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value caused by offline pHmeasurement, an integrated predictionmodel for pH value in bauxite froth flotation is
proposed, which considers the effect of ore compositions on pH value. Firstly, a regression model is obtained for
alkali (Na2CO3) consumed by the reaction between ore and alkali. According to the first-order hydrolysis of the
remaining alkali, a mechanism-based predictionmodel is presented for the pH value. Then, considering the com-
plexity of the flotation mechanism, an error prediction model which uses time series of the error of the mecha-
nismmodel as inputs is presented based on autoregressive moving average (ARMA) method to compensate the
mechanismmodel. Finally, expert rules are established to correct the error compensation direction, which could
reflect the dynamic changes during theprocess accurately and effectively. Simulation results using industrial data
show that thepresentedmodelmeets theneeds of the industrial process, which laid the foundation for predictive
control of pH regulator.
© 2018 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.
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1. Introduction

In mineral processing, the pH value of slurry has a direct impact on
the compositions of the ions in the slurry, the activity of the flotation re-
agents and the floatability of theminerals [1]. Only with appropriate pH
value, the process could get optimal flotation performance. However,
usually, from the location where a pH regulator is added to where it is
detected, there exists a time delay that would cause the control delay
of the pH value. Moreover, due to the poor environment and the quick
deposit of the solid particles, online measurement of pH value is easy
to become inaccurate and the equipment is easily jammed and dam-
aged [2]. Then, the dynamic process cannot be monitored in real-time,
which exacerbates fluctuations in pH value. In the actual production
process, operators detect pH value offline and adjust reagent addition
manually to control slurry pH, which leads to heavy workload, bad
real-time performance and unstable working conditions. Therefore,
predicting the pH value of slurry accurately and real-time has great sig-
nificance for optimization of flotation process.

In saline mineral flotation process, the slurry pH is not only con-
cerned with the pH regulator and water addition, but also related to
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ore compositions. Dissolved ore componentsmay have a great influence
on flotation [3]. The relationship between the ore and the pH regulator
is complex. In order tofindoptimal pH range in flotation process, the re-
covery rate and concentrate grade of useful minerals under different pH
values have been studied [4–6]. However, for the bauxite, the research
on the effect of ore to pH regulator is very rare, and then the pH regula-
tor addition almost entirely depends on operators' experience.

Soft-sensing and predictionmodeling are effective ways to solve the
problem that theprocess variables are difficult to detect on-line. Consid-
ering the static models would become more and more inaccurate as
time passes, adaptive methods [7–11], or model (parameters) updating
strategy [12, 13] and dynamic modeling methods [14–17] are usually
used to improve model adaptability. The abovemethods could improve
the model performance to some extent, but it has its applicable condi-
tions [18].Moreover, there is still muchwork to do on nonlinear and dy-
namic modeling. As to the slurry pH, in ref. [19], a soft-sensingmodel is
proposed, which use the froth surface features as auxiliary variables,
however, this model cannot predict pH value accurately when the pro-
cess variables, such as dosage, ore input or the water flow rate, change
suddenly. Meanwhile, these models are essentially for soft-sensing,
but not suitable for prediction. Flotation is a long process, and there
are many external factors that interfere with the interactions of pH reg-
ulator and ore, which makes the pH value change in a strong-nonlinear
and dynamic behavior. Therefore, further studies on prediction and con-
trol are required.

In this paper, to solve the detection delay problem of slurry pH in
bauxite froth flotation, an integrated prediction model for slurry pH is
ustry Press. All rights reserved.
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established. Firstly a regression model is obtained for alkali (Na2CO3)
consumed by the reaction between ore and alkali. Secondly, considering
the first-order hydrolysis of the remaining alkali, a mechanism-based
prediction model for pH value is presented. And then, according to the
time series of the pH error which is the difference between the mea-
sured value and the predicted value of the mechanistic model, an
error compensation model is established based on autoregressive mov-
ing average (ARMA). Finally, expert rules are presented to correct the
error compensation direction according to the dynamic changes in
working conditions. Simulation results using industrial data demon-
strate the effectiveness of the proposed method.

2. Influence Factors of pH Value in Flotation Process

In order to obtain a suitable pH value for the slurry in flotation, a pH
regulator (Na2CO3) is added in the grinding stage. For the purpose of
gaining an appropriate particle size and slurry density for flotation,
water is added and adjusted in grinding and classification process. To
save resources, most of the water added is circulating water whose pH
value is around 8.5. More complicated, someminerals in the ore are sol-
uble in water, which causes the slurry to become acidic or alkaline.
Some of the resolved minerals react with acidic or alkaline directly,
which increases the mineral solubility and consumes some of the pH
regulator. Therefore, the pH regulator consumption is related to its
own concentration, ore compositions and temperature.

In the industrial process, flotation operators detect the pH value of
sampled slurry firstly, and then inform dosing workers to adjust the
amount of dosage. In order to save labor costs, the frequency of pH de-
tection is low (usually once an hour). While, it only needs 15 to 20min
for the pH regulator to flow from the adding point to the detecting
point. So, low detection frequency results in control delay. Moreover,
there might be fluctuation for the amount of dosage, ore input, water
addition and the pH value of the circulating water, which increases
the uncertainty of the pH control and the difficulty to stabilize the pH
value within a given range. So, how to predict accurately and give a
real-time adjustment is of great significance to stabilize the pH value
and optimize the dosage.

3. Prediction Model of Slurry pH Based on Mechanism and Error
Compensation

Bauxite reacts with alkali under high temperature, which is right the
mechanism of bauxite digestion process. And, according to [20, 21],
bauxite still reacts with alkali in solution under low temperature, and
it is worth noting that the reaction rate is much slower. Meanwhile,
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Fig. 1. The integrated predict
according to the experience of the operators, different ores need differ-
ent amounts of pH regulator to get the samepHvalue. So, in this study, it
is assumed that the pH regulator added into the slurry can be divided
into two parts, that is, part of it reacts with some minerals, and the
rest hydrolyzes and makes the slurry alkaline. Here, the second-order
hydrolysis of the alkali (Na2CO3) can be ignored since it is muchweaker
than thefirst-order hydrolysis. Synthesizing thefirst-order hydrolysis of
alkali and the mechanism of reaction between minerals and alkali, a
mechanism-based prediction model for pH value is derived. While,
there are large errors in the mechanistic model due to the complexity
of the flotationmechanism and some uncertain factors, such as the fluc-
tuation of temperature. An error compensation model using the ARMA
method is then established to compensate the mechanistic model. Ac-
cording to the variation of the operating conditions, expert rules are
presented to correct the error compensation direction. Revised error
compensation value is then used to compensate the mechanism-based
prediction model, and the final predicted pH value is obtained. The pre-
diction model for slurry pH based on mechanism and error compensa-
tion is shown in Fig. 1.

3.1. Consumption of alkali by minerals based on experiment and industrial
data

The reaction betweenminerals and alkali would consume part of al-
kali, that is to say alkali in the slurry cannot be fully used to adjust the
pH value. The ore is composed of diasporic bauxite, chlorite, iron min-
erals, titanium minerals, illite, and so on. Ore compositions are compli-
cated, so does the reaction of ore with alkali. Thus, two different
experiments are designed as close as possible to the industrial grinding
and classification process to obtain the consumption of alkali in the re-
action between ore and alkali.

The ore samples used for the two experiments were collected from
the feeding belt of the grinding mill. 11 ore samples were collected in
11 successive days with one sample a day. They all have different com-
positions, and therefore different properties.

3.1.1. Experiment 1
For the first experiment, the ore samples were crushed and sampled

(with the same mass of 400 g) and then ground to the fineness with
−200 mesh of 75% to 85%. Meanwhile, alkali was added and ground
at the same time with the ore. After 20 min of grinding, the pH value
of the slurry was tested, and the alkali consumed by the ore according
to first-order hydrolysis was calculated, as the results shown in Figs. 2
and 3, respectively.
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Fig. 3. The amount of alkali consumed by the ores in Fig. 2.
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From Figs. 2 and 3, one can see that pH values of different ores after
grinding are different. For the same kind of ore, more alkali was added
andmore of it will be consumed by the ore, and that means the dissolu-
tion of ore is related to the pH value and it influences the pH value in
verse. It also can be seen that, the trend for consumption of alkali is
the same for different ores with different amounts of alkali added,
that means the alkali consumption is inherently related to the ore
properties.

3.1.2. Experiment 2
The process of the second experiment is as follows. The ore was

crushed and then ground to the same fineness as the slurry for the ac-
tual flotation process is, that is themass fraction of the−200mesh par-
ticles is more than 85%. Then, three samples with 500 g of the ore were
prepared and water was added to obtain the slurry for test with a con-
centration of 45%. And, the slurry temperature was kept at 38 °C which
is close to the temperature of the industrial slurry. Next, different
amounts of alkali (2200 g·(t ore)−1, 2500 g·(t ore)−1, 2800 g·(t
ore)−1) were added into the three slurry samples, respectively. pH
value was then detected every 5 min in 1 h.

When different amounts of alkali were added to the samekind of ore
slurry with a concentration of 45%, the pH values varies with time, as
shown in Fig. 4. It can be seen that the pH value decreases with time,
while the decreasing rate becomes more and more slow.

3.1.3. Model regression
Finally, the 11 ore samples with different compositions were tested

by the two experiments. The pH of each kind of ore with different
amounts of alkali added is denoted as Pi,m,n (i= 1,2,…,11; m= 1,2,3;
n = 1,2,…,12). With the pH value, the amount of hydrolyzable alkali
(denoted as O2 g·(t ore)−1) is calculated as follows,

O2 ¼
106Vwater 2� 10 −14þPi;m;nð Þ þ K1

� �2
−K2

1

� �

5� 10−4 � 4K1
ð1Þ

where K1 = 1.8 × 10−4 is the first-order hydrolysis equilibrium con-
stant of Na2CO3, 106 (g·mol−1) is themolar mass of Na2CO3, and Vwater

is the amount of water addition, whose value is 0.61 L according to the
pulp density.

Denote O1 (g·(t ore)−1) as the initial alkali addition, the consump-
tion of alkali by the reaction between it and the ore is as follows,

Oh ¼ O1−O2

Oh mol � t oreð Þ−1
� �

¼ Oh g � t oreð Þ−1
� �

=106 g �mol−1
� � ð2Þ

Because, there is a 15 to 20 min time delay in the actual industrial
process, the amount of hydrolyzable alkali (denoted as O2 g·(t
ore)−1) at 20 min of reaction is calculated for regression modeling. Fi-
nally, 33 sets of alkali consumption data were obtained, where, for
Fig. 2. pH value of slurries of different ores with different amounts of alkali.
each kind of ore sample, there are 3 data sets with different amounts
of alkali addition.

Meanwhile, the data from actual production process which corre-
sponds to the ores in the two experiments were collected. The data of
recycling water addition, new water addition, alkali addition and ore
feed flowrate were recorded once an hour. While, the compositions of
the ore were only analyzed every 8 h. So, the operating data of the
first 2 h which are closest to the time when the ore composition is ana-
lyzed are averaged for the followingmodel regression. For example, the
ore is analyzed at 9:00 o'clock, then the operating data recorded at 9:00
and 10:00 are averaged. Therefore, 3 data sets were obtained each day,
and totally 33 data sets were prepared for modeling. Then, the regres-
sionmodel for alkali consumption can be obtained based on experiment
and industrial data-fitting.

According to the chemical composition of the flotation slurry and
that of the ore before grinding, it is discovered that some of the main
chemical compositions of the bauxite changes in the grinding and clas-
sification process. Among them, Al2O3, SiO2 andwater would react with
Na2CO3 to form sodium alumina-silicate (Na2O·A12O3·1.7SiO2·nH2O),
part of the K2O and Na2O would dissolve in water, while they can be ig-
nored for their contents are very small. Fe2O3, TiO2 andMgO are insolu-
ble in water and they do not react with alkali. While CaO is dissolved in
water to form Ca(OH)2 precipitation. At the same time, themore the al-
kali is added in, the more the alkali is consumed by the ore. Therefore,
without considering other chemical reactions, the regression model of
alkali consumption is then obtained as follows from the experiment,

O ¼ −9:823þ 0:365X1−0:13X2 þ 0:574C R2 ¼ 0:992
� �

ð3Þ

where O (mol·(t ore)−1) is consumption of Na2CO3 by 1 ton of ore, X1
(%) is percentage of Al2O3 in the ore, X2 (%) is percentage of SiO2 in
the ore, and C (mol·(t ore)−1) is the amount of Na2CO3 addition in 1
ton of ore.
Fig. 4. pH value of the bauxite slurry with different amounts of alkali.
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Assume that the consumption of alkali by the reaction between the
alkali and the ore in the actual production process is the same with
the consumption in the experiments, because the experimentswere de-
signed as close as possible to the actual production. Then, using Eq. (3),
we can calculate the alkali consumption in the actual production using
the data collected in the industrial process. However, one cannot ignore
that in the actual process, addition of the recycling water (usually it pH
N 8.3) means that more Na2CO3 is added in the slurry. So, according to
its pH value, the recycling water is converted to equivalent amount of
alkali when doing the calculation. The regression model is then modi-
fied and obtained as follows,

O ¼ 25:917þ 0:0947X1−0:107X2 þ 0:36C−1:91pHw R2 ¼ 0:867
� �

ð4Þ

where, PHw is the pH value of the circulating water, the meaning of the
other symbols is the same with they are in Eq. (3).

It is difficult to build an accurate regression model for this kind of
process and also difficult to validate it. On the one hand, because the
size of the data set is limited. On the other hand, the composition of
the ore is complex and the mechanism is not clear, so that the actual
consumption of alkali by the ore in the industrial process cannot be de-
termined. However, according to the mechanism in the digestion pro-
cess, the reaction between Al2O3, SiO2 and the alkali must happen and
consume some alkali. So, 8 samples of ore slurry before they go into
the flotation process were collected and the content of sodium alu-
mina-silicate (mass percentage of the solids) in the slurrywas analyzed.
It is assumed thatNa in the sodium alumina-silicate is all from the alkali,
the content of sodium alumina-silicate can be converted to the amount
of alkali consumed by the reaction between the Al2O3, SiO2 and the al-
kali. The consumed alkali calculated by the regressionmodel and the so-
dium alumina-silicate are plotted in Fig. 5. It can be seen that the results
of the two calculation methods have the same trend, which shows that
the regression model is reasonable.

3.2. Mechanism-based prediction model for pH value based on hydrolysis
equilibrium

Except for the part of alkali that reacts with some compositions of
the bauxite, the rest of alkali is considered to hydrolyze inwater. Mean-
while, the addition of circulatingwatermakes the slurry alkaline, which
has an effect on the hydrolysis of alkali. Through the above analysis, a
mechanism-based prediction model of pH value is investigated based
on the principle of the first-order hydrolysis equilibrium. In the follow-
ing, the modeling based on the hydrolysis process is introduced.

For the flotation process, the mass concentration of a pH regulator
(Na2CO3) is denoted by W (g·L−1) and the addition rate is L
(L·min−1), the average feed rate of ore in a short time (about 20 min)
is F (t·h−1), the amount of circulating water added between the pH
Fig. 5. The consumed alkali calculated by the regression model and the sodium alumina-
silicate.
regulator addition point and the pH detection point is Q1 (t·h−1), the
pH value of circulating water is represented by PHw, and the pure
water is added in a rate of Q2 (t·h−1), the concentration of OH− in cir-
culating water is denoted by C2 and it can be calculated as follows,

C2 ¼ 10 −14þpHwð Þ ð5Þ

Assume that all of the rest of the alkali will hydrolyze in water, and
denote the OH− concentration by X (mol·L−1) at the pH detection
point. It can be obtained by the hydrolysis equilibrium,

X þ C2ð ÞX
C1−X

¼ K1 ð6Þ

And then,

X ¼ 1
2

− K1 þ C2ð Þ þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
K1 þ C2ð Þ2 þ 4K1C1

q� �
ð7Þ

where K1 = 1.8 × 10−4 is the first-order hydrolysis equilibrium con-
stant of Na2CO3, C1 (mol·L−1) is the concentration of the remaining al-
kali dissolved in all added water, which is calculated as,

C1 ¼ 60WL− 106OF

106 Q1 þ Q2ð Þ � 103 þ 60L
h i ð8Þ

where 106 (g·mol−1) is the molar mass of Na2CO3, 60 is the value
which converts g·min−1 into g·h−1.

According to the total concentration of OH− in solution, the pHvalue
of the slurry using mechanism-based prediction can be obtained as,

p ¼ 14þ lg X þ C2ð Þ ð9Þ

3.3. Error time series compensation based on ARMA

There are many factors which affect the flotation process and as-
sumptions in the mechanism analysis process. Therefore, it is difficult
to meet the production requirements by only using the mechanism
model, thus the error compensation model is proposed. The time series
of the error, which are the differences of the measured pH values and
the predicted pH values of the mechanistic model, have certain rele-
vance in time. Therefore, the ARMAmethod is used for the error predic-
tion here. Time series of the measured pH value and the predicted pH
value by mechanistic model are denoted by rt (t= 1,2,⋯,n) and pt (t
= 1,2,⋯,n), respectively. Then, the time series of error is obtained by
the subtraction, et = rt − pt, which is denoted as {e1, e2, ⋯, et, ⋯,en}.

The ARMA model is then established in three steps. The first step is
to recognize the stationary of the model, the second is to determine
the model order and the third is model parameter estimation.

In the ARMAmodelingmethod, the error at time t is predicted using
Eq. (10) by using time series {e1, e2, ⋯, et, ⋯, en},

êt ¼ φ1et−1 þ φ2et−2⋯þ φpet−p

þ εt−θ1εt−1−θ2εt−2−⋯−θqεt−q ð10Þ

and the residual of the model is,

δ ¼ et− φ1et−1 þ φ2et−2⋯þ φpet−p þ εt−θ1εt−1−θ2εt−2−⋯−θqεt−q

� �

ð11Þ

where et is the sample value, êt is the output of the ARMAmodel,φ and θ
represent autoregressive parameters and moving average parameters,
respectively; p and q represent autoregressive model and moving aver-
age model order, respectively, and εt is white noise time series.
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The time series of error {e1, e2, ⋯, et, ⋯, en} are used for model
training. Firstly, the ADF (augmented Dickey–Fuller) unit root test
method is applied to recognize the stationary of the error sequence.
There are three types of inspection formula for test,

Δet ¼ μet−1 þ
Xp
j¼1

γ jΔet− j þ εt ð12Þ

Δet ¼ α0 þ μet−1 þ
Xp
j¼1

γ jΔet− j þ εt ð13Þ

Δet ¼ α0 þ α1t þ μet−1 þ
Xp
j¼1

γ jΔet− j þ εt ð14Þ

where, ∂0 is a constant, t denotes time, ∂1 is the coefficient of t, μ is the
coefficient of et− 1, p is the lag order of Δet, γj is the coefficient of Δet
with different lag order, and εt is white noise.

The null hypothesis and the alternative hypothesis are,

H0. μ=0 (et is non-stationary).

H1. μ b 0 (et is stationary).

In H0 hypothesis, it is assumed that the error series et has a unit root
and it is non-stationary. That is to say, if H0 hypothesis is accepted, et is
non-stationary; otherwise, it is stationary. In H1 hypothesis, it is as-
sumed that et is stationary.

The ADF test is used to estimate the three Eqs. (12) to (14) at the
same time by using the least square method, and the T statistics of μ is
then calculated, which is marked as τ. A threshold can be obtained by
looking-up table according to the significance level. If τ N threshold,
thenH0 is accepted, that is to say et has a unit root and it is non-station-
ary. If τ b threshold, then H0 is unaccepted, that is to say there does not
exist a unit root and et is stationary.

Onlywhen all the threemodels acceptH0, the time series are consid-
ered to be a non-stationary process. As long as one of the inspection for-
mulas rejects H0, the time series is a stationary process. It is discovered
that all three inspection formulas of the error time series used for
modeling reject H0, indicating that there is no unit root. So, the error
time series is a stationary process.

Then, autocorrelation function (ACF) and partial autocorrelation
function (PACF) methods are applied to determine the model order.
The trailing and truncation of ACF and PACF are investigated. When
the ACF and PACF for time series are of p-order trail and q-order trail, re-
spectively, the series ismodeled as ARMA (p, q). Here, by calculating the
autocorrelation of the error series, the ACF of error time series is 6-order
trail and the PACF is 1-order trail, thus themodel of the error time series
is ARMA (6,1).

The least square method is used for parameter identification.
Let,

β ¼ φ1 ⋯ φp 1 θ1 ⋯ θq
h iT

H ¼
e 1ð Þ
t−1 ⋯ e 1ð Þ

t−p ε 1ð Þ
t −ε 1ð Þ

t−1 ⋯ −ε1
⋯ ⋯ ⋯ ⋯ ⋯
e mð Þ
t−1 ⋯ e mð Þ

t−p ε mð Þ
t −ε mð Þ

t−1 ⋯ −ε mð Þ
t−q

2
64

3
75

Z ¼ e 1ð Þ
t e 2ð Þ

t ⋯ e mð Þ
t

h iT
Y ¼ δ 1ð Þ δ 2ð Þ ⋯ δ mð Þ

h iT

ð15Þ

where,m is the number of samples.
Criterion function is defined as,

J ¼ 1
2
YTY ð16Þ
Estimation solution of the least square method is,

β ¼ HTH
� �−1

HTZ ð17Þ

From the training data, β = [0.7954; −0.1246; 0.3018; 0.0878;
−0.1; −0.1128; 1; −0.2841] was obtained. Put β into formula (10),
the ARMA model is as follows,

êt ¼ 0:7594et−1−0:1246et−2 þ 0:3018et−3 þ 0:0878et−4
−0:1et−5−0:1128et−6 þ εt−0:2841εt−1

ð18Þ
3.4. Error compensation direction correction based on expert rules

Mechanism-based model reflects the influence of the OH− concen-
tration on pH value, due to the hydrolysis of alkali and the addition of
circulating water in flotation process, while the premise is that the
chemical environment is stable. In the mechanistic modeling process,
it is assumed that all of the rest of the alkali hydrolyzes in the water
under first-order. However, the hydrolysis of alkali is complex. It is in-
fluenced by the amount of alkali added, the feed rate of the ore and
other factors. Therefore, the pH value of the slurry is affected by process
variables, such as the addition of pure water and circulating water, the
OH− concentration in circulating water, the variation of temperature,
and themineralogy characteristics of ore. When ore properties are rela-
tively stable, fluctuation of process conditions is themain reason for the
change of pH value.Meanwhile, current predicted value from theARMA
model is related to previous moments, which cannot reflect the sudden
fluctuations of process condition. That is to say, error time series may
compensate in the opposite direction. However, experienced workers
can judge the pH change directions accuratelywhen theworking condi-
tions change obviously. Thus expert rules are established to judge error
compensate direction based on variations of process conditions and ex-
periential knowledge. When compensation direction of the expert rule
is consistent with êt , êt is used to compensate mechanism model di-
rectly, otherwise, compensation direction is subject to the output of
the expert rules with absolute value equaling to êt .

Experiencehas shown that a series of situations, such as the incremen-
tal of Na2CO3 addition, the incremental of ore input, the incremental of
water addition and the incremental of pH value in circulating water,
have great influence on the slurry pH. So, they are used as input attributes
of the expert rules. Incremental is the difference of the current value and
the previous value of a variable. The definition of the variables in the ex-
pert rules is listed in Table 1. The expert rules are as follows,

IF Δβt ≥ 3.4,THEN kt =1;
IF Δβt ≤−4.7,THEN kt =0;
IF −4.7 b Δβt b 3.4 AND Δpt ≤ −0.21, THEN kt =1;
IF −4.7 b Δβt b 3.4 AND Δpt ≥ 0.23, THEN kt =0;
IF −4.7 b Δβt b 3.4 AND −0.21 b Δpt b 0.23 AND
Δmt ≤−100,THEN kt =1;
IF −4.7 b Δβt b 3.4 AND −0.21 b Δpt b 0.23 AND
Δmt ≥ 100,THEN kt =0;
IF −4.7 b Δβt b 3.4 AND −0.21 b Δpt b 0.23 AND
−100 b Δmt b 100 AND Δωt ≥ 12, THEN kt =1;
IF −4.7 b Δβt b 3.4 AND −0.21 b Δpt b 0.23 AND
−100 b Δmt b 100 AND
Δωt ≤ −6, THEN kt =0;
ELSE kt is in the same direction with êt .

Finally, predicted pH value after compensation can be expressed as,

p̂tþ1 ¼ ptþ1 þ êtþ1 ktþ1 in the same direction with êtþ1

ptþ1 þ −1ð Þktþ1þ1 êtþ1j j ktþ1 in the different direction with êtþ1

�

ð19Þ



Table 1
Definition of the variables in the expert rules

Variables Definition

Δβt/t The incremental of ore input at time t.
Δpt The incremental of pH value in circulating water at time t.
Δmt/g·t−1 The incremental of Na2CO3 addition at time t.
Δωt/t The incremental of water addition at time t.
kt The output of the expert model, and value 1 and 0 represent

increasing and decreasing of the pH value, respectively.
pt+ 1 The pH value based on mechanism model at time t+ 1.
êtþ1 The predicted value of ARMAmodel at time t+1 for error compensation.
kt+ 1 The output of the expert model at time t + 1.
p̂tþ1 The output pH value based on the integrated model at time t + 1.

Fig. 8. The prediction error of the ARMAmodel and expert rules.
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4. Simulation Results Using Industrial Data

The samples were collected at an alumina production plant with the
sampling interval of half an hour. These data are different from the data
used in Section 3. The first 215 samples are used for training, and the fol-
lowing 70 groups of data in three days' continuous production are used
formodel validation. A Nonlinear Autoregressive (NAR) neural network
model is compared with the ARMAmodel, and the results are shown in
Figs. 6 to 10.
Fig. 6. The pH results of the mechanistic model.
From Fig. 6, the results show that the mechanism model has direct
response to process variables. Based on the variation of process vari-
ables, it can reflect the trend of the measured value in a way. However,
the errors are large and it cannot meet the actual needs of the industrial
production. Therefore, the error predictionmodel is established to com-
pensate themechanistic model, and the results are shown in Figs. 7 and
8. Here, a NAR neural network with 6 inputs and 10 hidden layer nodes
is compared, and themaximal absolute error is 0.3298. Themaximal ab-
solute error of the ARMAmodel is 0.2624. We can learn that the ARMA
Fig. 7. The prediction error of the NAR (6) model.
method has a better performance than the NAR neural network on this
question. That is to say, time series of the error is more likely linear.
Meanwhile, the former is simpler than the latter. In Fig. 8, we can see
that expert rules based on operators' experience avoid the situation
when the error compensation direction of the ARMA model is wrong
because of the large changes of process variables. It corrects the com-
pensation direction of 6 points, which reduces the error of these points
to some extent. The final predicted values of slurry pH are shown in Figs.
9 and 10, inwhichwe canfind that the integratedmodel has higher pre-
diction accuracy. The comparison of the performance of different
models for slurry pH prediction is shown in Table 2, where themean ab-
solute error (MAE) and rootmean square error (RMSE) are calculated in
Eqs. (20) and (21), where y and ŷ are the real and the predicted value,
respectively; n is the number of the samples.

MAE ¼ 1
n

Xn
i¼1

yi−ŷið Þj j ð20Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

yi−ŷið Þ2
vuut ð21Þ

5. Conclusions

This paper presents an integrated prediction model for slurry pH
in bauxite froth flotation. Because the alkali consumption is related
to the compositions of the ore, a regression model for alkali
(Na2CO3) consumed by the ore is proposed based on the reaction be-
tween ore and alkali. Considering the hydrolysis of the remaining al-
kali which makes the slurry alkaline, a mechanism-based prediction
Fig. 9. The pH results of the NAR (6) model.



Fig. 10. The pH results of the integrated model.

Table 2
Performance comparison of different models for slurry pH prediction

Models MAE RMSE

Mechanism model 0.1190 0.1488
Mechanism and NAR model 0.0891 0.1094
Mechanism and ARMA model 0.0704 0.0984
The integrated model 0.0637 0.0935
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model is established for the pH value. As the time series of the error
have certain relevance in time, an ARMAmodel is built to predict the
error which uses the errors of the mechanismmodel as inputs. When
the production conditions fluctuate suddenly, the ARMA model can-
not predict the pH change directions accurately but experienced
workers can. Thus, expert rules are proposed to correct the error
compensation direction. Finally the integrated prediction model is
verified by the industrial data. The validation results show that the
presented model meets the requirements of industrial production.
It is worth noting that the model for alkali consumed by the ore is a
regressionmodel which considered different kinds of ores, therefore,
it has a greater adaptability in the industrial process.

In conclusion, the integrated model can achieve remarkable perfor-
mance for slurry pH prediction, which laid the foundation for the pre-
dictive control of a pH regulator.
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