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Abstract

Undoubtedly hydrocyclones play a critical role in powder t:ui.nu10gy, which can considerably
affect the plants’ process efficiency. However, hydroc cloues were rarely modeled on an
industrial scale, where a model can be used to train ¢ »era ors and minimize potential scale-up
errors and lab costs. The novel approach for filliro such « gap would be using conscious lab
“CL” as a new concept that builds based on ai i~dustrial dataset and explainable artificial
intelligence (XAIl). As a novel approach, tr.s s udy developed a CL and explored the interactions
between hydrocyclone variables by *the mo.t recent XAl method called “SHapley Additive
exPlanations (SHAP)”, and a novel u ~cnine-learning model, “CatBoost”. The hydrocyclone
output and the particle size of the p'arn. magnetic separator were modeled by SHAP-CatBoost.
SHAP could successfully modz2! an the relationships, and CatBoost could predict the Ogy and
Kgo where outcomes had a Fighe - accuracy (R? ~0.90) than other conventional Als.

Keywords: Hydrocyclon.: Ultrafine particles; Random Forest; Support Vector Regression;

XGBoost
1. Introduction

In mineral processing plants, hydrocyclones are the most typical tools for controlling and
classifying particle size distribution (PSD) of powders (fine particles mostly in -500um)
generated by mills [1]. Since fine grinding of low-grade ore is essential to meet the minerals’
liberation degree (vital for the efficient downstream separation processes), the hydrocyclone

performance can directly affect the efficiency of upgrading units and the final products’ quality.



In other words, the PSD of ground ores, besides minerals’ properties, would dictate the selection
of the upgrading method (such as gravity, magnetic, and froth flotation). Therefore,
understanding relationships among hydrocyclone operational variables and their effects on the
products’ particle size would be crucial for any plant [2—4].

Modeling is a key to better controlling and determining these relationships. Thus, several
theoretical models have been developed to explore correlations between operational parameters
and model hydrocyclone performances [5,6]. Yet, the generated empirical-numerical models
were mostly based on the laboratory scale experiment results “7], and they were limited to
specific operating scenarios, could not show the level of -a.favles’ effectiveness on the
hydrocyclone performance, and assessed each parameter unconciedly [8-11]. Recently some
investigations using artificial intelligence (Al) mode's 1.ove been conducted to model
hydrocyclone performance (Table 1). Since ANN are mos‘ly black box models, they still hold
some fundamental challenges of empirical models Thcy cannot provide multi-correlation
assessments within the operational hydrocyc’or « variables nor indicate the magnitude of
relationships. Moreover, they were mostly oas 2d vn small laboratory datasets, which would not
generate inadequate confidence levels for inacstrial-scale processes. In some cases, no validation
step was considered through those invactigetions that can develop overfitted models (Table 1).

Table 1. Al models and thei. conditions applied for modeling various hydrocyclone
performances.

R
. Data  Number of = Model Results
Model Input Variables Output Type Records (Testing Step) ef
Pressure drop at the Cut size Labor 9 galn 1
Feed-forward neural network inlet, Solid percent Overflow S R-square: 0.98
: atory  validation 1]
vortex Apex diameter Underflow 5 test
Inlet flow rate
Overflow flow rate
Underflow flow rate .
Pressure Labor 25 gam 5
Feed-forward neural network Volumetric _solld Cut size atory  validation R-square~0.81 1
conpentratllon 8 test
Solid density
Overflow density
Angle of discharge
Pressure drop
I~ . Solid percent .
Combination of Self-Organizing Map - - . Labor 150 train [1
and Neuro-Fuzzy Inference System Size fraction Cutsize atory 19 test Not reported 2]

Overflow densities
Underflow densities




Water-solid ratios
Overflow densities

Back propagated neural network Underflow densities Cut size Labor 100 train R-square~0.97 [1
atory 100 test 3]
Apex
Spigot flowrates
Conventional neural network Image_Net data (300 Unc_ierflo_w Labor 210 train R-square~0.85 [1
images) particle size  atory 90 test 4]
Vortex finder 100 train
Feed-forward neural network _dlamt_eter Solid Labor .50 . Not reported [1
Spigot diameter recovery atory  validation 5]
Inlet pressure 50 test
Inlet flowrate
Inlet density .
; ; : Labor  ~100 train _ [1
Feed-forward neural network Spigot opening Cut size atcry  ~100 test R-square~0.94 6]

Vortex height
Temperature of slurry

Considering the “conscious lab (CL)” concept could pownually fill all these gaps.
Exploring relationships in a simultaneous single and multivai.ble assessment using machine
learning systems (which would reduce ANN limitations) .. asea on industrial datasets called CL
[17]. A CL can develop a comprehensive insight into ti.. ser sitivity of process performance to all
monitored operational factors. In detail, CL is a r2'* theory that suggests using explainable Al
(XAl) to assess relationships within observed vai.2btes from industrial units and model their
interactions [17,18]. XAl can consider 'ne?; and nonlinear relationships through a single-
multivariable assessment and rank var‘ables based on their effectiveness on the model outputs.
That assessment will also determinr. 1= inagnitude of relationships. Recently, CL has been
successfully constructed based on o, feient machine learning models with random forest (RF),
support vector regression (SV:?), und eXtreme Gradient Boosting (XGBoost)) for various
industrial units. This work, as ¢ unique approach, is going to develop a CL for an industrial

hydrocyclone by usine Si aple y Additive exPlanations (SHAP) as a novel XAl structure.

Each generated m~del needs to be understandable for operators [19,20]. As a recently
developed XAl, SHAP can unbox any black box model and translate relationships, bringing them
to a human basis. Based on each record's local interpretability, SHAP can thoroughly explain the
global average and model output and consider single and multi-correlations for linear and
nonlinear interactions. Such an illustration facilitates the training of operators by breaking down
Al complexity to the general level. In this study, SHAP was coupled with the CatBoost model to
enhance its functionality. CatBoost is a newly established Al model for gradient boosting on
decision trees. It has several advantages over other traditional machine learning methods, such as

being faster in training, keeping the original structure of the data frame, and being sparse.



Catboost uses the “Ordered target statistics” principle, which solves the prediction shift and
target leakage problem [21,22]. The core objective of this work is to emphasize the essential
need to understand inter-correlations among hydrocyclone operational valuables and their
effectiveness on the process performance by accurate and human basis methods (XAl) on an
industrial scale. This approach can be implemented in various processes dealing with powder
technology. This study is going to construct a CL for a hydrocyclone in the Fakoor Sanat iron ore
processing plant using the SHAP-CatBoost model as a narrative approach and assess
hydrocyclone’s performance on the magnetic separator response (Fig. 1). For comparison
principles, random forest (RF), support vector regression (SVR,), extreme gradient boosting
(XGBoost), and Artificial Neural Network (ANN) as conventitnal statistical Al models, were

also examined to assess the SHAP-CatBoost capability for mxdel ng hydrocyclone performance.

Building Models Zviluating MODELS
CatBoost, XGBoost, Random Forest, The models were evaluated and
Support Vector Regression, anc compared using test set.

Artificial Neural Network were
trained using training set.

o s
N OS5
00" é&“‘)o = )
Tuning Models Model Interpretation

’ : Pearson Correlation and SHAP were
Dataset was collected from Parameters used to assess interaction between
Fakoor Sanat iron ore processing Models parameters were tuned variables and determine variables
plant (Kerman, Iran). using validation set. effectiveness on the output

Fig. 1. The methodology used for constructing the CL for a hydrocyclone using the SHAP-CatBoost
model.

2. Materials and methods



2-1. Dataset

A dataset from the Fakoor Sanat iron ore processing plant (Kerman, Iran) based on daily
monitoring of a hydrocyclone for over 6 months (22 December 2019 to 20 June 2020) was
gathered to explore the interactions between its operational variables and their effects on the final
magnetic concentrators’ particle size (magnetite separate from silicates and phosphates) (Fig. 2).
The dataset consisted of 185 samples. In the plant, the ball mill’s product is subjected to a
hydrocyclone, and then, the overflow of the hydrocyclone feeds to medium-intensity magnetic
separators (MIMS). The hydrocyclone’s cluster consists of four h ‘drocyclones, and in each case,
the main body, apex, and vortex diameter are 660, 220, 8 wu 1.J mm, respectively. The
maximum operating pressure is around 1 bar. Daily measurzi.~ were taken, and their mean
numbers (for each day) were considered. The parameters (“abic 2) of particle size and solid wt%
are the mean value of different recorded parameters of repi 3sentative samples during each shift.
The laboratory determined them by sampling and physical tests (wet and dry sieving and
filtration, respectively). The working pressue =ru density of hydrocyclone’s feed were
monitored from the plant's central contro’ rocm. SHAP and Pearson's correlation assessed the
relationships within the hydrocyclone variabic-, and its outcome “Ogp” and MIMS particle size

“Kgo” were modeled with different me.: inc learning methods.
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Fig. 2. Schematic of the Fakoor Sanat iron ore processing plant.

Table 2. Descriptive analyses of the considered hydrocyclone operating parameters.



Variables Symbol Min Max Mean STD

Feed density (g/cm®) p 1.35 1.74 1.59 0.08

Feed Solid (wt%) Xf 23.87 76.11 59.86 7.63

Working Pressure (kpa) WP 85.00 99.00 91.42 2.73
Mill Feed (um) Feo 198.15 763.72 467.98 125.50
Underflow (um) Usgo 203.87 684.36 357.99  98.68
Overflow (um) Ogo 56.52  230.98 108.54  25.35

Underflow Solid (wt%) Xu 37.19 80.09 74.24 4.21

Overflow Solid (Wt%) Xo 11.99 42.18 26.48 5.67
MIMS products (pum) Kago 53.05 15440 11144  22.07

2-2. Pearson Correlation Coefficient

The Pearson correlation coefficient measures the sire: qui of the linear dependence between
two random variables [23]. In other words, the Pearsoi. correlation coefficient measures the
closely related two variables and how well they ca« b2 described using a linear equation. It is a
widely used measure in statistics and is defi.ic! a. the covariance of the two variables divided by
the product of their standard deviations. F.arson correlation coefficient can be computed as

follows:

YL -DG- )
Txy = n =2 n (. = 2_(1)
\/Zi=1(xi — X) \/Zi=1(," -

where n represents the sample si.e, x; and y; are sample points, and x and y denote the sample

mean.
2-3. Atrtificial Intel'ic.ence Models
2-3-1. Shapley Additive Explanations

The Shapley Additive exPlanations (SHAP) is a game theory approach for quantifying the
marginal effects of individual features and the interaction/joint effects of two features [24]. It has
been demonstrated that SHAP is useful in explaining different machine-learning models [25].
SHAP can explain any machine learning model's output by computing each variable's
contribution to the output. This is done by SHAP assigning a score to each variable, which

indicates how important it was in making the output. This score is called the SHAP value



[26,27]. SHAP satisfies the following properties: local accuracy, missingness, and consistency
[28]. Local accuracy means the explanation model should match the original model. The
missingness property enforces that missing variables in the dataset are attributed no importance.
Consistency indicates that the attribution given to a variable will never decrease, even if we
modify a model to increase the impact of a variable on the model. SHAP defines the output of a

model as follows:

M
00 = 9@) = do + ) 4@
i=1

where g(z") denotes the SHAP explanation model, ¢; represen's th: SHAP value, and z;e{0,1}
is a binary variable. In other words, SHAP decomposes the red ction into a linear function that
is comprised of binary variables [29]. Two methods ca” he 'ised to approximate SHAP values,
i.e., Kernel SHAP and Tree SHAP. In this study, Tree C'1AP was used to approximate SHAP
values as it is much faster than Kernel SHAP enc can be used with tree-based methods like
CatBoost.

2-3-2. CatBoost

CatBoost is a novel variant of (h. oradient-boosting decision tree method developed by
Prokhorenkova et al. in 2018 [21]. .*s main idea is that a strong regressor can be created by
iteratively combining weak rey.essors [30]. CatBoost has strong learning capabilities to deal
with highly nonlinear data [."1. . can be trained by minimizing the expected loss function (L(.))

through gradient descont:
h' = arg min ]E{L(y,Ft -(x) + h(x))}(g)
heH

where y denotes the output and h is a gradient step function selected from H, i.e., a family of

functions. The step function can be calculated as follows:

]
h(x) = Z ij{xeRJ.}("r)

j
where R; denotes the disjoint regions that correspond to the tree's leaves. b; is the predictive

value of the region, and I is an indicator function [32].



The expectation in Eq. (3) is approximated by the same dataset, which leads to prediction
shift and gradient bias. These issues result in overfitting. CatBoost resolves them by employing
the ordered boosting method, which causes improving the robustness and generalization ability
of the model [31,32]

2-3-3. Extreme Gradient Boosting

Extreme gradient boosting (XGBoost) is a tree-based ensemble method. It integrates several
weak regression trees and sequentially combines their prediction to increase the overall accuracy
[33,34]. XGBoost supports parallel and distributed computnh.» and can use the CPU's
multithreading feature, which speeds up the computational pro :ess '34,35]. Researchers widely
use it due to its high robustness and sufficient flexibility [36 . X\3Boost adds regularization term

to the loss function that smoothens the learned weights ana c\oids overfitting [37].

XGBoost output can be computed as follows:

K
9= fel,f eT(E)
k=1
where y denotes the predicted output, x ‘s the input vector, f; represents the output of the kth
tree, and T' denotes the function spacr containing every potential regression tree [29]. Eq. (6)

shows XGBoost's objective functic:
0bj(0) = L(8) + Q(6)(6)

where L(-) is the lose fu.ctiron that computes the error between the predicted value and target
value, and Q(-) represents the regularization function that controls the complexity of the model

and prevents overfitting [29].
2-3-4. Random Forest

Random Forest (RF) is a nonparametric, ensemble regression method developed by
Breiman in 2001 [38]. RF is a modification of bagging that creates a collection of K-randomized
regression trees and averages them. It combines the random subspace method with bagging [39].

The least relevant features can be reduced using RF based on their importance [40].



Solving regression problems by RF has several advantages: low bias, having very few
hyperparameters, and minimized risk of overfitting [41]. RF builds an ensemble of K decision
trees (DT) as base learners. Each DT predicts the output independently, and then the predictions
are averaged to generate the final result (Eq. 6):

700 =2 Y T@)(O)
k=1

where x denotes input and T} (x) is the estimation produced by the kth tree [36].
2-3-5. Support Vector Regression

Support vector regression (SVR), proposed by Drucker '42], is a supervised learning
method based on statistical learning theory [43]. SVR is wic=ly used in data-driven problems due
to its powerful capability of nonlinear predictions [44]. The advantages of modeling by SVR are:
a) It is robust to outliers, b) It has lower computatiui. 2l cost compared to other methods, and c) It

is effective when dealing with high-dimensiona! brouiems with a small number of samples [45].

The main fundamental concept behinu SVR is to map input vectors into an N-dimensional
feature space using a mapping function ((x)) so that in this space, a linear function can model
the relationship between input (x) anu cufput (y) as follows:

f&x) =wp(x) + b(7)
where w and b represent weah's vector and bias, respectively. Eq. (8) shows SVR's objective

function:

1 - |
W, &) =S IWlIP +C ) & +8)
i=1
where C represents the regularization constant, and &; and &;" are slack variables, i.e., margin
constraints allowed to be violated [46,47].
2-3-6. Artificial Neural Networks

Artificial Neural Networks (ANN) are mathematical modeling approaches comprised of
artificial neurons inspired by research on the human brain system [48,49]. The first

computational model of a neuron was proposed by McCulloch and Pitts in 1943 [50]. Due to



their good nonlinear mapping capability, ANNs have achieved tremendous success in various

domains [51]. Formally, a neuron output signal can be computed as follows:

0 = f(net) = FO) wyx; +(9)
j=1

where w and b denote weight and bias, respectively, n represents the number of inputs and f(-)
is the activation function. Rectified linear unit (ReLU) and Sigmoid are two activation functions
that are widely used in ANNs [52,53].

3. Results and discussions

3-1. Intercorrelations
Pearson correlation “r”” was used for the initial sinQ.e \.~zar inter-correlation assessments
within hydrocyclone operational variables throughout tne «nure dataset (Fig. 3). Fgo indicated a
low positive correlation with Og (r: 0.20), which show_d 1 ‘drocyclone performance was slightly
dependent on the ball mill feed size (Fgp) and mns™vy r:lied on the ball mill product size. Pearson
assessments also indicated that the workirg | rescure (WP) decreased marginally when bigger
particles were fed to the line (Fgp). Fgo anu Xf also showed a positive correlation (r: 0.59).

Overflow solid wt% (Xo0) demonstrater a ' tbstantial positive correlation with Og (r: 0.78).

B 1.0

pl o
0.80
WP | == WP

— 0.60
u8o |/ == uso oo
F80 | = * X F80 - . 020

Xu| = * = Xu - 0.0
XO *kk *k Hkek *kk Fkk Xo . 0.79 0.78 —-0.20
Xf ok ok - Xf —-0.40

-0.60
KBO *kk Fkk *kk * *kk , K 0.67
-0.80
080 ek kK *k * ’ ’ 080
¥ @

80
SRR S o

* p<=0.05 ** p<=0.01 *** p<=0.001

&

Fig. 3. Pearson correlation among hydrocyclone variables.



Pearson correlation (a linear assessment) results showed the potential of several
multivariable relationships among the hydrocyclone’ variables. The potential of multi-
interactions between hydrocyclone operational variables was reported in various investigations
[5,12]. SHAP assessments can determine these multi-correlations, illustrate them (Fig. 4), rank
them based on their importance (Fig. 5), and represent the mean magnitude of their impacts. The
SHAP variable importance ranking evaluation revealed a similar pattern to the Pearson
correlation assessment (Fig. 3 and 5). SHAP analyses (Fig. 5) demonstrated that Xo has the
highest effectiveness on Ogy modeling. The mean magnitude of this correlation is positive
(increasing overflow solid wt% increased the percentage of coar.>r particles in the overflow
“Ogo”). In general, lower solid wt% (lower Xo means higher w.ter ontent) would transport the

fine particles of the slurry to the hydrocyclone center and dir. <t tt em to the overflow [54].

SHAP also showed the interaction between Xn an'' WP (Fig. 4). It was reported that
increasing WP would be enhanced Xo [55-57]; howr,ver, after a certain point, higher WP can
partially discharge more water through the overf!c < a.d decrease Xo [57]. Farghaly et al. (2020)
claimed that by increasing WP, the Xo werula dec.ease, and the cut size could be reduced [58].
SHAP analyses demonstrated only in a specific range (WP: 90-94 kpa and X0>28%), their
interactions had a positive correlatio~. wi*h Ogy (Fig. 4). Their increase in that range would
increase the overflow PSD. Out of thes> ;anges, the SHAP value was negative (Ogo was finer). It
was documented that high WP wo.!d increase the turbulence in the hydrocyclone, which can
reduce the sharpness of classin.~ation by increasing the entrainment of fine particles through

coarse particles during th :r s~ttlement [56,57,59-62].

Ugo showed the secnd highest positive effectiveness on Ogg (Fig. 5). This effectiveness
could be explained by its interaction with Xo (Fig. 4). SHAP analyses indicated that for Ug
below 300 um and Xo below ~24%, the SHAP value was negative. In contrast, the SHAP value
showed a positive effect for their higher values. This relationship can be due to the fact that when
the mill product size was generally increased, coarser particles were processed by the
hydrocyclone, and subsequently, both Ugy and Ogp were raised [63]. It was stated that a fraction
of fine particles is regularly subjected to underflow, which supports the negative SHAP value of
Ugo for -300 um. SHAP mean value assessment also indicated that by increasing p, the Ogp

increases (Fig. 5). Although p did not show any significant linear correlation (Fig. 3), SHAP



indicated its high interactions with other operational variables (Fig. 4) and positive contribution
on Ogp modeling (Fig. 5). Although p and Xo has a negative relationship, by increasing p and Xo
their negative correlations decreased. For p and Xo higher than 1.54 (g/cm®) and 26%
(respectively), their interactive effectiveness is positive for Ogyp modeling (Fig. 4). It is well
understood that unsteady feeding and feed slurry density would be detrimental to the
hydrocyclone performances [64]. Increasing density generally causes settling to be hindered, and
particle interactions lead to fine particle entrainment [54]. These results indicated that although
variables monitored online in the plant's controlling room (WP and p) have several interactions
with other essential variables, they are not the most effective o hydrocyclone performance.
Thus, process operators showed train based on the correlaticns 'linearly and nonlinear) [1]
among operational variables and understand interactions (m.ltiv iriable), something that CL has
been provided and can have a direct effect on the product pryerties.
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Fig. 4. SHAP values for multi-interactions among hydrocyclci.~ operational variables.
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The MIMS operacny condition was mostly constant when the process (Fig. 1) was steady
in the plant. Thus, its performance could be linked to the hydrocyclone operation and its
overflow properties. A meaningful positive relationship (r: 0.67) was observed between Ogy with
Kso
(Fig. 3). In other words, by increasing the particle size of overflow (Ogo) of the hydrocyclone, the
particle size of (Kgo) recovered particles would be increased. Such an interaction would be
evident since it meant that coarser particles fed into the MIMS (Ogp) caused an increase in the
product particle size (Kgp). X0 had the highest positive linear correlation with Kgo (r: 0.79).
Single and multiple assessments showed a nonlinear multivariable correlation between Ogy and

Xo with Kgo (Fig. 6). These interactions highlighted the potential of Kgy prediction based on the



hydrocyclone operating parameters, while SHAP ranked the potential effectiveness of all the

variables (Fig. 7).
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3-2. Oggand Kg prediction

The entire dataset was randomly split into 80, 10, 10% for training, validating, and testing the
Al models used to predict the Ogpand Kgo. Different CatBoost features were examined to find the
values of the optimum hyperparameters, adjusted, and tunned the CatBoost model for the
training stage. The three main CatBoost hyperparameters are the learning rate, maximum number
of trees, and maximum depth of trees. The optimum model parameters were adapted and used for
training after the tuning procedure (a try-and-error system) (Table 3). The CatBoost outcomes in
the testing stage (Table 4) indicated that this model could accur t2ly estimate the Ogy and Kgo
based on the plant's operational variables. SHAP could assess al’ n.Jiv.dual records and illustrate
each variable contribution level through the prediction (Fig. &}.

Table 3
The parameter settings for the predictive mo.'=Is.
Parameter Vadu's (Kgo) Value (Ogy)
atenost
Learning rate 0897 0.394
Maximum numb>r of trees 105 64
Maximum depth >f ti2es 6 6
~ XGBoost
Learning ra.> 0.285 0.279
Maxim:'m ~umber of trees 26 20
Maxi.~um depth of trees 6 6
% 1.97 0.94
N\ Random Forest
fviaximum number of trees 183 8

Support Vector Regression

Kernel RBF RBF
Acrtificial Neural Network
Activation Funtion RelLU RelLU
Training Epochs 1000 500
Batch Size 10 10

* Radial basis function (RBF) ** Rectified linear unit (ReLU)
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Fig. 8. SHAP analyses of each individ al \=cord in the test set.

Other traditional machine learning models (RF 7.7 SVR) and XGBoost were examined to Ogg
and Kgo with the same training and testing rec:rds ror comparison purposes. Results (Table 4)
released that the CatBoost model can pr ‘dure the highest accuracy for the Ogp and Kgo. RF,
XGBoost, and CatBoost are ensembl. methods. RF is a bagging model, while XGBoost and
CatBoost are boosting approaches anr. r.nre less feature engineering. ANNSs can learn complex
nonlinear relationships but must aJjuct several parameters and find an optimal architecture [31].
The kernel function limits SVri XGBoost suffers from prediction shift and gradient boosting
bias, while CatBoost solves nrecction shift by employing the ordered boosting method. It also
overcomes gradient-bnocting biases by using oblivious DTs and applying the same splitting
criterion at each tree lewi I. The results obtained by other studies [65-68] also indicated that
CatBoost outperformed other ML methods (i.e., SVR, DT, RF, and XGBoost) in the regression
task. These results would highlight that SHAP-CatBoost can productively construct a CL for a
hydrocyclone performance modeling as a commanding XAl system. The robust structure of the
generated CL hypothetically portrayed that this approach could be used for modeling,

monitoring, and maintaining different grinding circuits on the industrial scale.



Table 4
Outcomes of different machine learning methods in various modeling stages for the Ogp and Kgy

prediction.
Ogo Train Validation Test
Method R® RMSE MSE R* RMSE MSE R?* RMSE MSE
CatBoost 099 086 074 089 734 5389 089 655 4294
XGBoost 098 351 1235 0.89 7.73 59.74 088 6.75 4551
Random Forest 091 7.79 6069 0.89 771 5942 082 831 68.98

Support Vector Regression 0.74 1340 17958 081 986 9724 0.77 931 86.61
Acrtificial Neural Network 0.59 16.72 27943 086 846 7159 (.78 846 7159

Kso Train Validation Test
Method R® RMSE MSE R® RMSE MSE R? RMSE MSE
CatBoost 0.99 0.0003 7.62 094 518 .’83 093 661 4372
XGBoost 099 1.0 1.09 092 635 4(.33 090 7.99 6397
Random Forest 096 41 1658 092 610 3,28 089 859 7394

Support Vector Regression 0.89 6.74 4541 0.71 1774 13880 0.81 11.39 129.73
Artificial Neural Network 059 13.31 177.14 £.61 1357 18411 0.69 1357 184.10

*Mean Square Error (MSE) **Root Mean Square Erro, ‘/RMSE)

4. Conclusion

Constructing models that cari s~ow interactions between operational variables on the
industrial scale and transform.~q generated data from complicated knowledge-based systems to
human-basis insight wou'd a.sist plant operators in optimizing production and enhancing process
efficiency. The outcomes of this investigation indicated that industries that deal with power
technology and use hydrocyclones could implement a conscious lab for modeling their processes
and translate the monitored and recorded dataset to educative information for their operators in
the controlling rooms. The generated conscious lab in this study indicated several linear and
nonlinear multivariable interactions within a hydrocyclone’ variables, which affects its
performance. Overflow solid wt% has high importance on the overflow product size (Ogo) within

all the monitored variables. The magnitude of this effectiveness was positive. It was also



indicated that for a steady-state plant, the overflow variables (particle size and solid wt%) of a
hydrocyclone can markedly affect the production properties of the downstream magnetic
separator (Kgo). Overflow solid wt% and Ogy showed a significant positive correlation with the
magnetic separator product size (Kgp). They demonstrated that their increase would raise the Kgo.
The CatBoost model could accurately predict the Ogy and Kgo in the testing step (R% 0.89 and
0.93, respectively). The capability of CatBoost has been argued with typical machine learning
methods (random forest and support vector regression) and advance (XGBoost) Al models. The
models’ outcomes cleared that CatBoost can accurately mode! *he Zgo and Kgo (root mean square
errors of the models for Ogy prediction were CatBoost 6..5 XGBoost 6.75, random forest 8.31
and SVR 9.31, and ANN 8.46, and for Kgy were CatRo. st 6.61, XGBoost 7.99, random forest
8.59 and SVR 11.39, and ANN 13.57). In generc' trese results highlighted that the developed

CL could be considered for any similar ap; roa.hes.
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Highlights

e The conscious lab “CL” concept was used to model an industrial hydrocyclone
e SHAP and CatBoost, as novel explainable artificial intelligence, were used for constructing the CL
o Based on SHAP value, overflow solidity had the highest effectiveness on Og

e CatBoost could predict overflow outcomes better than conventional Als



