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High-Pressure Grinding Rolls (HPGR), as a modified type of roll crushers, could intensively reduce the
energy consumptions in the mineral processing comminution units. However, several problems counted
for their operational modeling, especially in the industrial scales. Expanding a conscious laboratory (CL)
as a recently developed concept based on the recorded datasets from the HPGR operational variables
could be tackled those complications and fill the gap. Moreover, constructing such a CL base on explain-
able artificial intelligence (EAI) systems would be an innovative point for the digitalizing powder technol-
ogy industries. Using a robust EAI model as a strategic approach could significantly improve system
transparency and trustworthiness to convert any complicated black-box machine learning to a logical
human basis system. This study introduced the SHapley Additive exPlanations (SHAP) and extreme gra-
dient boosting (XGBoost) as the latest powerful EAI tool for the CL modeling of the particle sizes produced
by an industrial HPGR (Pgp) in the Fakoor Sanat iron ore processing plant (Kerman, Iran). SHAP precisely
assessed multivariable relationships between the monitored operational variables and correlated them
with the HPGR Pgo. SHAP values showed relationship magnitudes among variables and ranked them
based on their effectiveness on the Pgq prediction. The working gap demonstrated the highest importance
for the Pgq prediction. XGBoost could precisely predict the P80 and showed higher accuracy than typical
machine learning methods (random forest and support vector regression) for constructing the CL of
HPGR. These significant outcomes would open a new window for robust consideration of the EAl models
within powder technology.
© 2021 The Society of Powder Technology Japan. Published by Elsevier B.V. and The Society of Powder
Technology Japan. All rights reserved.

Keywords:
Working gap
Roller speed
Particle properties
Machine learning
XGBoost

1. Introduction ore processing plant: high availability, high capacity, and generat-

ing micro-cracks in the particles [8,9].

Around 5% of the generated global electricity consumes annu-
ally in mineral processing plants. From this remarkable energy
consumption, approximately 80% would be spent in the comminu-
tion units (crushing and grinding) [1]. Since the 1980s, the High-
Pressure Grinding Rolls (HPGR) as a modified type of roll crushers
has been introduced to the ore beneficiation plants to relatively
reduce this massive energy ingestion (by around 10-40%) [2,3].
HPGR has been considered a replacement for tertiary crushers
and different mills (SAG, ball, and rod mills) [4-7]. Using an HPGR,
besides improving energy efficiency, has several advantages for an
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Modeling an HPGR operation and mechanisms involve through
its performance would be essential to optimize its production
based on the processing plant’s desires. The discrete Element
Method (DEM) has been recently used for HPGR modeling [10-
12]. Barrios and Tavares (2016), using DEM modeling of an HPGR,
demonstrated a reasonable agreement between DEM modeling
results and phenomenological power models [13]. It was reported
that the discharge mass flow rate approximately is independent of
axial position, and just a small variation in the confining cheek
plate locations would be required to allow weighty axial bypass
[14]. DEM also was used to explore the effect of the roll stud diam-
eter on the HPGR capacity and was indicated that it less effect on
HPGR throughout and power during grinding [15].
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Meanwhile, several mathematical and statistical models have
been established to improve the HPGR performance. The gener-
ated models mainly focused on the simulation and prediction
of power consumption, throughput, and product size distribution
[7,16-23]. These models demonstrated high potential, even
though they are limited for broad industrial application. Their
poor prediction could be mostly addressed as inadequacies of
original models and unavailability of all their model input vari-
ables in the industrial scales (few operational variables could
be measured in the mineral processing plants) [24]. Moreover,
assessing these models might require several pilot-scale runs
(pilot HPGR tests could accurately scale up to industrial size).
However, pilot-scale experiments need a huge quantity of mate-
rial (1-5 tons) and would be quite costly for new plants [25].
Thus, conscious lab (CL), as a most recent development in this
area, could be the most accurate solution for tackling all these
drawbacks [26,27].

CL as a new concept has been recently developed. A well-
structured CL assesses and models relationships between opera-
tional parameters and their representative responses by using
explainable artificial intelligence (EAI) systems and based on
the datasets recorded in the industrials scale [26,27]. These
models would be a sustainable approach that can directly be
used for immediate decision-making in the plants based on
the process realities (not optimum theoretical concepts). Using
a CL could decrease laboratory costs, save time, remove scaling
up factors, improve process efficiency and plant maintenance
[26,27]. Several different types of machine learning (ML) and
Al models have been used for prediction and modeling industrial
variables in powder technology. However, these artificial models
mostly employed linear or nonlinear regression as the alternate
methods and did not present any insight about correlations
between monitored operational variables and their representa-
tive industrial responses. Therefore, they could be classified as
a black box system (not as an EAI model). A comprehensive
EAI model as a new digital global framework should be able
to assess the correlation between each recorded variable with
their representative output, illustrate their correlation magni-
tude, measure their effectiveness (importance), and rank them
based on their importance [28-30].

SHAP (SHapley Additive exPlanations) as a revolutionary
through EAI modeling could provide all these assessments for
different ML models and improve transparency and trustwor-
thiness [31]. Based on the cooperative (classic) game-
theoretic approach, SHAP can explain the output of any Al
model and links the optimal credit allocation with local expla-
nations. In other words, Shapley values indicate how each
point of a variable can contribute to the prediction, a unique
simultaneous linear and nonlinear multivariable assessment
[32-35]. SHAP could be coupled with an extreme gradient
boosting (XGBoost) model to develop a robust CL system for
different constructive data assessments. XGBoost as a predic-
tive model followed the Gradient Boosting concept; however,
it has several advantages over typical ML models. XGBoost
can control over-fitting, handle missing values, and have a
dynamic objective function that leads to better performance
for the prediction [36-40]. As a novel approach within powder
technology, this investigation is going to introduce a CL for the
prediction of HPGR particle size production (output Kgo) based
on a dataset from the Fakoor Sanat iron ore processing plant by
using the SHAP-XGBoost model. Various models (Pearson cor-
relation, random forest, and support vector regression as typi-
cal statistical and prediction tools were also considered
through the dataset for comparing and assessing the SHAP-
XGBoost capability.
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2. Materials and methods
2.1. Dataset

For exploring the relationships between HPGR operating vari-
ables and their representative Pgy (output Kgp), a dataset with
354 records based on monitoring data collected from the Fakoor
Sanat iron ore processing plant (Kerman, Iran) from 2018 to 2019
was prepared. In the plant, the HPGR is feeding by low-grade iron
ores from dry-stacked tailings. Its capacity is around 235 t/h, and
its rolls have 650 mm width and 1100 mm diameter (Fig. 1).

The HPGR products would be feed to a ball mill (Table 1). HPGR
key process-operating parameters, including hopper level, roll
speed, working gap, hydraulic pressure, fixed and floated power,
are monitored by automatic systems and recorded in the main con-
trol station of the plant. The feed rate is monitored from deployed
belt scale under the belt conveyor. The provided Fgq (input Kgo) and
Pgo for the input and output of HPGR streams are the mean value of
different recorded Fgo and Pgy during each shift. They were deter-
mined by sampling and dry sieving analysis in the laboratory.
The ratio was determined after measuring the Fe total, and FeO
content of the representative samples from HPGR feed by the
potassium dichromate titration method (wet chemistry). All these
recorded variables were considered for the relationship and mod-
eling assessments.

2.2. Shapley additive exPlanations

The SHapley Additive exPlanations (SHAP) is a game theory-
based framework that provides a unified approach to interpreting
a machine learning model’s predictions and assigns feature impor-
tance to input variables [33,41,42]. SHAP is an additive feature
attribution method introduced in 2017 by Lundberg and Lee [30].
This method defines the output of a model as a linear addition of
input variables. More formally, the SHAP explanation model g(z')
for prediction (f(x)) is created by decomposing the prediction into
a linear function of binary variables z' € {0,1}" and SHAP values
¢; € R [43] as expressed in Eq. (1).

M
fx)=8@)=do+)_ bz (1)
i-1

Feed to MIIMS Crushed ores' stockpile (-20 mm)

Ball mill

ussaid

Fig. 1. Simplified comminution units at Fakoor Sanat iron ore processing plant
(Kerman, Iran).
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Table 1

The statistical description of the HPGR operating variables from the Fakoor Sanat iron ore processing plant.
Variables Minimum Maximum Mean STD
Feed Rate (t/h) 111 253 188.44 28.67
Hopper Level (%) 47 74 64.53 3.80
Roller Speed (rpm) 413 945 652.00 120.91
Working Gap (mm) 14 29 22.00 2.81
Working Pressure (mm) 165 174 171.03 1.97
Power-FIX (kW) 72 173 116.50 19.08
Power-FLOAT (kW) 48 165 107.45 24.10
Fe (%) 34.98 54.35 46.99 3.15
FeO (%) 2.73 12.60 5.93 1.35
Ratio (£%) (%) 3.92 18.33 8.36 2.14
Fso (mm) (input-Kgo) 5.88 25.51 19.46 3.12
Pgo (mm) (output-Kgp) 5.04 14.77 9.51 1.69

where M denotes the number of input variables, z' represents sim-
plified input, and ¢, is the constant value in the absence of all fea-
tures. SHAP values represent the influence direction of each feature
on the model’s output [32,35], and can be obtained as the possible
solution of Eq. (1) that satisfies three properties: local accuracy,
missingness, and consistency. These values can be computed as
follows:

“ Wy @) - f2) @)

where X' is the vector of the M selected input variables, f is the
trained model, [f,(z') — f,(z'")] specifies the contribution of i th vari-
able in model’s output, and |z’ |denotes the number of non-zero
entries in z’ [41,43].

2.3. Extreme Gradient boosting

Extreme Gradient Boosting (XGBoost) is an efficient and scal-
able tree boosting algorithm, proposed by Chen and Guestrin in
2016 [44]. Indeed XGBoost is an enhanced version of Gradient
Boosted Decision Trees (GBDT), which has proven its capability
for pushing the computational power limits for boosted trees
[45,46]. XGBoost varies from GBDT in some ways. First, the GBDT
method simply employs the first-order Taylor expansion, whereas
the loss function used by XGBoost employs second-order Taylor
expansion. Additionally, in XGBoost, the objective function is nor-
malized to reduce model’s complexity and avoid overfitting
[47,48]. Formally, the XGBoost model’s predicted output y; is the
sum of all scores predicted by K trees, as expressed in Eq. (3).

K

> fux), frel

k=1

Vi= 3)
where x; is the input feature vector, f, denotes prediction scores of
kth tree (also known as leaf scores), K is the number of regression
trees and T is the function space containing all possible regression
trees [49-51]. To learn the set of functions used in the model,
XGBoost tries to minimize the regularized objective function, which
is defined in Eq. (4).
n k
¢=> 1.3 +>.9(f) @
i-1 =
where [(y;,y;) measures the difference between the target y; and the
prediction y;, Q(f) is the regularization term, which penalizes the
complexity of the model to avoid overfitting, and is calculated by
Eq. (5).

) =T+ 54 0] 5)
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where T, w are the number of leaf nodes and the score on each leaf,
respectively.y, A are constant coefficients, y is the complexity cost,
and / is a hyper-parameter for regularization used to adjust regular-
ization degree [51,52].

2.4. Random forest

Random Forest (RF) is a nonparametric supervised machine
learning algorithm, which employs ensemble learning techniques
for classification and regression [53,54]. The RF presented by Brei-
man [55] is a combination of Bootstrap aggregating (Bagging) [56]
and random variable selection at each node [57]. In other words, it
is an extension of bagging that picks a subset of features in each
data sample randomly.

The advantages of modeling by the RF include having only a few
tunable parameters, resistance to overfitting, having no statistical
assumption, and being scale invariant [58-61]. In this study, the
random forest regression is used, which builds an ensemble of K
trees {Ty(X),T2(X),...,Tx(X)}, where X={X1,X2,..,X,} is an
n-dimensional input vector. Each of these trees generates an
estimate T, (x). Then the predictions of the trees are aggregated
to form the forest estimate [62-64]:

(6)

k=1

Since each tree T, (x) has low bias and high variance, averaging
trees’ predictions will stabilize predictions [62,65].

2.5. Support vector regression

The Support Vector Regression (SVR) is a regression method
proposed by Drucker based on Vapnik’s support vectors concept
[66]. The SVR has been shown to be an effective method in estimat-
ing real-value functions. One of the key advantages of this method
is its computational complexity independent of the input space’s
dimensionality. In addition, it has a high prediction accuracy and
good generalization [67,68].

The SVR can be trained to estimate the regression problem’s
output and given a training dataset of | samples T = {(X1,¥,),
(X2,¥4), - (X1, ¥))} Xi € R", ¥; € R. SVR can map observations into
a higher dimensional feature space using nonlinear transformation
to make them linearly separable. Then there is a linear function
(SVR function) in high dimensional space that can formulate non-
linear relation between Xx; and y; as:

fX) =wo(x) +b (7)

where f(x) represents the estimated values of the mapped points,
¢(x) is a feature mapping function, w and b are the weight and bias,
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Fig. 2. SHAP analysis of variables for the Pgo (Kgo-output) prediction.

respectively [69,70]. w and b are determined by minimizing the
objective function (Eq. (8)) subject to constraints (Eq. (9)).

R 1 ,
IT‘IA}UR(%@,W) ZEHWH'FCZ(Q-F@) 8)
Yi—Wo(X)-b<e+¢
St{ -y +WoXi)+b<e+ & 9)
=0 6 >0
where ¢ is the permitted error threshold, {5} ,, {.f;‘}::] are slack

variables, and the constant C is the regularization parameter. The
value of ¢ determines the radius of the tube (¢-tube) around the
approximated function. The SVR does not penalize data points that
fall inside this tube since they are considered as correct predictions.
&, ¢ are employed to compute the distance between the target val-
ues and é&-tube’s boundary values. C is used to balance model com-
plexity and the empirical risk [70-72]. After solving Eq. (8), the f(x)
can be obtained as follows:
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1

(10)

where o; and o; denote the Lagrangian multipliers, and K(x;,X)
¢(X;)¢(x) is the kernel function [69,70,73]. In this study, Radial Basis
Function (RBF) kernel is used for the SVR method (Eq. (11)).

)

3. Results and discussions

_lIx=xil

952 (11)

K(x,xi) = exp(

3.1. Correlation assessments

Assessing relationships for ranking variables based on their
effectiveness could provide insights into the model and explain
it. Pearson correlation and SHAP analyses were used throughout
the entire dataset for the relationship assessments. In a plant,
when the process is working on its steady-state, there are several
interactions between variables; SHAP would be about to consider
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all these interactions based on the existing monitored variables
that come from units. SHAP analyses (Fig. 2) demonstrated that
in the steady-state conditions of operating the HPGR, the working
gap within all the variables in the dataset had the highest impor-
tance for the Pgo prediction. In contrast, the working pressure
had the lowest rank of importance. SHAP values showed the mag-
nitude relationship between Pgq and the working gap is positive. In
other words, a lower working gap would result in a smaller particle
size. It is well understood that a larger working gap would contain
larger particles unbroken pass through the rolls [19]; however, the
HPGR operator cannot directly control the gap to achieve the
desired Pgo. The larger working gap would permit larger particles
to pass through unbroken. Fgq received the second rank of impor-
tance for the prediction and positively correlated with Pgq (Fig. 2).

A strong consistency could be observed between SHAP and
Pearson correlation results (Figs. 2-3). Working gap and Fgg
showed the highest inter-correlation (positive relationships) with
Pgo (their lower values could lead to a finer particle size produc-
tion). Pearson correlation also indicated a positive linear relation-
ship between the working gap and Fgo. Coarser feed particles led
to larger products. The coarsest feed particles that could be
accepted within the rolls would also affect the working gap and
might localize rolls by stressing them and pushing the hydro-
pneumatic spring [74]. In other words, coarser feed top sizes could
lead to a larger working gap [19]. SHAP analyses (Fig. 4) illustrated
a nonlinear positive relationship between them (based on all the
recorded data points). In general, SHAP could assess multivariable
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relationships, plotted SHAP values for each point of variables, con-
sidered for their ranking. In contrast, Pearson correlation only
could evaluate a single linear relationship between two features
and plot the effect of variables (not each record) on the output.
In HPGRs, the feed properties (particle properties: size, compo-
sition, hardness, etc.) could interact with the hydro-pneumatic
spring and determine the working gap. As SHAP and Pearson corre-
lation results indicated (Figs. 2-4), there are several different multi
interactions among the HPGR operating variables. Results (Fig. 3)
showed that there is a negative correlation between roller speed
and working gap. Lim et al. (1997) showed when the roll speed
increased, the working gap decreased. They reported that this cor-
relation is stronger than the relationship between the working gap
and the specific grinding force [19]. Lubjuhn and Schoenert (1993)
noted that the negative relationship between roller speed and the
working gap increases the particles’ enhancing slip in the acceler-
ation zone [75]. Figs. 2—4 illustrated their negative relationships. £
ratio showed a positive correlation with the Pgo production (Fig. 2).
In other words, increasing the Fe and decreasing the FeO could lead
to a coarser production (a higher Pgo) (Figs. 2-4). Although this
ratio is an intrinsic property of the feed material, results showed
that it affects the P80 and could be used for its prediction. Increas-
ing this ratio represented higher hematite than magnetite in the
feed, which could cause a higher ore toughness, lower grindability,
and potentially a higher Pgo. Hopper level indicated a negative rela-
tionship with the Pgq (Figs. 2-3). Rule et al. (2008) reported that
achieving a preferred HPGR hopper level would be difficult if the
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HPGR unit was not fitted with variable speed driven [76]. Thus, this
negative relationship could be due to a positive inter-correlation
between the hopper level and roller speed (Figs. 2-4). It was doc-
umented that increasing the roller speed (in a limited range) could
lead to overall finer iron ore products [19]. Power draw (Fixed and
Float) and roller speed showed negative correlations with the Pgq
(their increases generated finer particles). Moreover, results
showed that the power draw increased by increasing the roller
speed (Figs. 2-3). This positive correlation was reported in the
other investigations [26,77]. Feed rate and working pressure indi-
cated insignificant relationships with the Pgg; however, it was

Table 2
The XGBoost parameter settings for the Pgo prediction.

Parameter Value (Type)

noted that they have to be used for modeling HPGR products to
cover all possible multi interactions [26,78].

3.2. Pgy prediction

From the entire dataset, around 80% of records were randomly
considered for the training stage of the XGBoost models to predict
the Pgo. The rest of the remained data was considered for the mod-
el’s testing stage. Several different optimum model features were
examined, and they were adjusted and applied for training after
the tuning process. The four main XGBoost hyperparameters are
general, booster, learning task, and command-line parameters.
General parameters are the overall functioning of the XGBoost
model and include booster, verbosity, and nthread. From booster
parameters, gbtree, gblinear, or dart can be selected. The verbosity
of printing messages could be 0 (silent), 1 (warning), 2 (info), 3 (de-
bug). The nthread can be used for parallel processing. The number
of cores in the system has to be entered. The value should not be

Base learner
Tree construction algorithm
Learning objective

Learning rate (1)

Lagrange multiplier (y)

Number of boosted trees

Maximum depth of trees

Minimum sum of weights required for a node to
split into a child

Maximum delta step allowed each leaf output to be

Gradient boosted tree
Exact greedy
Regression with
squared loss

0.108

6.1

45

7

1

0 (There is no
constraint)

Table 3

Provided accuracy by the different examined machine learning methods in the testing

phase.
Method R-square RMSE*
Random Forest Number of Trees = 20 0.76 0.80
Support Vector Regression Kernel = RBF 0.69 0.89
XGBoost 0.83 0.67

" Root mean square error.
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entered for running on all cores, and the algorithm would detect
automatically. Tree and linear boosters are the XGBoost booster
parameters. Tree booster typically outperforms the linear booster.
Learning task parameters corresponded to the learning objective
and define the optimization objective that needs to be calculated
for the metric at each step. In this work, the hyperparameters were
considered mainly the default of its algorithm. After the tuning
process (a try and error procedure), the optimum model features
are adjusted and applied for training (Table 2).

The XGBoost results in the testing step (Table 3) indicated that
XGBoost could quite accurately estimate the HPGR Pgq stand on the
monitored operational parameters. RF and SVR models were con-
sidered to the P80 prediction with the same training and testing
sets for comparison purposes Outcomes (Table 3) demonstrated
that the XGBoost model provided suggestively higher accuracy
than these two known ML models for the Pgq prediction (Fig. 5).
These results indicated that SHAP- XGBoost could successfully con-
struct a CL for an HPGR unit as a commanding EAI system. These
comprehensive results potentially depicted that this model could
be used for modeling, controlling, and maintaining different HPGR
circuits on an industrial scale.

4. Conclusions

Developing a conscious lab for size reduction units in mineral
processing plants and move toward digitalizing operational sys-
tems would increase the process efficiency and improve process
control and maintenance. Using explainable artificial intelligence
models as novel algorithms for constructing a conscious lab could
translate big industrial datasets to a piece of understandable
human basis information. Outcomes of this investigation indicated
that SHAP and XGBoost (as most recent explainable artificial intel-
ligence tools for developing a conscious lab) could accurately
model relationships between operational variables of an industrial
High-Pressure Grinding Roll. SHAP analyses noted that within the
steady-state operational conditions, the working gap showed the
highest nonlinear correlation (positive) with the particle size pro-
duction (Pgg) and ranked as the most effective factor for the Pgo.
SHAP could accurately address all multi interactions and relation-
ship magnitudes between operational and feed properties.
XGBoost united with SHAP could accurately predict the Pgg based
on the monitoring parameters in the plant (root mean square
error < 0.7). Comparing SHAP-XGBoost results with typical model-
ing (Pearson correlation, random forest, and support vector regres-
sion) demonstrated that coupling these two powerful methods
could successfully be used for developing conscious labs for differ-
ent advanced powder technologies.

-14

-2 4

Differences between actual and predicted P80 value (mm)

XGéoost RIF S\l/R
Fig. 5. Differences between actual and predicted Pgy by Al methods in the testing

phase.
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