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Abstract: This work aimed to understand the relationships between grinding variables and the P80
(80% passing size) of a grinding circuit (feed to flotation). Canadian Royalties want to obtain and
reduce variations in the P80, which is currently 65 micrometres. Thus, principal component analysis
(PCA), part of machine learning, was utilized to better understand the factors that significantly
influence the P80. PCA is meant to be used as a guideline for plant metallurgists to determine how the
grinding circuit factors influence P80; thus, the variables can be manipulated to lower P80 fluctuations.
PCA revealed that the head grade of the ore (pentlandite (Pn), chalcopyrite (Cp), pyrrhotite (Po)
and non-sulphide gangue (NSG)) and the primary ball mill power were weakly correlated with P80.
However, the ore level in the silo, flowrate to cyclones, cyclone pressure, percent solids and the feed
tonnage rate to the primary ball mill were strongly correlated with P80. This information can be used
to develop a strategy to control the P80 of the grinding circuit and provide a more consistent grind
size to the flotation circuit, which can positively impact metallurgical performance.

Keywords: principal component analysis; boosting; 80% passing; crushing circuit; grinding circuit;
flotation circuit; artificial intelligence

1. Introduction

With the advances in computer technology, large quantities of mineral processing data
are collected and recorded by concentrators in operation. Mineral processing engineers are
daunted by the task of systematically extracting trends from within the large inventory of
data. In the past, these large datasets were not used for detailed analysis but were used
for basic technical analysis [1]. Engineers would most likely have approached the analysis
by investigating manually, looking for relationships in the data, by plotting graphs of one
or two variables at a time [2]. Fortunately, with advances in computational power and
artificial intelligence over the years, multiple datasets can be analyzed more easily. Data
mining and analytics techniques can allow engineers to extract important trends in the
data and improve the understanding and assist with the decision-making process, which
would not have been otherwise possible [1]. Machine-learning algorithms can extract
information, recognize data patterns and make predictions [1]. These advances address
the challenge of managing large datasets, reading the dataset in a computationally scalable
fashion and extracting valuable information with robust methods whose reliability can be
quantified statistically [2,3]. Therefore, engineers must take advantage of these advances in
computational power and artificial intelligence by using them in practical applications [3].

Multiple researchers have demonstrated the use of large datasets in developing models
for control strategies in grinding circuits using artificial intelligence. Al Bannoud et al.,
2022 [4], used predictive control based on neural networks to control closed dry circuits
with ball mills. They developed a neural network predictive model control strategy using
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the multi-input–output system to predict the outputs. Compared to conventional con-
trols, the results obtained using predictive control based on neural networks resulted in
superior results with lower errors and a better robustness. Tohry et al., 2021 [5], used
a boosted neural network-based model on operational parameters to perform advanced
high-pressure grinding rolls (HPGR) power consumption modelling. They modelled re-
lationships between HPGR operational variables and their representative power draws
based on an industrial database. This study showed that a boosted neural network could
accurately establish the multivariate relationships between the variables of an HPGR in
an iron ore plant. Mitra and Ghivari 2005 [6] used artificial neural networks (ANN) and
wavelets-based networks to control the throughput, percentages of three size classes, cy-
clone overflow flowrate (product of grinding circuit) and percent solids in the cyclone
overflow in a lead-zinc grinding operation. They stated that both techniques fitted the
data well and gave confidence in applying the data-based modelling techniques to indus-
trial grinding operations. Koh et al., 2022 [7], developed an automated machine-learning
(AutoML) algorithm to develop steady-state mineral processing models suitable for mine
scheduling and process optimization. The results of this algorithm were compared to
the partial least squares for three case studies (Los Bronces comminution circuit, nickel
concentrator flotation circuit and Carmen de Andacollo flotation circuit). For the Los
Bronces comminution circuit, AutoML was used to choose an 80% passing product size
(P80), pre-concentration conditions and blasting conditions to maximize the comminution
circuit throughput. For the nickel concentrator, a model was developed to optimize the
circuit throughput conditions to maximize metal recovery. A good correlation between
plant data and the model was achieved. For the Carmen de Andacollo flotation circuit
case study, AutoML was used to predict four total flotation recoveries. The difficulty of
sampling and assaying low-grade elements resulted in noisy data and corrupted the input
and output correlations. This is an example of the limitations of machine-learning models
when the data contain poorly correlated inputs and outputs. Olivier et al., 2022 [8] used a
convolutional neural network to predict particle size in a hydrocylone underflow. They
trained a model using GoogLeNet in transfer learning mode to classify the particle size
distribution of the underflow of a pilot-scale hydrocyclone using images of the underflow.
The model could separate the images into distinct classes.

A similar study to the one proposed in this manuscript was performed at Los Bronces,
but they maximized the throughput for a given P80 using the method AutoML. They
simulated the needed throughput and accurately compared it to the actual throughput [7].

Canadian Royalties Inc. is a nickel-copper mining company in Northern Quebec,
Canada. The concentrator processes 4500 tons of ore per day. The process consists of a
crushing plant (jaw crusher and two cone crushers in parallel—one cone crusher is used as
a backup), grinding circuit (one primary ball mill and two secondary ball mills in parallel),
flotation circuit and thickening circuit. Canadian Royalties was interested in understanding
how the grinding parameters affected the P80 of the grinding circuit or flotation circuit feed.
Due to high variations in P80, they wanted a model to better understand how to reduce
variations in the P80, which is currently 65 micrometres. The principal component analysis
(PCA) technique, considered part of machine learning and unsupervised machine learning,
was used to analyze the grinding circuit. The PCA technique creates a low-dimensional set
of features from a large set of variables [9].

2. Methods and Flowsheets
2.1. Data Collection

The grinding circuit data were retrieved from 3 September 2019 to 26 May 2020, using
the plant PI (plant information) system. The cyclone overflow was a 12 h composite sample
(collected every 15 min and composited at the end of the 12 h shift). After the sample was
collected, it was dried and sieved to obtain a particle size distribution; thus, the result was
available for the next shift. The other variables came from the PI system (these will be
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described shortly) and were averaged over a 12 h shift. A total of thirteen process variables
were used in this study.

2.2. Principal Component Analysis

PCA is a technique that reduces the number of parameters to interpret linear data
equations. Each linear equation corresponds to a principal component. A smaller number
of artificial variables (principal components) will account for most of the variance in the
data of all the original input numeric variables [10].

The principal components are new variables obtained as linear combinations of the
original parameters. This is performed so that these new parameters are uncorrelated
and most of the information of the initial variables is stored in the first component. Thus,
if we have y-dimensional data, this will result in y principal components; however, the
principal component analysis attempts to maximize the information in the first principal
component [10]. The first principal component explains the most variance in the data; the
second principal component explains the second highest variance in the data, etc.

Equation (1) shows the relationship between the principal component (PC) and the
original numeric variables [10]. The variable Wij represents the component loading between
PCi and Xj. The PCA calculations can be performed in programming languages like R
(Studio), Python and SAS. For this work, the software R was used.

PCi = Wi1X1 + Wi2X2 + . . . + WinXn (1)

The importance of a variable or contribution of a variable to PC1 (first principal
component) and PC2 (second principal component) is defined in Equation (2).

Contribution o f variable to PC1 and PC2 = (( W o f variable)2 ∗
proportion o f variance explained by PC1) + ((W o f variable)2 ∗
proportion o f variance explained by PC2)

(2)

2.3. Crushing and Grinding Process at Canadian Royalties’ Concentrator

Figures 1 and 2 show the crushing and grinding circuits, respectively. The crushing
plant consists of a jaw crusher, which feeds a vibratory screen and two cone crushers (one
cone crusher is used as a backup—one cone crusher is shown in Figure 1 for simplicity).
The vibratory screen undersize goes to the grinding circuit and the oversize goes to the
cone crusher. The cone crusher product is conveyed back to the vibratory screen for
classification. The grinding circuit consists of an ore silo, a primary ball mill, a primary
vibrating screen, two secondary ball mills in parallel and a cyclone pack. The silo feeds the
primary ball mill, and the discharge product goes to the primary screen. The primary screen
oversize is recirculated back to the primary ball mill feed. The primary screen undersize
is combined with the secondary mills’ discharges in a tank which feeds the cyclone pack.
The cyclones’ underflow feeds the secondary ball mills (these mills are in parallel—below
180 t/h, only one secondary ball mill is operated), and the overflow of the cyclone pack is
the flotation feed.

There were 13 process variables considered; these are summarized in Table 1. The
data for these variables were obtained from PI (process information) at the concentrator
(the %Pn and %Cp were computed from the nickel and copper data obtained from PI at
Canadian Royalties. The NSG was obtained by subtracting the sum of %Pn, %Cp and %Po
from 100). The Bond ball work index, mineralogy and primary mill feed (P80) were not
used in the PCA because these were not measured daily in a continuous mode.
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Figure 1. Crushing plant (simplified) at Canadian Royalties’ concentrator.

Figure 2. Grinding circuit at Canadian Royalties’ concentrator.
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Table 1. Nomenclature of parameters used in PCA.

Variable Name Description Abbreviation

Fresh feed_primary ball mill (t/h) The ore feed rate to primary ball mill FrFd_Pr_BM

%solids_cyclone feed Percent of solids in cyclone feed PERCENT_SOL_CF

Flowrate_cyclone feed (m3/h) Pulp flowrate to cyclone feed F_CF

Power_primary ball mill (kW) Power used by the primary mill POW_PR_BM

Power_secondary ball mill 1 (kW) Power used by the secondary mill #1 POW_SEC1_BM

Power_secondary ball mill 2 (kW) Power used by the secondary mill #2 POW_SEC2_BM

Level_ore silo level sensor (%) Crushed ore level in the silo LEV_ORE_SLS1

Cyclone feed pressure (psi) Pressure of slurry to cyclone pack feed CYC_PRES

%Pentlandite (Pn) * Percent nickel in the ore Pn

%Chalcopyrite (Cp) ** Percent copper in the ore Cp

Non-sulphide gangue (NSG) *** Non-sulphide gangue NSG

%Pyrrhotite (Po) Percent pyrrhotite in the ore Po head grade

80%_passing of cyclones’ overflow Size at which 80% of the mass is lower
than this size P80

* Calculated from nickel assay data from PI; ** Calculated from copper assay data from PI; *** NSG = 100 − %Pn
− %Cp − %Po.

3. Results

The data were cleaned (observations with missing values and observations with a
tonnage less than 180 t/h to the primary ball mill were removed). A summary of the
cleaned data is shown in Table 2. The data consisted of 189 observations.

Table 2. Summary of cleaned data.

Stream Units Minimum 1st Quartile Median Mean 3rd Quartile Maximum

FrFd_Pr_BM Tons/h 180 200.4 211.8 209.9 219.8 240.0
PERCENT_SOL_CF % 32.12 53.64 54.4 54.31 56.25 58.63

F_CF m3/h 480.6 742.7 783.9 783.4 829.2 948.9
CYC_PRES psi 10.26 12.1 12.68 12.68 13.33 15.02

POW_PR_BM kW 1213 1431 1455 1460 1490 1590
POW_SEC1_BM kW 1328 1526 1565 1544 1584 1661
POW_SEC2_BM kW 665.5 1370.7 1388.8 1382.2 1422.2 1470.5

Pn % 1.775 2.125 2.268 2.268 2.409 2.73
Cp % 2.03 2.45 2.6 2.63 2.81 3.46
Po % 12.18 15.1 16.23 17.17 18.65 26.96

NSG % 67.28 76.24 78.66 77.93 80.12 83.49
P80 Micrometres 51.31 60.02 62.99 63.13 66.33 76.63

LEV_ORE_SLS % 11.34 56.29 71.49 67.97 82.5 92.22

Figure 3 shows the correlation plot for the parameters. The scale is between −1
to +1. A score of −1 means 100% negatively correlated, and +1 means 100% positively
correlated. The positively correlated variables are in blue, and the negatively correlated
variables are in orange. The bigger and darker the circles, the stronger the correlations
and vice versa. This information provides the plant metallurgists with the strength of the
correlation between parameters and whether they are positively or negatively correlated.
The R (Studio) programming language also provided correlation values (part of the results
shown in this paper), and correlations approximately ≤−0.60 and ≥0.60 were considered
to be strong. Table 3 illustrates the strong correlations.
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Figure 3. Correlation plot for parameters used in PCA. (The scale on the right is from −1 to 1 in
increments of 0.2).

Table 3. Process parameters with strong correlations.

Parameters Correlation (%)

Po versus NSG −99
Pn versus Cp 60

Pn versus NSG −66
Cp versus Pn 60

POW_PR_BM versus NSG 62

The correlations between Po versus NSG and Pn versus NSG were negative. This
was due to the mineralogy of the ore. As the Po and Pn grades in the feed increased, the
NSG decreased and vice versa. The correlation between Pn and Cp was positive; thus,
as the grade of Pn increased, the Cp grade increased and vice versa. This was due to the
mineralogy of the ore in the feed.

Figure 4 shows the percentage of variance explained versus the principal components.
The first principal component explained 28.2% of the variance in the data. The second
principal component explained 14.3% of the variance in the data, and as expected, the
percentage of variance decreased as a function of the number of principal components. The
data’s cumulative variance of 93.36% was explained with nine components.
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Figure 4. Percentage of variance explained versus number of principal components.

Figure 5 illustrates the graph for Principal Component 2 versus Principal Component 1
for the process variables described in Table 1. The first two principal components accounted
for 42.5% of the variance in the dataset. In this graph, if the vectors were perpendicular,
there was no correlation between the variables. If the vectors were in the same direction,
then the variables increased with one another (positively correlated). If the vectors were in
the opposite direction, the variables were negatively correlated (when one increased, the
other decreased).

Figure 5. Principal Component 2 versus Principal Component 2. (Top left quadrant: LEV_ORE_SLS1,
FrFd_Pr_BM, F_CF, P80 and PERCENT_SOL_CF. Top right quandrant: CYC_PRES, Cp, Po and Pn.,
and Bottom left quadrant: POW_PR_BM, NSG, POW_SEC2_BM and POW_SEC1_BM).
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We analyzed the PCA results to determine which factors influenced P80. The Pn,
Po, and Cp head grades were almost perpendicular to P80, which implied that they were
weakly correlated with P80. P80 and these head grades pointed in the opposite direction to
one another, so they were negatively and weakly correlated. Thus, when the Pn, Po and Cp
head grades increased, P80 decreased and vice versa. The NSG was almost perpendicular
to P80 and pointed in the same direction. Thus, these were weakly correlated. When the
NSG increased, P80 also increased but this change was weak due to the high angle between
NSG and P80. Nevertheless, the trend was to be expected because the NSG tends to be
harder than the sulphides resulting in a coarser P80. Figure 6 illustrates the Bond ball
work index (BWI) from September 2019 to May 2020. Most of the BWI scores lay between
~15 kWh/t to ~18 kWh/t, so there were no major changes in feed ore hardness which
most likely explains the resulting high angle between NSG and P80, and thus the weak
correlation. To further investigate the relationship, a CUSUM chart was plotted for P80 and
NSG (Figure 7). For the most part, the CUSUM curves followed each other, which means
that when the P80 increased the NSG increased. However, in certain periods the opposite
was observed. This is an indication that factors other than NSG impact P80.

Figure 6. Summary of BWI for September 2019 to May 2020.

Figure 7. CUSUM chart for P80 and NSG.
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The primary ball mill power, first secondary ball mill power and second ball mill
power pointed in the same direction as NSG, but in the opposite direction to Pn, Cp and Po.
Also, the angles between the primary ball mill power, first secondary ball mill power and
second ball mill power and NSG were low (except for power to the second secondary ball
mill) which means that they are strongly correlated. The NSG tends to be harder than Pn,
Cp and Po, so we expected to observe the primary ball mill power, first secondary ball mill
power and second ball mill power increase as NSG increased. The higher power increase
in the mills may be the result of a higher recirculating load (cyclone underflow) due to the
ore hardness increasing (higher NSG grade). Despite these observations, P80 was nearly
perpendicular to or had a large angle with NSG, Pn, Cp, Po, primary ball mill power, first
secondary ball mill power and second ball mill power which meant that the correlation
was weak. This implied that other factors such as the throughput to the primary ball mill,
silo height, slurry flowrate to the cyclone feed, cyclone feed pressure and percent solids in
the cyclone feed had more profound effects on P80; these pointed in the same direction as
P80 with a low angle between them.

Figure 8 shows the CUSUM chart for NSG and primary ball mill power. Mostly the
trends are in the same direction except starting at Observation 125 where they were in the
opposite directions. This most likely occurred due to factors other than NSG affecting the
primary ball mill power.

Figure 8. CUSUM chart for NSG and power primary ball mill.

The angle of the principal components between the power used by the primary ball
mill (POW_PR_BM) and P80 was high but slightly less than 90 degrees. This indicated
that the power used by the primary ball mill was weakly correlated with P80. Referring
to Table 2, the power consumed by the primary ball mill in the first, median and third
quartiles were 1431 kW, 1455 kW and 1490 kW, respectively. Thus, the power variation
was not high, which most likely resulted in a high principal component angle, meaning
that the power was weakly correlated with P80. However, it is important to note that
theoretically power can significantly impact P80. This can be observed through the Bond
equation shown in Equation (3) [11], where W is the energy input in kilowatts hours per
metric ton, Wi is Bond’s work index, P80 is the 80% product size in micrometers and F80 is
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the 80% feed size in micrometers. From Equation (3), when the energy input is increased
(W), the P80 will decrease and vice versa.

W = 10 × Wi ×
(

1√
P80

− 1√
F80

)
(3)

Equations (4) and (5) show the cut-size (d50c) and flow rate of the feed slurry to the
cyclones (m3/h), respectively [11]. Dc, Di, Do and Du are the cyclone inside diameter,
inlet, vortex finder and apex diameters of the hydrocyclone in centimetres, respectively.
These parameters did not change. Q represents the volumetric flowrate to a single cyclone
(m3/h); this variable is equivalent to F_CF (in our study, F_CF was the slurry flowrate
to the cyclone pack). V is the volumetric percentage of solids in feed, h is the distance
from bottom of the vortex finder to top of underflow orifice (cm), S is the density of the
solids (g/cm3) and L is the density (g/cm3) of the liquid [11]. From Figure 5, when the
pressure to the cyclones (CYC_PRES) increased, Q or F_CF increased as well, so this was
in accordance with Equation (5) since the higher pulp flowrate in the grind circuit would
require higher pressure to feed the cyclones. However, the increase in Q or F_CF should
have decreased the d50c according to Equation (4) (when P80 increases the d50(c) increases
and vice versa—these are directly proportional); this did not occur, rather the P80 increased.
From Figure 5, the P80 (equivalent to d50c) increased when the percent solids to the cyclones
(PERCENT_SOL_CF) increased. As throughput increased, if no water was added to the
cyclone feed, the percent solids would have increased, causing the P80 to increase. This
observation is in accordance with Equation (5) where V increases if the %solids in the
cyclone feed (PERCENT_SOL_CF) increase, causing d50c (equivalent to P80) to increase.
This is an important point that the plant metallurgist must be aware of. In some cases,
production is very important, and the pulp flowrate capacity of the circuit may be reached;
thus, the operator may reduce water to allow additional solids in the pulp for higher
production. If this occurs, the flowrate to the cyclones (Q or F_CF) also increases with the
primary ball mill throughput, and according to Equation (5) the P80 is supposed to decrease
but does not due to the higher percent solids in the cyclones feed. These observations
indicate that the percent solids to the cyclones had more of an impact on the P80 than the
cyclone feed pressure (CYC_PRES), resulting in a higher P80.

d50c =
14.8D0.46

c D0.6
i D1.21

o exp(0.063V)

D0.71
u h0.38Q0.45(S − L)0.5 (4)

Q =
0.21P0.56D0.21

c D0.53
i h0.16

(
D2

u + D2
o
)0.49

exp(0.0031V)
(5)

Figure 9 illustrates the CUSUM chart for P80 and cyclone pressure. The trend between
the CUSUM curves should be in the opposite direction according to Equations (2) and (5).
However, it was not always the case; in certain instances, they were in the same direction,
which means factors other than the cyclone pressure affected P80. Figure 10 shows the
CUSUM chart for P80 and percent solids. The CUSUM curves moved in the same direction,
which means that when percent solids increased, P80 increased and vice versa; this is in
accordance with Equation (4). However, during certain periods the opposite was observed.
This means that other variables affected P80.

When the silo level (LEV_ORE_SLS1) increased, the cyclone feed pressure (CYC_PRES),
percent solids to the cyclone feed (PERCENT_SOL_CF), P80, pulp flowrate to the cyclone
feed (F_CF) and ore feed rate to the primary ball mill (FrFd_Pr_BM) increased, since all
the arrows pointed in the same direction and the angles were low. This implied that the
variables were positively correlated and significantly affected P80. When the silo height
was high, most likely finer particles exited the silo (Perron, 2024) [12] resulting in a higher
primary screen underflow. This higher flowrate of the primary screen underflow caused the
residence time of the pulp in the secondary ball mill circuit to decrease, the lower residence
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time in the secondary ball mills meant that less grinding occurred and caused the feed
flowrate to the cyclones and percent solids in the cyclone feed to increase, resulting in a
higher P80. When the silo level decreased, most likely coarser particles exited increasing
the particle size distribution of the primary ball mill feed and possibly these may be harder
than the finer particles [12]. This change will cause the recirculating loading in the primary
ball mill to increase [12]. Thus, the feed tonnage or throughput will have to be decreased
so as not to overload the primary ball mill [12]. Another effect of the higher particle size
distribution is the decrease in the primary screen undersize flowrate, pressure of slurry
to the cyclone feed, percent solids to the cyclone feed and pulp flowrate to the cyclone
feed. The lower flowrate (cyclone underflow) to the secondary ball mill circuit will increase
the residence time; the higher residence time in the secondary ball mills meant that more
grinding occurred, most likely resulting in a finer grind or P80. The relationship between
the primary ball mill throughput and P80 is shown in the CUSUM plots in Figure 11. The
two CUSUM curves mainly move in the same direction, showing that when throughput
to the primary ball mill increased, the P80 increased and vice versa. Houhamdi et al.,
2022 [13], performed DEM simulations to determine the normal and tangential pressures
of dry wheat in silos. They found that in silos the normal and tangential pressures vary as
a function of height. The tangential pressure is the highest at the cylindrical and hopper
transition [13]. Thus, it may be that at high silo heights, the high tangential pressure may
delay the exiting of coarser particles and facilitate the existing of the finer particles; then
when the silo height decreased the coarse particles’ exit due to the lower tangential pressure
is the highest at the cylindrical and hopper transition. The author (Antonio Di Feo) of
this manuscript made a similar observation while working as a metallurgist at a nickel
concentrator. At low silo heights, the particle size distribution of the SAG feed coarsened,
resulting in higher KPAs in the SAG, which lowered the throughput and vice versa.

Figure 9. CUSUM chart for P80 and cyclone pressure.
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Figure 10. CUSUM chart for P80 and percent solids.

Figure 11. CUSUM chart for P80 and primary ball mill feed.

To achieve greater uniformity or reduced variance in P80, control measures must be
applied to the feed rate or throughput to the primary ball mill (FrFd_Pr_BM) and silo level
(LEV_ORE_SLS1). A strategy to implement these features would need to be developed
and implemented in the grinding circuit. However, it is important to note that tonnage
is maximized to maximize revenue for Canadian Royalties. In certain cases, the tonnage
cannot be maximized; for example, when maintenance is performed in the concentrator, the
tonnage is lowered to avoid emptying the silo. Also, there most likely was a segregation
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phenomenon in the silo when the crushing plant was stopped for maintenance. As time
elapsed after the shutdown of the crushing plant, only coarse particles remained in the silo;
thus, the tonnage had to be reduced to avoid instability in the flotation circuit. Factors other
than the P80 have to be considered in the control of tonnage, which must be investigated
after this study.

Figure 12 illustrates the percent contributions of the process parameters for thirteen
variables to Principal Components 1 and 2. The percentage of the parameter contribution
decreases from left to right. For example, NSG head grade contributed the highest to the
Principal Components 1 and 2, followed by Po head grade, etc. Secondary ball mill #2
power made the lowest contribution to the Principal Components 1 and 2. The results
presented in Figure 12 are equivalent to the “contrib” (contribution) bar in Figure 5. For
example, NSG has the highest contribution to Principal Components 1 and 2 in Figure 12
and has a dark orange colored arrow in Figure 5, indicating a high contribution to Principal
Components 1 and 2.

Figure 12. Percent contribution of parameters for the sixteen principal components to Dim 1 (Principal
Component 1) and Dim 2 (Principal Component 2). Red dotted line represents half of the contribution
on the y-axis.

4. Discussion

Researchers have used different methods than PCA for the control of grinding circuits.
The technique used in this manuscript serves to guide the plant metallurgists in what
changes to make to control the P80 in the plant. It does not serve as a predictive tool for
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P80. The limitation of PCA (unsupervised technique) is that the P80 cannot be predicted
and it can only be used as a guideline.

There are machine-learning methods other than PCA that can be used to control
grinding parameters, and each one is different. Each method has its advantages and
disadvantages, for example, level of difficulty and ease of application, etc. Al Bannoud
et al., 2022 [4], used artificial neural network model predictive control (NNMPC) for dry
grinding in a closed circuit with a ball mill. They developed models to predict the quantity
of finer particles produced. Mitra and Ghivari, 2005 [6], used feed-forward neural networks
(FNN) and wavelet-frames for the modelling of wet grinding lead–zinc operation. They
generated input–output data by running numerous simulations from a phenomenological
and empirical model of the same industrial operation. They used the solid stream of ore
and water streams to the primary and secondary sumps as input variables. The output
variables used were throughput, percentage of +150 µm, −63 µm and −38 µm, recirculation
load and %solids in the final output stream. They found that the technique to be suitable in
fitting the data. Koh et al., 2022 [7], developed the automated machine-learning (AutoML)
technique for automated machine-learning models with almost no user machine-learning
knowledge. They tested this concept in three operations. These models were used to model
preconcentration, blasting and comminution conditions for miner scheduling. Also, a
flotation model was used to identify the best comminution circuit operating conditions to
maximize metal production. Olivier et al., 2022 [8], used GoogLeNet in transfer learning
mode to classify the particle size distribution of the underflow of a pilot-scale hydrocyclone
using images of the underflow. PCA is different from the technique mentioned above; it
reveals the trends in the data or how the parameters are related, which can be used as a
guideline in controlling the grinding circuit.

The present findings can be used by the plant metallurgists at Canadian Royalties to
reduce variation in the P80 of the cyclone overflow (feed to flotation). The values in Table 2
can be used as a guideline. For example, if the silo height decreases below ~56% then
the P80 will decrease to <60 µm. In this case, the metallurgists should not add grinding
media to the ball mills to avoid overgrinding, for example. If the silo height increases
above ~82%, then the P80 will increase to greater than ~66 µm and if the height increases
further to ~92%, then the P80 can be as high as ~77 µm. In this event, the metallurgists
should avoid overfilling the silo, and if the height of the silo is too high, then more grinding
media should be added to the primary ball mill and/or the secondary ball mills, if possible,
for example. As another example, if the throughput to the primary ball mill is increased,
then according to Figure 5 the %solids to the cyclone feed will also increase, resulting in a
higher P80. In this case, more water should be added to the cyclone feed to avoid the P80
increasing. These are just a few examples as to how the information obtained can be used
in the plant. Of course, the changes will have to be performed according to the mineral
processing principles or theory.

The daily mineralogy and hardness of the ore were not available, but the calculated Pn,
Cp, Po (calculated by Canadian Royalties and included in the data sent to CanmetMINING)
and NSG head assays were included in the PCA analysis to infer changes in feed mineralogy
and hardness. These two parameters are extremely important; however, the concentrators
cannot measure these on a daily basis due to budget and resource availability. Therefore,
the calculated head assays were included in the PCA analysis to indirectly infer changes
in the feed hardness and mineralogy. Changes in these two parameters will impact the
circulating load in the crushing and grinding circuits, causing fluctuations in the P80.
The monthly composite hardness test results (Bond work index—BWI) and head assays
from September 2019 to May 2020 were available. The BWI did not vary significantly
(~15 kWh/t to ~18 kWh/t). This meant that most likely the ore hardness and mineralogy
of the feed did not change significantly, which may explain the weak correlation between
these variables and P80 (high angles between these variables and P80 in Figure 5). Having
this information will allow the plant metallurgist to adopt strategies in the grinding circuit
to avoid the impact of the head grade on P80. For example, if the NSG increases then the
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P80 will increase, then in this case the tonnage may be reduced to avoid the P80 becoming
too coarse (although this is unlikely to happen because the revenue would be lowered).
Again, the principles or theory of mineral processing will have to be followed.

The PCA technique can be applied by metallurgists to grinding circuits at other con-
centrators. Future research can focus on the linking of a PCA model to another model that
can predict P80, in other words, to have an unsupervised coupled model with a super-
vised model. If research on such an approach is conducted, then the plant metallurgists
can not only determine the trend in the P80, but they can know when to take corrective
actions based on the supervised model (a model that predicts P80). Also, Canadian Roy-
alties should pursue the PCA study with data from longer periods of time, for example,
more than 1 year of data, to take into account ore variability characteristics and seasonal
variations which will improve the robustness of the PCA analysis.

Another factor that will have to be considered is equipment maintenance. If the
equipment is not maintained at regular intervals, for example, grinding mills, then the
equipment will not perform in the manner that was designed. Thus, when the equipment
is repaired, it will not perform at the same capacity and may induce inaccuracies in the
PCA or other artificial intelligence models.

The Canadian Royalties concentrator is recommended to measure the circulating load
in the secondary ball mill circuit and control the percent solids to the cyclone feed (add
water to the cyclone feed when the throughput increases). Ideally, the circulating load is
recommended to be between 250 and 300% to avoid overgrinding. It would be interesting
to include this parameter in the PCA and determine how it relates to the other factors,
especially P80. An online particle size analyzer is also recommended to monitor the P80
continuously. This would allow the plant metallurgists to better control the crushing and
grinding circuit to achieve the desired P80.

PCA in this work provides the metallurgists with an overview or holistic approach
to the data in the grinding circuit at Canadian Royalties, more specifically, trends in the
data. However, the metallurgist is recommended to use fundamental principles to make
corrective actions in the grinding circuit.

5. Conclusions

PCA is a valuable technique to analyze large datasets. It reduces the number of
components required to explain trends in the data. We applied this statistical technique
to uncover data trends affecting the grinding circuit’s P80 at Canadian Royalties Inc’s
concentrator.

(1) The P80 was directly correlated with the following variables; thus, when these vari-
ables increased, the P80 increased.

(a) Feed tonnage to the primary ball mill (FrFd_Pr_BM);
(b) Silo level (LEV_ORE_SLS);
(c) Pulp flowrate to the cyclone feed (pack) F_CF;
(d) Pressure CYC_PRES;
(e) Percent solids to cyclone pack (PERCENT_SOL_CF).

(2) The head grades (Pn, Cp and Po) and P80 exhibited near-perpendicular relationships
and pointed in opposite directions, indicating a weak negative correlation.

(3) The NSG head grade and P80 exhibited near-perpendicular relationship and pointed
in the same direction, indicating a weak positive correlation.

(4) The study illustrates how large datasets can be used to understand trends in the
data for the grinding circuit. The same techniques can be used in other areas, for
example, flotation circuits, thickening circuits, gravity separation, etc. It facilitates
the metallurgists’ tasks to retrieve meaningful trends to make informed decisions in
their operations.
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