of mine-tailings recharge, at lead times of 1 week at observation
wells OW-F2 and OW-F7, where ANN(3-4-1) represents the size of
nodes in (input-hidden-output) layers

Metrics OW-F2 OW-F7
MLR ANN(3-4-1) MLR ANN(3-4-1)

R2 0.078 0.057 0.018 0.077
BIAS (m asl) 0.593 0.018 1.148 0.226
BIASr (%) 0.177 0.005 0.344 0.068
RMSE (m asl) 0.601 0.044 1.154 0.231
RMSEr (%) 0.179 0.013 0.346 0.069
NASH −243 −0.292 −606 −23.321

Table 11 Performance measures for the MLR and ANN models
developed to forecast groundwater levels, under unusual conditions
of mine-tailings recharge, at lead times of 1 month at observation
wells OW-F2 and OW-F7, where ANN(3-7-1) represents the size of
nodes in (input-hidden-output) layers

Metrics OW-F2 OW-F7
MLR ANN(3-3-1) MLR ANN(3-7-1)

R2 0.228 0.277 0.025 0.416
BIAS (m asl) 0.537 0.032 1.048 0.159
BIASr (%) 0.161 0.010 0.314 0.048
RMSE (m asl) 0.540 0.048 1.050 0.163
RMSEr (%) 0.161 0.014 0.315 0.049
NASH −174 −0.366 −592 −13.350
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addition, the performance of the MLR and ANN models
was significantly improved by de-noising the predictors
using wavelet analysis. More generally, it was demon-
strated that data-driven models such as the W-ENN
method are an interesting alternative to numerical-based
models where the effect of operational tailings and mine-
site-rehabilitation management needs to be evaluated on a
short-term basis.

The five models developed in this study were designed
for short-term forecasting of groundwater levels under
conditions of tailings recharge; exploring these types of
models for long-term forecasting is recommended. It is
also recommended to examine other artificial intelligence
modeling methods such as support vector regression
(SVR) and W-SVR. In addition, developing models that
allow forecasting groundwater levels under tailings re-
charge, at several observation wells simultaneously, and
that allow for the provision of groundwater-level contours
within the deposition pond, are additional important
directions of future research.
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