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Abstract
The main objective of this work was to understand the evolution of water quality within a tailings dam of a
former radium-uranium mining site as a response to environmental remediation works. For this, results of
numerical groundwater modeling were combined with multivariate hydrochemical trend analysis derived
multivariate Principal Component Analysis and K-means clustering analysis. Numerical groundwater
models were developed with the aim of detecting the main �ow paths inside the tailings dam and across its
bordering. These models allowed the identi�cation of the hydrodynamic �ows in the area that are most
likely to be directly responsible for relevant hydrochemical exchanges in time. The spatial evolution of the
contamination plume in time was mapped considering a cumulative interpretation that integrates all the
hydrochemical indicators simultaneously through multivariate and clustering analysis. Resulting
hydrochemical maps were superposed with the �ow paths identi�ed from modelling allowing to conclude
that the contamination plume migrates within the tailings in the dependence of the main water �ow paths
that percolates within the tailings dam due to the existence of old shafts and old pre-existing streamlines
located underneath the tailings dam. The methodology adopted allowed the veri�cation of a general
improvement in groundwater quality with a spatial reduction of the contamination plume within the tailings
dam.

1. Introduction
The case study relates to an old radium-uranium tailings dam located in the Central Region of Portugal.
Since 2002, a Water Quality Monitoring Plan (WQMP) has been in place at this site by EDM, a Portuguese
state-owned company (EDM, 2011). From 2005 to 2007, EDM carried out environmental remediation works
at this old tailings dam. The site in question was subject to a relevant environmental rehabilitation project in
order to mitigate the radiological impacts, control leachate generation and chemical contamination
dispersion, as well as to create the necessary security conditions for the geomechanical stability of slopes.
The study considers the time-series results of this WQMP for the period between 2002 and 2016, which
comprises data from pre to post environmental remediation works. It is important to mention that for this
period of time, the developed WQMP allowed the identi�cation by the operator and the responsible
authorities of the main hydrochemical indicators to be considered for the control of water contamination
derived from the talings dam, which were: pH, Conductivity (µS/cm), eH, total uranium (p.p.b.), radium-226
(mBq/l), sulphate (mg/l), chloride (mg/l), manganese (mg/l) and calcium (mg/l) decrease in consequence
of pH increment. The study and selection of these hydrochemical indicators is therefore out of the scope of
the present study.

Groundwater modeling outputs generated for the area of the tailings dam and its interpretative results were
combined with the results of principal component and K-means clustering analysis of hydrochemical data,
in order to understand �ow paths dynamics within the tailings dam and its implications on groundwater
quality changes in the consequence of the environmental remediation works.

The �rst phase of this study was the development of a numerical groundwater model for the tailings dam
site. Equivalent continuum modeling with single porosity (Jeong and Lee, 1999; Berkowitz B. et al., 1998;
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Samardzioska and Popov, 2005; Chen et al. 2018; Yan X. et al., 2019) was considered. Each identi�ed media
was assumed to be equivalent to a homogenous porous media with groundwater �ow governed by Darcy's
law. For the modeling process, local variations of porosity and hydraulic conductivity were assumed for
each media. These variations were considered in the input grids of the model according to the local
characteristics of lithology, granulometry, weathering, joint and faulting which have direct implications on
potential �ow path generation and on local modi�cations on potentiometric head surface (Pinto, 2016).
Groundwater modeling was considered with a maximum depth of sixty meters below the base of the dam.
Percolation circuits, main in�ow and out�ow paths generated through the tailings dam and hydrodynamic
changes veri�ed between pre and post-remediation stages were identi�ed.

The focus of the second stage of this study was the analysis and interpretation of hydrochemical data
related with the piezometers and water shafts installed in the dam and in its surroundings. These structures
are related with the WQMP that was initiated in 2002 by the operator and has continued to the present days
(EDM, 2011; Diamantino et al., 2016; Zhang et al., 2017). In contamination problems, detection and
estimation of statistical tendencies and patterns may be a complex process especially in situations where
environmental conditions change, as is this case. Seasonality factors, data asymmetry, moderate and
severe outliers, missing data, are examples of situations that often occur and that may impede
interpretations, statistic processing and data trend detection (Hirsch et al., 1982; Hirsch and Slack, 1984;
Kundzewicz and Robson, 2004; Boyacioglu and Boyacioglu, 2008; Wahlin and Grimvall, 2008; Chandler and
Scott, 2011; Mozejko, 2012, Anghileri et al., 2014, Monteith et al 2014, Cooper et al, 2000; Voudouris et al.,
2000). Uncertainty generated by noise in the observed data hampers the detection of possible trends and
the means that are necessary for accurate statistical methods (Mozejko, 2012).

In our work, distinct subsets of quarterly frequency hydrochemical data were considered accordingly with
each monitoring piezometer (that is, piezometers numbers 1, 2, 3, 5, 6, 7, 9, 10 and 11) and for three distinct
periods of time T1, T2 and T3, where T1 aggregates hydrochemical data for each piezometer before
environmental remediation works (from 2002 to 2005), T2 aggregates the data immediately after
environmental remediation works (from 2008 until 2010), and, T3 aggregates data after the remediation
works for more signi�cant period of time (from 2015 to 2016). An interpretation of the hydrochemical
quality evolution for each piezometer (1, 2, 3, 5, 6, 7, 9, 10 e 11) along time (T1, T2 and T3) was developed.
According to the available data for each piezometer at each time-period, 24 subsets (that is, 3 periods of
time per each piezometer) were established and considered for statistical interpretation: 1T1, 1T2, 2T1, 2T2,
2T3, 3T1, 3T2, 3T3, 5T1, 5T2, 5T3, 6T1, 6T2, 6T3, 7T2, 7T3, 9T1, 9T2, 9T3, 10T1, 10T3, 11T1, 11T2 and
11T3. For each subset, the hydrochemical indicators pH, uranium total mass concentration (referred as
Utotal or total uranium) (ATSDR, 2011; Keith et al., 2014; Diamantino et al., 2016), radium-226 (Ra226),
sulphate (SO4), chloride (Cl), manganese (Mn) and calcium (Ca) were considered for multivariate and
cluster statistical analysis, more speci�cally Principal Component Analysis (PCA) and K-means clustering
method (KMC) (Voudouris et al., 2000, Yeung et al., 2001; Swanson et al., 2001; Ding and He, 2004; Koonce
et al., 2006; Templ et al. 2008; Thyne et al., 2008; Ledesma-Ruiz et al., 2015; Machiwala and Madan, 2015;
Mandel et al., 2015, Peng K., 2015; Li and Gao, 2018; Sotomayor et al., 2018; Marín Celestino et al., 2019,
Helena B. et al., 2020). PCA and KMC were selected to develop statistical analysis of the space-time data.
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Mapping of PCA scores (PCs) was performed. Subsequently, analysis of PCs with KMC was performed. The
PCs were considered �rstly for subsequent KMC analysis and secondly to develop interpretative space-
temporal maps. Each cluster obtained with KMC analysis of the PCs represents a speci�c hydrochemical
pro�le that was considered to verify the evolution of groundwater quality over time, at each one of the
piezometers. As it will be evident, the interpretation of PCs with KMC provides a better understanding of the
spatio-temporal trends, allowing more synthetic and, therefore, much easier interpretations when
observations and datasets are complex and di�cult to interpret. Also, being PCA and KMC multivariate
statistical analysis procedures, its consideration allows the cumulative integration of the multiple
hydrochemical indicators at the same time in one single analysis.

Finally, location of the distinct hydrochemical pro�les (clusters) were crossed with the groundwater
modelling results enabling a better understanding of the inner hydrodynamics of the tailings dam and its
direct implication on contamination plume changes over time. Relations between different �ow paths
located inside and beneath the tailings dam and its spatial correspondence to hydrochemical evolution
through time (T1, T2 and T3) were possible to be performed.

2. Materials And Methods
2.1. The old tailings dam and its hydrogeological conceptual model

The deposition of tailings in place started in early 1910s and �nished in 1988. In the initial years it was
related to production of radium concentrate. Subsequently, after the Second World War, the production
changed to uranium concentrate. The tailings deposited have therefore high heterogeny regarding its
mineralogical and geochemical composition. According with Uni�ed Soil Classi�cation System, USCS
(Directive ASTM D2487-11; Howard, 1986), these tailings have a high granulometric diversity, ranging from
clays, silts, silty-clay, clay loam and �ne to medium sands. According to local geological and geophysical
studies promoted by the operator (EDM, 2011), the rock mass that underlays the dam is a granite with two
major areas of distinct weathering and joint degrees (ISRM, 1981). Major faults throughout the granite are
present and are possibly the main conduits for water circulation beneath the tailings dam as they are linked
to a local riverside. Also, old mine shafts installed within the tailings have acted as conduits for water
circulation between the surface of the dam and its interior and, in some cases, the underling rock mass. For
several years, before de remediation works, these mining structures promoted the connectivity with
atmosphere and oxidation phenomena.

The tailings dam is located at the Iberian or Hesperian Massif and was constructed over a monzonitic, two-
mica and predominantly biotitic hercynian granite of late carbonic age.

According with previous characterization studies developed with the support of the operator (EDM, 2011),
the area mainly comprises of two aquifer systems. The �rst and most super�cial one is three to six metres
thin and hypodermic in nature as it is composed of residual soil that results from the weathering of the
granite. Here, the groundwater �ow is performed by a “porous” type media and develops accordingly with
local porosity and permeability. The second aquifer is semi-con�ned and underlies the �rst. It has a very
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distinct anisotropic hydraulic behaviour once it is formed by the granite rock matrix. The groundwater �ow
is primarily directly dependent on fracture and on its spatial density, interconnectivity, �ling and aperture
characteristics. Interconnectivity between the two aquifers is expected to be di�cult because of the clayed
nature of the residual top soil of the �rst layer which may act in some places as a geological barrier.
In�ltration and leakage is mainly present in areas where fractures or faults facilitate hydraulic connectivity
between the two aquifers.

In the area that underlies the tailings dam, prospecting and geophysical site investigation studies allowed
the detection of local drainage that can be generated from 3 to 6 until 13 to 14 meters deep, in direct
dependence to the local fracture conditions. Figure 1 presents a general conceptual model for the study
area that includes the water potential surface of the complex system composed by the tailings and the
hypodermic aquifer that underlays the tailings dam. It includes the main water in�ow and out�ow in the
area of the dam and the preferential water �ows inside de tailings deposit (Fig. 1). It is to be referred that a
local in�ow stream that surrounds the West side of the tailings dam has a signi�cant importance in local
groundwater �ow percolation. Before environmental remediation works, riverside embankments on the East
side have worked as main receptors of the seepage that is generated in the tailings dam and percolate
through the preferential �ow streamlines. The out�ow is mainly formed by the groundwater that circulates
in the hypodermic aquifer with the water inputs that circulates through the tailings and are conducted
downwards (seepage). In its turn, this out�ow results in preferential seepage to the second semi-con�ned
aquifer where the rock massive is more fractured and in local in�ux on the riverside of the local river (Fig. 1).

Before the mentioned environmental remediation works, the super�cial water and groundwater at the
tailings site offered a very poor quality. Besides the radiological atmospheric effects, signi�cant local
impacts in hydrological and groundwater systems were also present in the consequence of this old mining
processing structure.

The priority objectives of the environmental remediation work �elds were to con�ne the waste deposits,
circumscribing the dispersion of sources of contamination and the levels of radiation caused by them, as
well as establishing the safety conditions associated with the geomechanical stability of slopes. Land�ll
was modelled and re-pro�led with the purpose of the geomechanical stabilization of the slopes and a
drainage system along with a multi-layer covering system was installed.
2.2. Groundwater modeling

The groundwater models were performed with the freeware version of the Processing Mod�ow for
Windows, PMWIN 5.3.1 (Chiang and Kinzelbach, 1998). PMWIN, Processing Mod�ow for Windows, version
5.3, is included in the book "3D-Groundwater Modeling with PMWIN" published by Springer-Verlag (Chiang
and Kinzelbach, 2001). PMWIN is an integrated simulation system for modeling groundwater �ow and
transport processes. This program is based on the MODFLOW code developed by the US Geological Survey
(McDonald and Harbaugh, 1988). The equations of the numerical models are solved by the �nite difference
method. For the case study, two models were tested (1) a �rst stage model for the tailings dam situation
before environmental remediation works and (2) a second stage model which considers the tailings dam
situation after environmental remediation works. In both cases two layers were considered for the models:
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a) a 1.st layer for the tailings materials and b) a 2.nd layer that represents the granite underlying the tailings
dam.

Before the simulations, an exploratory data analysis (EDA) of the measured heads of the piezometers was
performed in order to achieve a good understanding of the hydraulic behaviour and water �ow within the
tailings dam. EDA is a graphical technique that allows an advanced visual examination of the data, as it is
a key component of any statistical analysis (Mozejko, 2012; Kundzewicz and Robson, 2004; Chandler and
Scott, 2011). Figure 1 includes a view of the grid developed for numerical modeling and its boundary
conditions.

The grid dimension and its geometry (Fig. 1) were selected in accordance with the tailings dam dimensions,
the main area of interest for the study and the major local geological heterogeny that have unquestionable
implications to local groundwater �ow generation and propagation. The in�ows considered for the
numerical models were super�cial recharge and circulation of groundwater in the underlying granite that
comes into the tailings dam area, especially from the West and Norwest site of the dam (Fig. 1). Recharge
rate was calculated in accordance with local conditions of soil occupation and vegetation type along with
the calculated site water balance. The boundary of the numerical models are the physical frontiers of the
tailings dam and the old mining shafts and piezometers (Fig. 1) which, over time, have functioned as locals
of contact between the deposited materials in the dam, the atmosphere and the underlying hydrogeological
media. For the second stage model, that is, after environmental remediation works, the recharge rate in the
area of the tailing dam was considered to be “0” (zero) once this mining structure was covered with an
impermeable multi-layer system. The two layers were simulated as aquifers of the type “Equivalent
Continuum Porous Media” (EPM) (Durlofsky, 1991; Scanlon et al., 2003; Samardzioska and Popov, 2005;
Blessent et al., 2014; Khoei et al., 2016). In the �rst stage model, an uncon�ned layer was considered for
tailings dam representation and a semi-con�ned layer was considered for the underlying residual soil and
the rock granite. In the second stage model, in the consequence of environmental remediation process, the
tailings dam was modelled as a con�ned layer. This con�ned layer represents the tailings dam covered by a
multi-later system and completely recovered. The underlying residual soil and rock granite were modelled as
a semi-con�ned layer like in the �rst stage model. Distinct local porosity and hydraulic permeability
conditions were tested and simulated for the two layers and for the two models. In the second layer some
local differences were considered regarding porosity and hydraulic conductivity, according to more or less
expected weathering and fracture conditions of the granite and in accordance with the recognized fault,
river and stream locations. The grid cells that are intersected by rivers or that have preferential groundwater
circulation across fracture were modelled as small local “channels” considering a very high porosity index
(near 1) and high hydraulic conductivity ranges. Differences between the (real) measured heads and the
simulated heads were the main criteria considered during calibration procedure of the two stage models.
Porosity and hydraulic conductivity were the input parameter-values (“p-number” values in PMWIN
terminology) considered for calibrating the numerical models.
2.3. PCA and K-Means cluster analysis

The multivariate statistical analyses were performed using R software “R Project for Statistical Computing”
(Hothorn and Everitt, 2005, 2017; R Core Team, 2013; Rahlf, 2017). PCA and KMC were applied to
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hydrochemical data subsets (Ding and He, 2004; Koonce et al., 2006; Machiwala and Madan, 2015;
Sotomayor et al., 2018). Quantitative variables of the analysis were the hydrochemical indicators of
contamination pH, Utotal, Ra226, SO4, Cl, Mn and Ca.

PCA can be done by eigenvalue decomposition of a data covariance or correlation matrix or singular value
decomposition of a data matrix. The number of the newly generated variables, the principal components, is
equal to the smaller of the number of original variables minus one. With this procedure, the dimensionality
of the data is reduced and interpretations are facilitated. PCA is mostly used as a tool in EDA and
multivariate statistical analysis and also to visualize genetic distance and relatedness between data
observations and quantitative or qualitative variables (Santos et al., 2010; Zhang et al., 2012; Machiwala
and Madan, 2015; Wuttichaikitcharoen and Babel, 2014; Selvakumar et al., 2017). The results of a PCA are
usually discussed in terms of component scores, sometimes called factor scores, that is, the transformed
variable values corresponding to a particular data point and loadings which are the weight by which each
standardized original variable should be multiplied to get the component score. PCA aims to construct a
low-dimensional subspace based on a set of principal components (PCs) to approximate all the observed
samples in the least-square sense (Pearson, K. 1901; Kim and Kim, 2012]. Due to the quadratic loss used,
PCA is notoriously sensitive to corrupted observations (outliers) and the quality of its outputs can suffer
severely in the face of even a few outliers (Kim and Kim, 2012). For this, and in order to ensure a better
statistical signi�cance of the selected data series, it was decided during the pre-processing data stage to
eliminate the strongest outliers. In our study, PCA was then used to the selected data sets for unsupervised
dimension reduction of data. Package FactoMineR of R was used (Le et al., 2008). PCA for the
hydrochemical variables pH, Utotal, Ra226, SO4, Cl, Mn and Ca was performed. The data was reduced into
three main components which describes differences in the concentrations of Utotal, Ra226, SO4, Cl, Mn and
Ca according with pH conditions at the different piezometers (1, 2, 3, 5, 6, 7, 9, 10 e 11) and at distinct time
intervals T1, T2 and T3. The three PCs describes differences in groundwater compositions, in accordance
with different pH conditions that result from modi�cations in tailings composition and/or from changes in
drawdown and/or hydrodynamics conditions in groundwater �ow.

The PCs scores were then considered for a subsequent KMC analysis. KMC is a method that is popular for
cluster analysis. K-means clustering aims to partition n observations into k clusters, in which, each
observation belongs to the cluster with the nearest mean, serving as a prototype of the cluster. It is an
unsupervised clustering technique commonly used. This procedure results in partitioning of the data space
into Voronoi cells. Dissimilar and contrasting expert opinions may be found in related literature depending
on the order of analysis that was chosen between PCA and KMC, and the effectiveness of using PCA scores
to subsequent KMC. “PCA before KMC” or “KMC before PCA”. For the case of “PCA before KMC”, PCA is
applied before clustering analysis in order to reduce dimensionality and in order to facilitate the
visualization of the main relevant clusters. According to Ding and He (2004), PCA variables are the
continuous solutions to the discrete cluster membership indicators for KMC. Yeung et al. (2001), for
instance, showed that clustering with the PCA scores instead of the original variables does not necessarily
improve cluster quality. These authors concluded inclusively that the �rst PCA variables (which contain
most of the variation in the data) may not necessarily capture most of the cluster structure. In our work, we
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compute KMC after PCA. KMC was performed to group the data observations into distinct major clusters.
Tests were performed for 4, 5, 6 and 7 clusters. Distinct cluster groups represents different hydrochemical
pro�les. Subsequently, the space-time data subsets (1T1, 1T2, 2T1, 2T2, 2T3, 3T1, 3T2, 3T3, 5T1, 5T2, 5T3,
6T1, 6T2, 6T3, 7T2, 7T3, 9T1, 9T2, 9T3, 10T1, 10T3, 11T1, 11T2 and 11T3) were classi�ed according with
these hydrochemical pro�les. Also, with this procedure, it was also possible to made an interpretation of the
hydrochemical quality evolution for each piezometer (1, 2, 3, 5, 6, 7, 9, 10 e 11) along time (T1, T2 and T3).
Environmental quality evolution veri�ed in groundwater that percolates within the tailings dam were
achieved considering a multivariate interpretational approach once all the hydrochemical variables are
considered simultaneously.

For better visualization and spatial interpretation, PCA scores were mapped using the geostatistical
procedure of kriging.

2.4. Map interpretation of simulated �ow path and hydrochemical pro�les
At the �nal stage of the study, a mapping interpretation procedure was applied with the aim to evaluate the
spatial evolution of groundwater quality in the area of the tailings dam. Results of groundwater quality
evolution in each piezometer, derived from previous multivariate statistical analysis, were spatially
overlapped with the locations of preferential percolation �ow paths of the simulated groundwater numerical
models. With this procedure, it was possible to identify preferential percolation paths of the contamination
plume in time and in the consequence of the environmental remediation �eld works that were performed.

3. Results And Discussion
3.1. Groundwater modeling

Calibration and stability of the numerical models were achieved after a series of tests where hydraulic
conductivity and porosity were the main “p-numbers” (calibration parameters) considered which were
modi�ed and adjusted in order to achieve the closest possible numerical approximation between the real
and the simulated piezometric heads. The achieved results were satisfactory considering that a
groundwater model for a fractured rock matrix was simulated as an EPM and also considering the high
variability and uncertainty of composition, porosity and hydraulic conductivity of the materials in the
tailings deposit. Figure 2 presents an exempli�cation of the best modeling results achieved for pre and post-
remediation scenarios. Regarding the results presented in Fig. 2, it is relevant to emphasize that the main
hydraulic gradient and �ow path presents are consistent with the local old preferential streamlines that are
located beneath the tailings dam (Fig. 1).

When comparing Fig. 1 with Fig. 2 it is also possible to verify that seepage locations are respected in the
numerical simulate models. It is worth mentioning the fact that the tailings started to be deposited directly
on the ground without any previous preparation or drainage work. It is therefore expectable that these old
streams exist and act as preferential conducts for groundwater circulation beneath the dam, being possibly
responsible for the main hydrochemical exchanges due to hydrodynamic effects. The location of out�ow
derived from these old sreams coincides with the main seepage areas (Fig. 1). The numerical simulation
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results demonstrate the existence of a main �ow with direction from SW to NE and another smaller �ow
with NW to SE direction. These �ows remained even after the dam was requali�ed and are consistent with
the old streams that existed previously to the tailings deposition. Their existence and remaining presence is
related with the fact that they are established in the underling granite. Probably, the water lux comes
through the area of the dam laterally, and depth wise, through local faults and high-density fracture areas.

According to numerical results and historical data of piezometric heads, two potentiometric surfaces were
detected (Fig. 2). One is located within the tailings deposit and is associated with an expectable low
permeability and di�cult �uid percolation because of the high variability of the tailings materials while
having a predominant silty and clayed nature with gravity compaction effects over the decades. In this
case, the transmissivity of the �ow is hampered, providing conditions to the storage of contaminated acidic
waters within the deposit that circulate at a very low velocity rate which, in turn, make leakage and seepage
more di�cult. Hydrogeological behaviour of the tailings deposit after environmental remediation works is
close to an aquitard and/or aquiclude. The other potentiometric surface is associated with the granitic rock
massive. It has a very distinct hydraulic behaviour, as it is an uncon�ned aquifer that, when it crosses and
underlies the tailings dam, it becomes a semi-con�ned to a con�ned aquifer. The more super�cial area of
the granite is considerably weathered and fractured and will act as a layer where the water percolation and
�ow is more facilitated.

These �ow path results, as discussed and presented in Fig. 2, were subsequently considered for map
overlapping with results derived from hydrochemical multivariate interpretations.

3.2. PCA and K-Means cluster analysis
The developed PCA analysis has reduced the data set from seven quantitative variables to three new
variables, the principal components PC1, PC2 and PC3. This principal components explains 72,16 % of the
total variance (Table 1) which is a reasonable result considering the high variability of to hydrochemical
data set. According to the results in Table 1, it is obvious the closer relation between the parameters SO4, Cl
and Mn, and, at a second correlation level, with Utotal and Ca. pH has an inverse correlation for all these
mentioned parameters. This is because, in acidic environments, as the pH increases to a value of 6–7, the
environmental conditions turns less acidic and the concentrations of contaminants drops. The
hydrochemical pro�le of the contaminated waters generated in the tailings deposit is of acidic nature (low
pH) and has a high level of contamination in some characteristic anions, cations, base and semi-metals,
including, in this particular case, Utotal and Ra226 because of the nature of the exploited ore in the past.
One aspect of relevance is that, according to the PCA1 scores, Ra226 does not have the same behaviour
pro�le of the others indicators Utotal, SO4, Mn, Cl and Ca. Its behaviour is better explained by the variables
PCA2 and PCA3 from which it is possible to conclude that Ra226 will have some direct correlation with pH,
that is, as pH increases, Ra226 will have some tendency to increase as well. A subsequent KMC analysis
was developed for all the qualitative samples 1T1, 1T2, 2T1, 2T2, 2T3, 3T1, 3T2, 3T3, 5T1, 5T2, 5T3, 6T1,
6T2, 6T3, 7T2, 7T3, 9T1, 9T2, 9T3, 10T1, 10T3, 11T1, 11T2 and 11T3 according with its scores in PCA1,
PCA2 and PCA3. Tests with 4, 5 and 6 clusters were performed allowing the conclusion that better results
were achieved for the case considering 6 clusters. For computing cluster analysis, the “maximum
interaction number” was 100, the “n start number” was 25 and “Hartigan-Wong” was the algorithm
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considered. Representativeness of the results (between SS / total SS) was 90,1%. Clustering vectors for all
the samples were selected for interpretation, allowing the association of each one of the 6 clusters to its
respective group of qualitative samples. That is, all qualitative samples were classi�ed in one of the 6
clusters. The results of KMC are presented in Table 2. As expected, KMC results con�rm the distinct
hydrochemical pro�les that are a result of the PCA analysis (Fig. 3). Each cluster represents a certain
hydrochemical pro�le which, in turn, corresponds to the considered qualitative variables (of location and
time stage). Each pro�le corresponds to certain speci�c contamination condition. From the results and
interpretations in Table 2 is possible to verify the existence of a trend from cluster1 to cluster 6, from the
most contaminated locations, in cluster 1, to the less ones, in clusters 5 and 6. Following this sequence, is
possible to identify the locations within the tailings dam with positive evolutions in the consequence of
environmental remediation works – piezometers 1, 3, 5, 6 and 11 –, and those who have a low but also
positive evolution or which have stabilized in time - piezometers 2, 9, 10 and 11.
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Table 1
Scores, eigenvalues, and cumulative variances for variables PC 1, 2,

and 3.
Variables PC1 (Dim.1) PC2 (Dim.2) PC3 (Dim.3)

Quantitative      

SO4 0.81 0.14 0.08

Cl 0.78 0.03 0.35

Mn 0.78 -0.07 0.35

Utotal 0.68 0.36 0.05

Ca 0.55 -0.56 -0.35

Ra226 0.34 0.66 -0.58

pH -0.59 0.41 0.42

Qualitative      

5T1 3.64 2.13 -0.51

7T3 3.02 -0.99 1.01

7T2 2.62 0.43 0.76

5T2 2.38 -0.76 0.37

6T1 1.75 0.41 -0.51

5T3 0.98 -0.72 0.73

2T2 0.89 -0.79 0.37

2T1 0.49 -0.42 -0.29

3T1 0.36 -0.65 -0.35

6T2 0.34 2.19 -3.39

1T1 0.17 -0.60 0.12

3T2 -0.11 0.46 -1.30

7T1 -0.12 -1.11 -0.52

6T3 -0.14 -0.73 0.50

9T2 -0.15 0.04 -0.78

2T3 -0.23 -1.14 -0.23

11T1 -0.29 -0.58 0.50

9T3 -1.00 -0.54 -0.47
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Variables PC1 (Dim.1) PC2 (Dim.2) PC3 (Dim.3)

1T2 -1.12 0.55 -0.75

11T3 -1.48 0.29 -0.40

10T1 -1.48 -0.16 -0.06

9T1 -1.49 -0.11 -0.01

3T3 -1.56 -0.12 0.09

11T2 -1.60 0.19 0.03

10T3 -1.80 0.56 0.05

10T2 -2.47 1.26 1.40

Eigenvalue 3.09 1.07 0.89

Variance (%) 44.15% 15.25% 12.76%

Variance (Cumul. %) 44.15% 59.40% 72.16%
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Table 2
Results of KMC. Hadrochemical pro�les with its respective classi�cation and interpretation for each cluster

is presented.
Cluster/

Piezometer/

Time
interval

Univariate
Statistics

pH Utot Ra-
226

Mn SO4 Cl Ca Interpretation

Speci�c site
environmental
conditions

1

5T1

Mean 3,2 23667 1447 438 11163 657 331 Very
contaminated
acid
environment.

All parameters
have high
concentrations.

Utot, Ra-226
and SO4 with
extremely high
to very high
concentrations
while Cl, Mn
and Ca have
high
concentrations.

St. Dev. 0,1 1528 90 126 8613 34 123

Minimum 3,1 22000 1390 309 1490 630 190

Maximum 3,3 25000 1550 560 18000 695 415

2

7T2, 7T3,
5T2, 6T1

Mean 3,2 5603 622 534 8483 893 395 Very
contaminated

acid
environment.

Similar to
Cluster 1 but
concentrations
of Utot, Ra-226
and SO4 tend
to be lower.

St. Dev. 0,2 4906 762 347 6071 411 219

Minimum 2,9 10 1 41 1400 391 136

Maximum 3,6 13709 2000 994 19647 1527 914

3

6T2

Mean 5,4 697 3200 150 2200 38 470 Environment
with some
speci�c
contaminants.

pH slightly
acidic; Ra-226
with very high
concentrations

St. Dev. – – – – – – –

Minimum – – – – – – –
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Cluster/

Piezometer/

Time
interval

Univariate
Statistics

pH Utot Ra-
226

Mn SO4 Cl Ca Interpretation

Speci�c site
environmental
conditions

and Ca with
high
concentrations;
concentrations
of Utot and SO4
are slightly
high;
concentrations
of Cl and Mn
are low.

Maximum – – – – – – –

4

1T1, 2T1,
2T2, 2T3,
3T1, 3T2,
5T3, 6T3,
9T2, 11T1

Mean 3,8 1261 308 267 3916 310 321 Contaminated
acid
environment.
Concentrations
are lower
comparatively
to Clusters 1
and 2.

pH is acidic;
concentrations
of Utot and SO4
are high;
presence of
some
contamination

in Ra-226; all
other
remaining
parameters are
present in more
low
concentrations.

St. Dev. 0,8 1640 447 158 2828 411 100

Minimum
Maximum

2,9
5,8

10
5000

7
2000

10
585

33
10044

7
1927

43
490

5

1T2, 3T3,
9T1, 9T3,
10T1, 10T3,
11T2, 11T3

Mean 4,7 508 326 18 570 41 134 Environment
conditions
without or with
low
contamination,
or,

locations with
signi�cant
improvement
in

St. Dev. 1,2 498 397 26 431 28 104
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Cluster/

Piezometer/

Time
interval

Univariate
Statistics

pH Utot Ra-
226

Mn SO4 Cl Ca Interpretation

Speci�c site
environmental
conditions

environmental
conditions.

pH neutral to
slightly acidic;
presence in
groundwater of
some Utot and
SO4
concentrations.

Minimum
Maximum

3,3
6,8

53
1800

2
1700

1
87

231
1910

10
133

37
440

6

10T2

Mean 9,7 333 136 43 668 60 12 Environmental
conditions with
signi�cant
variations in
one single
temporal stage
(T2); In general,
strong to
medium
alkaline
environment,
without
contamination
or with low
contamination
(mainly Ra-226
and SO4).

St. Dev. 3,0 719 151 49 766 27 23

Minimum 3,9 0,9 6,7 6,0 35 34 0,03

Maximum 12,1 1800 342 136 2138 100 57

 

Afterwards, the �rst three PC scores (PC1, PC2 and PC3) for all sample locations and time intervals, 1T1,
1T2, 2T1, 2T2, 2T3, 3T1, 3T2, 3T3, 5T1, 5T2, 5T3, 6T1, 6T2, 6T3, 7T2, 7T3, 9T1, 9T2, 9T3, 10T1, 10T3, 11T1,
11T2 and 11T3 were mapped at 2D, in the area of the tailings dam, through its spatial interpolation with
kriging. The interpretative maps of PCA and KMC results for the case of PCA1 variable at each time interval
T1, T2 and T3 are presented in Fig. 4. From this �gure and considering previous results presented in Tables
1 and 2, it is possible to consider the following conclusions:

PCA1-T1: a) Cluster 1 represents the most contaminated hydrochemical pro�le and is associated to variable
5T1 (that is, to the location of piezometer 5 at the pre-remediation stage). The pro�le with the highest
contamination detected in the monitoring plan is only present at time period T1 (that is, before the
environmental remediation). It represents an acid environment with all parameters having high to very high
concentrations. Utotal, Ra226 and SO4 have extremely high to very high concentrations. Cl, Mn, Ca have
high concentrations. b) At this same time period (T1), piezometer 6 is the other one that also has a much
demarcated contamination pattern and it is represented by cluster 2. This cluster also represents a pro�le of
an acidic environment, similar to the environment of cluster 1 but with lower Ra266 concentrations. c) In the
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remaining area of the tailings dam the pro�les are of type C4 and C5. Environmental conditions are better
with less effects of contamination, groundwater is less contaminated (cluster 4) or only slightly
contaminated or not contaminated (cluster 5).

PCA1-T2 and PCA1-T3: at T2 the pro�le of piezometer 5 is represented by cluster 2. During the remediation
works, piezometer 5 evolved to a less extremely high contaminated pro�le although it still remains with high
contamination. It is also possible to conclude that this contamination pro�le spreads upward from
piezometer 5 to piezometer 7. These evolutions during period T2 are spatially close to the location of the
main old stream water underneath the tailings with main direction from SW to NE which which is
highlighted from numerical groundwater modelling. It seems that, somehow, and probably in the
dependence of local hydrodynamic �ow, the main contamination plume has migrated Northwards from site
5 to site 7. Another interesting hydrochemical behaviour is detected in the area of piezometer 6 which has,
in the period T2, a hydrochemical pro�le represented by cluster 3. In this case, local environmental
conditions are less acidic to more close to neutral. All the concentrations decrease with the exception of
Ra226, SO4 and Ca. This behaviour is reported by PCA2 scores and is well re�ected in map PCA2-T2 (Fig. 5)
however; it is not well represented statistically (Table 2, cluster 3, n = 1) despite conditioning the analysis.
Also locally, at piezometer 10, during the period T2, an alkaline pro�le is detected. This fact is probably
related with some earth movements in the Northern part of the tailings dam, during remediation works for
the re-pro�ling of slopes, where old tailings materials were either moved or rotated, inducing in�uence on
the materials which have a more carbonated composition. Here, the alkaline or close to neutral waters and
the presence of some ions in freshwaters that in�ow through the northwest part of the dam, like chloride
(and sulphate), may have also helped facilitate the temporary remobilization and transportation of Ra226.
This possible phenomena may be observed in Fig. 5. In T2 and T3 periods, all the other sites at the tailings
dam present pro�les of very less contamination (cluster 4) or of environmental conditions without or with
very low contamination (cluster 5). In periods T2 and T3, slightly contaminated pro�les maybe present in
some locations that are represented by cluster 4. This behaviour may be related with mixing groundwater
effects from fresh waters that in�ow laterally at western and northwestern and from SW to NE direction,
which results in pH increments and general reduction in hydrochemical concentrations. After the
remediation works, that is, in T3 period, contamination is much more circumscribed and only remains in the
location of piezometer 7 (PCA1-T3 map). In T3 the only location with remaining strong contamination is
given by piezometer 7. All the other studied sites present a signi�cant improvement regarding groundwater
quality.

3.3. Interpretation map of groundwater evolution and oxidizing frontier
Superposition of numerical groundwater models with the maps of multivariate analysis made possible the
interpretation of water quality evolution in the tailings dam area and in time (Fig. 6). Two main in�ow paths
were detected in the area beneath the tailings dam: E3, with its direction from SW to NE, and E1 that in�ows
at Northwest side with preferential circulation from NW to SE. E1 is more related with good water quality
pro�les while E3 has probably the in�uence of leakage and seepage from the tailings deposit due to the
temporary expansion of contamination registered in the period T2, immediately after the environmental
remediation works.
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The interpretative maps obtained (Fig. 6) evidence the existence of an oxidation front, with washing and
dilution effects, that is related with the individualization of two main areas: one, more centrally located and
with in�uence on the Eastern seepage, where a plume with strong contamination probably have migrated to
the North according to the E3 �ow direction, and, another area, in the North, directly in�uenced by E1 in�ow,
with very low contamination to non-contaminated hydrochemical pro�les. In this area, the less thickness of
the tailings deposit associated with the refreshing of groundwater from in�ow of E3 (and E2) will have an
important role on the improvement of groundwater quality that was detected. Seepage from the tailings
deposits will be of very low velocities, especially after remediation works, once the area of the dam is
covered by a multi-layer system with impermeable layers. This fact is also related with the reduction of the
area of stronger contamination and general improvement of groundwater quality.

The maintenance of in�ow after environmental remediation works is related with the old stream line that
underlays the tailings deposit and probably faults and high intensity fracture zones in the granite, which
promote percolation underneath the deposits area. It seems that the migration of the contamination plume
is controlled by this phenomenon and will be more restricted to the super�cial area of the granite that
presents higher weathering effects and/or higher fracture densities. Migration of contamination in depth, in
the granite, will be more restricted and related to relevant faults and high density, and interconnectivity of
productive fractures.

4. Conclusions
The integration of PCA scores in a KMC analysis facilitates multivariate interpretations of PCA results,
allowing a better clari�cation of the sense of PCA grouping relations through the clusters that are obtained.
In our study, mapping of PCA scores and its interpretation with KMC allowed a better understanding of
spatio-temporal trends within the tailings dam. Superposition of these results with the main stream line of
�ow obtained from groundwater models allow a more comprehensive interpretation of the water quality
evolution in time considering simultaneously all the hydrochemical indicators. KMC results of PCA scores
facilitated interpretations and temporal and spatial analysis. Spatial mapping of KMC and PCA scores
allows a more synthetic, faster and easier approach when multivariate indicators need to be considered for
an evaluation of contamination pro�les. In this case study, clusters of KMC represent distinct groundwater
quality hydrochemical pro�les. Evolution of environmental conditions at each site location (that is, at each
piezometer) in accordance with the identi�ed groundwater quality pro�les was performed. KMC enabled a
better understanding of the PCA results once observations were classi�ed according to distinct
hydrochemical pro�les at each piezometer location, according to each time-period T1, T2 and T3.
Subsequently, distinct areas within the dam were demarcated according to different degrees of
contamination and non-contamination pro�les.

Superposition of numerical groundwater models with multivariate analysis allowed the identi�cation of
main potential �ow paths that are related with hydrochemical evolutions and plume contamination
migration.
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The concentrations of total uranium, sulphate, chloride, manganese and calcium decrease in consequence
of pH increment. In turn, and temporarily, at an intermediate stage, radium-226 concentrations increased in
some circumscribed locations, probably in consequence of pH increase, of more oxidizing environment
conditions and mixing phenomena with fresh waters derived from preferential in�ow path. In the post-
remediation period, a general improvement in groundwater quality is veri�ed.

Effects of an oxidizing frontier that develops within the tailings dam were detected. This oxidizing frontier
(more correctly, oxidizing-reduction frontier) evolved during the periods of time T1, T2 and T3 and is a
consequence of an in�ow and �ow streams underneath the tailings dam. There is su�cient evidence of the
improvement on groundwater quality in the consequence of the environmental remediation works
developed.
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Figures

Figure 1

a) Conceptual model of water potential surface and �ow path in the tailing dam and in the surrounding
granite. Main seepage areas related with the location of old stream lines circulating beneath the tailings
dam and in the surrounding granite are represented. The old streams and the actual location of the main
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river are also indicated (adapted from Pinto, 2016) b) Grid of the numerical models and boundary
conditions. Location of old mining shaft and piezometers are also indicated (2D planar view, XY plan).

Figure 2

Results of the simulated numerical groundwater models for the cases of a) before and b) after the
environmental remediation works. 2D planar XY and YZ (or W-E) sections are shown for the case of the
second layer, that is, for the underlying granite (adapted from Pinto, 2016).
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Figure 3

Interrelation between results of PCA and KMC a) Projection of quantitative variables in PCA1 and PCA2. b)
KMC considering 6 clusters c) Adequation of the clustering results to PCA results for the case of the
qualitative variables.
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Figure 4

Mapping of PCA1 scores for time periods T1, T2 and T3. For a better spatial interpretation, KMC results
(clusters c1 to c6) are also represented.

Figure 5
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Mapping of PCA1 and PCA2 scores for the time period T2. For a better spatial interpretation, KMC results
(clusters c1 to c6) are also represented.

Figure 6

Interpretative maps that results from superposition of numerical groundwater models and multivariate
analysis (adapted from Pinto, 2016).


