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A B S T R A C T   

Due to the scarcity of water resources and stricter government regulations, water recycling in the mining in-
dustry is becoming a key solution to save water and build zero-emission concentrators. However, such action can 
have dramatic impacts on the performance and maintenance of the concentrators due to variations in process 
water quality. This study reveals the convenience of (1) multivariate data analysis for evaluation and inter-
pretation of large water quality datasets and (2) multivariate statistics for monitoring water quality. The aims are 
to acquire a better understanding about historical temporal variation of water quality due to seasonal variation 
and/or water circuit modifications and to introduce a multivariate statistics method for monitoring process 
water quality in the mining industry. The data matrix (797 observations) was treated with Principal Component 
Analysis (PCA), to extract the variability and to detect the major changes when the processing plant transitioned 
from a long water cycle to a short water cycle. Additionally, multivariate statistics parameters such as the Q 
residual and Hotelling’s T2 were used for detecting shift in water quality and associated causes. This method is 
known as Multivariate Statistical Process Control (MSPC). The Q residual provides information about the cor-
relations between variables and Hotelling’s T2 gives information on operating ranges of the inputs. Compared to 
univariate control, MSPC shows several advantages: (1) reducing the number of monitor charts needed, (2) 
increasing the signal to noise ratio and (3) taking into consideration all parameters and their correlation. Because 
of these advantages, multivariate analysis and MSPC can be an extremely useful tool for mineral engineers and 
operators to control the water quality in the plant and to make decisions on process/water circuit modifications. 
With MSPC, the water quality can be maintained in a controlled range and the metallurgists only need to deal 
with feed variations to maintain the plant performance.   

1. Introduction 

Mining operations require a significant quantity of water. Today, 
the global withdrawals are estimated to be 6–8 billion m3 per year 
(Gunson, 2013). Additionally, many mining operations are located in 
moderate to high water risk areas where the water is scarce and the 
withdrawal of fresh water or discharge of wastewater are exacerbating 
the water stress on local communities and the environment (Northey 
and Haque, 2013; Punkkinen et al., 2016). Water recycling plays a vital 
role in saving freshwater resources and building zero-emission minerals 
processing plants. The advantages and disadvantages of this action have 
been an object of research since the 1970s (Forssberg and Hallin, 1989; 
Pickett and Joe, 1974; Rao and Finch, 1989). Existing research re-
cognizes the critical role played by water quality on the plant perfor-
mance (Levay et al., 2001; Levay & Schumann, 2006), which could have 
both positive and detrimental effects. However, processing plants 

usually lack water quality monitoring systems for process performance 
optimization purposes. The existing monitoring systems mostly focus on 
effluent discharge to fulfill the environmental regulations. Therefore, to 
achieve better process performance, data collection and data analysis 
methods should be revised and new ones implemented for water quality 
monitoring and optimization. 

In the mining industry, the recycling of water has been shown to 
positively impact economic and social factors (Forssberg and Hallin, 
1989; Schumann et al., 2009). From an economic viewpoint, water 
recyling lowers the amount of water that needs to be sourced and/or 
transported (Forssberg and Hallin, 1989). These activities can be costly 
in arid and semi-arid areas. Additionally, the literature emphasizes the 
importance of recycling water on reagent saving. Forssberg and Hallin 
(1989) have documented that in some cases, the consumption of re-
agents can be cut by half when water is recirculated. From a socail 
viewpoint, the authors concluded that the recycling of water within the 
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mine increases the amount of freshwater available for other users and 
decreases the quantity of water discharged to the environment. As these 
examples illustrate, water recycling does not only lower operating 
costs, but, it plays a crucial role in reducing the risk of environmental 
pollution and damage. Given its clear advantages, water recycling is 
becoming mandatory. Some notable government regulations include 
company reports on suitable water management plans in order to ob-
tain exploitation licenses. 

Despite the advantages, several major challenges arise when re-
cycling water in processing plants. One problem stems from high var-
iation of water quality and accumulation of detrimental compounds in 
recycled water. They are the leading cause of decline in plant perfor-
mance and increase in plant maintenance costs. According to Schumann 
et al. (2009), the properties of water from various recycle sources at the 
mine site have great differences in terms of dissolved species, sus-
pended solids, reagent residues, and microbiological species. Such dif-
ferences mean the action of mixing and recycling water, particularly a 
random mixing without any planning, can create a high level of fluc-
tuation in water quality. To date, several studies suggested that sudden 
changes in water related parameters can impact the mineral surfaces 
and subsequently flotation performance. For example, Levay et al. 
(2001) and Rao & Finch (1989) reported that at certain pH and Eh 

conditions, several elements/compounds could precipitate as colloids 
or gels on the surface of the minerals resulting in reduced valuable- 
mineral recovery. Another study found a similar effect with slime 
coatings caused by accumulation of fines (Edwards et al., 1980). Fur-
thermore, the accumulation of residual reagents could have a detri-
mental effect on the flotation selectivity, particularly when the plant 
operates in a sequential circuit (Muzinda and Schreithofer, 2018). 
Overall, it is clear that the high variation of water quality is the most 
relevant parameter to consider when recycling water in mineral pro-
cessing operations. 

Since the closed water circuit results in highly dynamic water ma-
trix, it is important to include a monitoring system to detect changes 
and alert plant personnel when the water quality reaches a certain 
threshold. Nonetheless, compared to other industries, the mining in-
dustry still lags behind in process water quality monitoring and appli-
cation of statistical analysis for evaluation of the data. When studying 
the impact of water recycling on the sulfide flotation plant, Forssberg & 
Hallin (1989) stated that the proces water monitoring is a necessity 
whenever water recycling is concerned. Water monitoring does not only 
serve to identify the detrimental components/elements on concentrator 
performance, but it also serves as a tool to acquire pertinent informa-
tion about the process. Nevertheless, the process waters are rarely 
analyzed daily except for situations where poor water quality has been 
identified as a culprit contributing to poor concentrator performance. 
Moreover, the metallurgists only consider a few water parameters as 
critical to concentrator performance and they monitor theses one 
variable at a time (OVAT). Univariate monitoring is, however, well- 
known for its inefficiency when the variables are not independent from 
each other. Thus, those measurements could be simply different re-
flections of the same underlying events (MacGregor and Kourti, 1995). 
In today’s industries, there are many variables that are relevant to the 
process/product quality and they need to be controlled simultaneoulsy 
(Alt and Smith, 1988). In this case, the operators should simultaneously 
monitor variable parameters, keeping the process stable and ensuring 
that the desired concentrate specifications are met. After all, if the 
number of variables is high, the examination of one variable at a time 
makes the interpretation extremely difficult (Rogalewicz, 2012). 

In mineral beneficiation processes, evidence suggests that froth 
flotation is the most sensitive to variations in water quality which could 
be easily affected by internal and external events (Farrokhpay and 
Zanin, 2011; Wellham et al., 1992; Rao and Finch, 1989; Forssberg and 
Hallin, 1989). Additionally, the metallurgical performance changes due 
to ore variations (Forssberg and Hallin, 1989). Therefore, it is im-
portant to maintain water quality in a controlled range as metallurgists 

need to deal with the variation of the feed and maintain the perfor-
mance of the circuit. 

Among different control methods, Multivariate Statistical Process 
Control (MSPC) stands out as a potential solution. With the capacity of 
condensing large, complex data and reducing noise, MSPC eases the 
visual interpretation of data and reduces the number of control charts. 
At the same time, it takes into account the correlation between para-
meters. These advantages make MSPC more convenient for process 
control purposes than univariate analysis methods. 

Multivariate approaches for process monitoring and fault detection 
have been developed significantly and widely applied across a range of 
scientific and industrial processes (Bersimis et al., 2005; Tôrres et al., 
2018). A key aspect of Multivariate Statistical Process Control (MSPC) 
is that all the available data is used together for monitoring and diag-
nostic purposes. These approaches treat all data simultaneously and 
take into consideration the relation between variables. Furthermore, 
the multivariate analysis methods are frequently prescribed for redu-
cing the noise level through averaging. As a result, the variations oc-
curring in the process can be detected easier by increasing the signal to 
noise ratio. Another advantage of MSPC is that it reduces the number of 
control charts. This aspect is particularly important for the operators as 
it reduces their tasks. Instead of monitoring many control charts, now 
the operator only needs to evaluate one or two. Therefore, using a 
multivariate approach will ease the monitoring and control of the 
process quality. Despite these advances, relatively few studies have 
focused on applying these methods within the mining and mineral 
processing industry. 

This paper investigates the application of multivariate data analysis 
and statistics to understand the variation of water quality due to events 
that occur in the water system, to monitor and identify the compounds, 
elements, and parameters that cause the fault of water quality in the 
closed water circuits. 

2. Materials and methods 

2.1. Overview of water recirculation systems of the mine site 

The water quality data was obtained from an underground mine 
located in southern Portugal. The mine is influenced by the 
Mediterranean climate. The average temperature is 17–18 °C and the 
average yearly precipitation 509 mm. Very high temperatures are ob-
served from May to September with an average temperature of 23 °C. 
However, the average maximum monthly temperature can be 38 °C 
during the summer. The coldest period being December-January with 
average temperature of 10 °C. The seasonal temperature variation is 
strong. The area receives most of its rainfall between October and April 
and rainfall is very rare between May and September. 

The mine water circuit is complicated and it has been subjected to 
many modifications over the years. At the mine site, there are three 
main water consumers viz, the copper plant, the zinc plant, and the 
mine Fig. 1. 

The tailings from both processing plants are directed to the tailings 
pump station which includes a series of cyclones. They separate the 
coarse tailings from the fine tailings and the coarse tailings are used in 
the underground paste fill. The cyclone overflow is transfered to the 
paste plant together with the clarifier underflow of the mine. The paste 
plant, which is a series of two paste thickeners, thickens the tailings for 
disposal in the paste cell and discharges most of the water to the in-
dustrial water tanks. A small and variable amount of the paste thickener 
overflow is directed to the tailings pond. This depends on the water 
consumption of the mine, the mill and whether there is an excess or lack 
of water circulating in the system. Excess water from water tanks is 
reported to the mine. The mine sludge or underflow clarifier is pumped 
to the tailings pump station where it is combined with the tailings 
upstream of the paste plant. The mine clarifier overflow is pumped to 
the water treatment plant, where it is treated with the tailings ponds 
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run-off water and used in the process plant as gland seal water. Until 
2010, the tailings were disposed off in the tailings pond and no paste 
thickening was implemented. The tailing overflow was recycled back to 
the plant as the main feed of the industrial water tank. This means the 
plant had a long water cycle. The paste plant was commissioned in 
November 2010, but the new reservoir for industrial water was com-
pleted only in April 2015. During that period, the paste plant thickened 
tailings were stored in the internal areas of the tailings pond, limited by 
waste rock berms, leaving the external areas for industrial water. From 
July 2015 until 2018, the dry tailing and industrial water were stored 
separately. The residence time for the recirculation of water from the 
paste plant to the plant was only a few hours, meaning that since the 
middle of 2015 the plant has been operated with a short water cycle. 

2.2. Datasets 

The quality of the major process water streams that fed the con-
centrator was monitored over 16 years, from 2002 to 2018. The dataset 
from 2002 to the end of 2014 contained six parameters: pH, 
Conductivity, DO, Ca2+, COD, and SO4

2−. The water was monitored 
monthly during that period, with only 144 observations collated in 
total. From 2015 to 2018, total alkalinity, carbonate, bicarbonate, hy-
droxide, and thiosalts were added into the monitoring dataset. In total, 
11 parameters were monitored daily. This portion of the dataset con-
tained 638 observations (Table 1). 

It can be seen that the process water was mildly alkaline. Although, 

the range of variation was very large, from 3 to 12. The conductivity 
varied from 3700 to 10,200 µS/cm with an average value of 7467 µS/ 
cm. Mean sulphate and calcium concentration were, 3319 and 872 mg/ 
L, respectively, suggesting that the process water was saturated with 
gypsum. The high amount of thiosalts in the process water was in-
dicative of the oxidation of the massive sulfide ore under beneficiation 
and that the residence time for the recirculation of water was short. 

2.3. Multivariate data analysis 

Principle Component Analysis (PCA) is a multivariate analysis tool 
used for data compression and information extraction (Wise and 
Gallagher, 1996, Bro and Smilde, 2014). The aim of PCA is dimension 
reduction by transforming the original variables or axes into new, un-
correlated latent variables called principal components (PCs). Each PC 
is a linear combination of the original variables (Wold et al., 1987) 
which means it describes potential correlations within the original 
variables. The major convenience of PCA is it helps to decompose the 
initial huge data matrix into a few new variables that describe the major 
trends of the dataset. Preprocessing is mandatory before applying PCA. 
To avoid the problem of difference in scale and units, the data are 
autoscaled by subtracting each column by its mean and dividing by its 
standard deviation. The PCA is carried out on the preprocessed data set. 

PCA method uses Eq. (1) to decompose the initial matrix data: 

Fig. 1. Simplified water circuit of the mine.  

Table 1 
The univariate (range, mean and standard deviation) overview of the chemistry of the major process water stream of the plant.         

Parameters Units Period of monitoring Range Mean Std. Deviation Count  

pH pH units 1/2002–5/2018 3–12 9 1 797 
Conductivity µS/cm 1/2002–5/2018 3700–10,200 7467 1652 797 
DO % 1/2002–5/2018 0–100 33 23 797 
Ca mg/L 1/2002–5/2018 3–2116 872 145 797 
COD mg O2/L 1/2002–5/2018 0–1400 514 255 797 
Sulphate mg/L 1/2002–5/2018 1600–5500 3319 758 797 
Total alkalinity mg/L 9/2015–5/2018 0–850 60 51 638 
Carbonate mg/L 9/2015–5/2018 0–170 40 31 638 
Bicarbonate mg/L 9/2015–5/2018 0–69 9 11 638 
Hydroxide mg/L 9/2015–5/2018 0–755 10 36 638 
Thiosalts mg/L 9/2015–5/2018 128–3669 1818 453 638 
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where T is the score vectors, P is the loadings vectors, n is the number of 
the components retained in the model which must be less than or equal 
to the smaller dimension of X and E is the residual matrix. The T vectors 
contain information on how different observations relate to each other 
and P vectors contain information about how variables relate to each 
other. 

Multivariate Statistical Process Control (MSPC) is a statistical ap-
plication of the PCA model. Two diagnostic tools are generally used to 
identify potential outliers for process control: Q residue and Hotelling’s 
T2. The Q residue is the amount of variation that is not captured by the 
PCs retained in the model and it indicates how well each observation 
conforms to the PCA model. Mathematically, Q is the sum of squares of 
each row of the residual matrix E. For the ith sample in X, Qi is defined 
as Eq. (2): 

=Q e ei i i
T (2) 

where ei is the ith row of E. 
Hotelling’s T2 summarizes the location of each observation within 

the PCA model subspace. Geometrically, if the dataset could be de-
scribed by 2 PCs then Q residue measures the Euclidean distance be-
tween the observation and the plane created by the 2PC model (See 
Appendix Fig. 1). Hotelling’s T2 is calculated as the sum of normalized 
squared scores defined as Eq. (3): 

=T t ti i i
T2 1 (3) 

where ti is the ith row of the matrix of n scores vectors from the PCA 
model and 1 a diagonal matrix containing the inverse eigenvalues 
associated with the n principal components retained in the model (Wise 
and Gallagher, 1996). 

Both Q residue and Hotelling’s T2 can be used for multivariate 

control as they aggregate information about several variables on one 
control chart. The advantage of considering both for process monitoring 
is they take into account both the control observation range (T2 sta-
tistic) and also the structure of the variable correlation (Q residue). 

The multivariate data analysis in this study was performed with 
Matlab PLS_Toolbox software. 

3. Results and discussion 

3.1. Variation of water chemistry over time 

3.1.1. Univariate analysis 
The univariate analysis of 6 parameters that were monitored from 

2002 showed a high variation and diverse behaviors (Fig. 2). 
The conductivity profile revealed a cyclic behavior from 2002 to the 

end of 2014, with a tendency of increasing conductivity in the dry 
season due to evaporation. The range of conductivity was around 
4000–6000 µS/cm. From 2015, the conductivity increased linearly to 
10,000 µS/cm and the fluctuation became more important and difficult 
to interpret. The variation of sulphate was very similar to the variation 
of conductivity. From 2002 to 2014, the concentration of sulphate 
fluctuated from 2000 mg/L to 3000 mg/L. From 2015, the sulphate 
level in the process water increased sharply and reached 5000 mg/L. 
Calcium also had similar cyclic behavior from 2002 to the end of 2014, 
but it did not increase significantly after 2015 like conductivity and 
sulphate. The calcium level always fluctuated around 800 mg/L. After 
2015, COD started increasing in the process water and reached its peak 
around 2017 and decreased afterward. From 2002 to 2010, the process 
water had a cyclic variation in terms of conductivity, calcium, and 
sulphate. The conductivity rose during summer due to the accumulation 
of major elements such as calcium and sulphate. However, this cyclic 
variation was lost from the end of 2010 when the paste plant was 
commissioned. The variation of pH and DO were much noisier and did 

Fig. 2. Variation overtime of 6 parameters (pH, conductivity, DO, calcium, COD, and sulphate) that were monitored from 2002 to 2018. From 2002 until the full 
reticulation in 2015, they were monitored weekly and daily afterward. 
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not follow the tendencies described above. pH, which is a very im-
portant parameter in the metallurgical process seemed to have a very 
strong variation. The value of pH was ranging from 3 to 12. Generally, 
the input water is in basic pH, around 8–9. Like pH, DO also has a wide 
range of variation, from 0% to 100%. The event that happened in 2015 
seemed not to affect these two parameters. Overall, what stands out in 
the figure is any modification of the water circuit had significant impact 
on the level of different compounds/parameters in the process water. 
However, the amplitude and pattern of variation differ for each para-
meter. 

3.1.2. Multivariate analysis 
PCA was used to identify the variations of physical chemistry 

parameters and the relations between them. The data was autoscaled 
and outliers (observations 254 and 331) were removed based on the 
residual Q and Hotelling’s T2 (See Appendix Fig. 2). The first three PCs 
were chosen in order to build the model as they explained more than 
86% of the variation of the dataset, whilst the remaining PCs did not 
provide any meaningful chemical interpretation of the data. The first, 
second and third principal components (PC1, PC2, and PC3) explained 
43%, 27%, and 16% of the variation of the data, respectively. Fig. 3 
shows the PCA loading and score plot along the first three PCs. The 
observations were marked with different colors in time order in the 
score plot. 

The PC1 mostly captured the changes in process water quality after 
the transition to the short water cycle (i.e. the full reticulation). The 
loading plot indicated that PC1 described changes in all parameters. 
Precisely, conductivity, pH, calcium, COD, and sulphate had positive 

loadings while DO had negative loadings on PC1. The score value on 
the PC1 experienced the first major variation around observation 160. 
Then, after a gradual and slight increase from observation 160 to ob-
servation 380, it stabilized and decreased again from observation 730. 
This suggested, that the event around observation 160, which corre-
sponded with the full reticulation completely changed the composition 
of the process water. It caused a dramatic increase in conductivity, 
sulphate, COD of the system. Afterwards, due to the gradually reduced 
consumption of freshwater in the processing plants, the process water 
became increasingly charged. It only plateaued around observation 
380. The decrease in conductivity, thiosalt, and sulphate from March 
2018 (observation 730) conformed with the commissioning of the 
Fenton-HDS treatment plant which oxidized thiosalts and removed 
sulphate as gypsum. The significant amplitude of variation in the score 
after the full reticulation of water and the fact that it was captured in 
the first PC indicated that full reticulation was the major event that 
affected the water quality on the mine site. 

PC2 mainly described variations in pH, calcium, and sulphate. The 
loading plot showed that calcium and pH had positive loadings on PC2. 
Meanwhile, conductivity and sulphate had negative loadings. The score 
plot indicated two significant variations from observation 430–470 and 
from observation 600 and 730. At the observation 430, from a positive 
and constant value, the score value slightly decreased to negative value 
and shortly later, at observation 470, it increased again and stabilized 
until the observation 600. Then from a positive value, the score gra-
dually decreased to the negative values until observation 730 and 
started increasing. Those variations were mostly due to the change of 
the pH set point in the paste plant water overflow which was the major 

Fig. 3. Scores (left) and loadings (right) along first 3 PCs. The scores vectors contain information on how different observations relate to each other and the loadings 
vectors contain information about how variables relate to each other. The scores are colored by index, i.e. date of the data points. The arrows presented in the scores 
plot indicate the major events that could potentially modify the water quality: the full reticulation, the changes of pH set-point and the commission of the Fenton- 
HDS. Fenton-HDS is a treatment plant which oxidizes thiosalts and removed sulphate as gypsum. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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feed to the process water. From mid-May 2017 (observation 600), this 
value was between 8 and 9, while the previous set point was between 9 
and 10. As the pH was adjusted with lime, the variation of the pH set 
point affected the level of the calcium in the process water. From March 
2018 (observation 730), the Ca concentration increased again due to an 
increase in the pH of the mine water caused by the operation of the 
Fenton-HDS plant. Additionally, the commissioning of the Fenton-HSD 
decreased significantly the concentration of sulphate in the process 
water. The positive correlation between calcium and pH was normal 
since lime was the main pH modifier used on site. The PC2 also cap-
tured a negative correlation between calcium and sulphate which was 
probably due to the sulphate-calcium balance. However, the main 
mechanism and explanation are still unclear. 

PC3 mainly represented variations in DO. The score plot described 
two major periods of high variations: from observation 0 to observation 
160 and from observation 600 to observation 750. The higher score at 
the beginning suggested that before the full reticulation, the water was 
more oxygenated. The second period of high variations in DO coincided 
with the period of low scores in PC2. It suggested that the modification 
of pH during that period affected the amount of DO in the process 
water. Thus, a positive correlation between pH and DO along this PC 
was observed. 

The plot of the score and the loading on the PC1 vs. PC2 plan and 
PC1 vs. PC3 plan (Fig. 4) sums up information given separately by three 
PCs The most interesting aspect of this graph was a major event that 
split the observations into two clusters. This major event coincided with 
the change from the long water cycle to a short water cycle in the plant. 
That meant a complete change from the wet tailings pond to the dry 
tailings storage. After the full reticulation, the water became more 
charged in terms of electrolytes and less loaded in DO. Due to the re-
duction in freshwater use in the processing plants and the short re-
sidence time, the conductivity, sulphate, calcium, and thiosalt increased 

rapidly in the process water. From mid-May 2016, due to the decrease 
of pH set-point, the concentration of calcium started decreasing. 
However, the conductivity kept still increasing due to the accumulation 
of sulphate. From March 2018, with the commissioning of the Fenton 
HDS, the amount of sulphate and COD decreased. Nevertheless, this 
action increased again the amount of calcium in the process water as 
the process used lime to precipitate sulphate as gypsum. The loading 
projection on the PC1 vs. PC2 plan revealed a positive correlation be-
tween conductivity and sulphate, calcium and pH. The PC1 vs. PC3 
projection displayed a correlation between conductivity and all other 
parameters except DO. DO was slightly correlated with pH otherwise it 
was independent of all other parameters. 

3.2. A multivariate approach for fault detection 

From 2015, after the reticulation of the water circuit, the plant was 
reported to be more sensitive to the variation of water quality. 
Additionally, due to the scaling caused by the gypsum saturated water, 
the frequency of costly plant maintenance increased. Therefore, it was 
urgent to have a system that enabled water quality control and mon-
itoring. This system had to be designed to detect the point when water 
quality became unmanageable or a point when the correlation between 
variables was violated. 

In practice, to detect process faults, PCA is trained on a normal 
dataset and the model is then used to analyze fresh process data 
(Sánchez-Fernández et al., 2018). The projection of the fresh data on 
the model will give two main outcomes: detection of artifacts and the 
cause of violations. 

The same principle was applied to our dataset. The portion of data 
from observation 160–660 which was the dataset acquired after the full 
reticulation of the plant, was chosen as the training dataset. The portion 
from the observation 661–797 was considered as the test dataset. PCA 

Fig. 4. Scores and the loadings plotted on 
the plan (1) PC1 vs. PC2 (upper) and (2) PC1 
vs. PC3 (lower). The scores are colored by 
index, i.e. date of the data points. The scores 
plots indicate two clusters that are separated 
by a major event that happened around the 
observation 150. The loading projection on 
the PC1-PC2 plan (upper-right) shows a 
correlation between (1) conductivity and 
sulphate, (2) calcium and pH. The loading 
projection on the PC1-PC3 plan (lower- 
right) reveals a correlation between all 
parameters except DO. DO is only slightly 
correlate with pH. (For interpretation of the 
references to colour in this figure legend, the 
reader is referred to the web version of this 
article.) 
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was performed on the training dataset which contains 11 parameters 
(pH, conductivity, DO, Ca, total alkalinity, carbonate, bicarbonate, 
hydroxide, thiosalts, COD, and sulphate). Three first PCs were selected 
to build the model due to the low variation captured by the later PCs. 
PC1, PC2, and PC3 explained 41%, 18% and 16% of the variation of the 
data, respectively. Five observations were removed due to the high 
value in residue Q and Hotelling’s T2. Two other observations were 
removed as they contained blank cells. 

The analysis results revealed some major correlations (See Appendix 
Fig. 3). From PC1 and PC2 plan projection, DO and sulphate were po-
sitively correlated; calcium was positively correlated with COD and 
thiosalts; pH was positively correlated with calcium, hydroxide, car-
bonate and total alkalinity and they all negatively correlated with bi-
carbonate. From PC1 and PC3 plan projection, bicarbonate was posi-
tively correlated with DO; conductivity was positively correlated with 
sulphate. 

The correlation between pH and calcium, hydroxide and total al-
kalinity was in agreement with the theory when hydrated lime was 
added in the process as pH regulator. The correlation between COD and 
thiosalt was documented in literature where COD was used as a proxy 
for thiosalt assessment (Kuyucak, 2014). 

Fig. 5 shows the residual Q and Hotelling’s T2 plot by applying the 
above PCA model on the testing dataset. The 95% confidence limits 
defined the control region. The high value of Q meant that the corre-
lation between variables was not respected. The monitoring Hotelling’s 
T2 indicated whether the water quality was out of normal training re-
gion (Sánchez-Fernández et al., 2018). 

In practice, the water quality was out of control when at least two 
consecutive observations were out of the control limits (Sánchez- 
Fernández et al., 2018). The observation 3, 4, 5, 6 of the testing dataset 
satisfied this criterion. It is important to note that observation 127 also 
had a high Q and Hotelling’s T2 value. But due to its singularity, it 
should be considered more as an outlier than being out of control. 

The contribution to Q and T2 were plotted to identify the parameters 
that were out of control for observation 4 and 5 (Fig. 6). The investigation of 
the contribution to the T2 showed that these observations had abnormally 
high concentrations of sulphate and low concentration of thiosalts and 
calcium. The Q residue indicated that for both observations, pH, DO, bi-
carbonate, and carbonate did not follow the variable correlations even 
though their values were within the plant normal range. 

4. Advantages, disadvantages, and applicability of the PCA/MSPC 
methods 

When reviewing the literature, no data was found on the application 
of multivariate data analysis on the monitoring of mining water quality 
for plant performance purposes. Therefore, in this paper, we have in-
vestigated the utilization of multivariate statistics in identifying faults 
in water quality and the causes of violation. This action was extremely 
important as prior studies have noted the vital role of water quality on 
the froth flotation and plant maintenance. This controlling process, 
when combined with the water treatment plant, could provide a new 
automatic approach for mine water management. 

The study showed that the multivariate data analysis eased the in-
terpretation of water quality variations. By considering the relation of 
the variables to each other, it reduced the number of plotted charts 
needed for detecting the variations. The monitoring of Q residue chart 
and Hotelling’s T2 chart gave information on whether the inputs were 
operating within the training region and whether the correlations be-
tween variables were respected. To some extent, the correlation be-
tween variables was crucial as it showed the thermodynamic state of 
the water. 

Multivariate data analysis as a process monitoring approach is a 
powerful tool that could help to deal with complex and big datasets. 
However, it also poses some disadvantages, as highlighted by 
(Rogalewicz, 2012). First, the application of multivariate data analysis 
can help to identify the process problem, however, the procedure of 
establishing and understanding what truly happened in the processes is 
complicated. Theoretically, several scenarios are possible: the fault ei-
ther is due to one variable, due to a combination of several variables, or 
due a change in the covariance matrix. Secondly, the model used for 
multivariate analysis such as PCA is a linear method. Therefore, it 
cannot be applied to non-linear problems. In this case, data should be 
transformed into a linear problem before the treatment. Thirdly, the 
controlling charts require use of matrix algebra. That means some 
mathematical background is necessary to understand the basic princi-
ples. 

On the other hand, multivariate analysis is a statistical method, 
hence it is able to deal with data. A good dataset is therefore essential 
first condition to have good results. The dataset used in this study was 
provided by the plant and it was not designed for this type of 

Fig. 5. Residual Q and Hotelling’s T2 plot of each 
observation from the testing dataset. The control 
region (dash line) is defined as the 95% confidence 
limits. The high value of residual Q indicates that 
the initial correlation law between variables are 
violated while the high value of Hotelling’s T2 im-
plies that the input is out of normal training region. 
The red rectangle indicated the period where the 
water quality was out of the control limits (i.e. both 
Residual Q and Hotelling’s T2 are high for at least 
two consecutive observations). (For interpretation 
of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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multivariate analysis. The number of parameters that were monitored 
at the plant was too low and infrequent. Some components which are 
important to link the water quality to the plant performance such as Eh, 
concentration of metals, salinity (Na, K, Cl, Mg, and other elements), 
speciation of the thiosalt compounds, organic compounds, residue re-
agents, suspended solids, and bacteria were not available, therefore 
linking the water quality to plant performance was outside the scope of 
the paper. Since much of literature emphasized the importance of those 
parameters on the flotation performance, they should be included in the 
dataset to gain a comprehensive understanding of the water quality 
effects on flotation performance (Levay et al., 2001; Muzinda and 
Schreithofer, 2018; Ikumapayil et al., 2010; Farrokhpay and Zanin, 
2011; Senior and Trahar, 1991; Rao and Finch, 1989). 

5. Conclusion 

The aim of the present research was to investigate the applicability 
of multivariate data analysis and statistics in evaluating and monitoring 
quality in mining and minerals processing industry. The two relevant 
points that separated this research from prior studies were (1) focusing 
on monitoring water quality for the purpose of plant performance 
control and not for fulfilling environmental regulations and (2) dealing 
with time series data and not spatial data. 

The results of this study showed that the multivariate analysis 
method was able to detect changes in water quality due to modifica-
tions of the water circuits. It identified all the four major changes that 
were implemented in the mine water circuits and significantly affected 
the process water quality during the period of 2002–2018. Among 
them, the modification from the long water cycle to the short water 
cycle completely changed the water matrix. Additionally, multivariate 
data analysis proved its application to detecting faults and identifying 
the possible causes of violation. The Q residue chart and Hotelling’s T2 

allow monitoring of both the operating range of the inputs and the 
correlation between variables, i.e. the thermodynamic state of that 
water. 

Onsite and online water management is the most potential appli-
cation of multivariate analysis and statistics in the future. A computer 
program that combines MSPC, mine site water balance, and 

thermodynamic calculations could help to provide automatic manage-
ment of site water. The monitoring charts given by MSPC could be used 
as a tool to detect fault and malfunctioning of the process water system. 
When a fault happens, the computer can run a simulation of water 
balance combined with thermodynamic calculations to investigate the 
possibility of adding some cleaner sources or streams with different 
compositions to counterbalance and solve the problem. If the results 
show that a simple water blending strategy would not work, then the 
program would alert the plant personnel to initiate water treatment. 
The amount of water, degree of treatment and blending plan after 
treatment should be automatically calculated by the program. 
Therefore, the water quality and water balance could both be main-
tained in a control range automatically. This new approach would de-
crease the error made by operators when randomly blending different 
water sources, which often lead to inferior water quality in mineral 
processing operations and therefore negatively affect the flotation 
process performance. 
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