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Abstract: This paper presents the results of statistical modeling of the bauxite
leaching process, as part of the Bayer technology for alumina production.
Based on the data collected during the period 2008-2009 (659 days) from the
industrial production in the Alumina Factory Bira¢, Zvornik (Bosnia and Her-
zegovina), the above-mentioned process was statistically modeled. The de-
pendant variable, which was the main target of the modeling procedure, was
the degree of Al,O3 recovery from boehmite bauxite during the leaching pro-
cess. The statistical model was developed as an attempt to define the depen-
dence of the degree of Al,O3 recovery on the input variables of the leaching
process, i.e., the composition of the bauxite, the composition of the sodium
aluminate solution and the caustic module of the solution before and after the
leaching process. As statistical modeling tools, multiple linear regression
analysis (MLRA) and artificial neural networks (ANNs) were used. The fitting
level obtained using MLRA, was R? = 0.463, while the ANN resulted in an R?
value of 0.723. In this way, the model defined using the ANN methodology
could be used for the efficient prediction of the degree of recovery of Al,O3 as
a function of the process inputs, under the industrial conditions of the Alumina
Factory Bira¢, Zvornik. The proposed model also has a universal character and,
as such, is applicable in other factories employing the Bayer technology for
alumina production.

Keywords: leaching; bauxite; Bayer process; statistical modeling; neural net-
works.
INTRODUCTION

The Bayer process of alumina extraction is a basic commercial procedure
and more than 90 % of the world alumina production is obtained in this way.
Despite the fact that this process has been used for alumina production for a long
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period, there are still attempts to improve the process further.! Bauxite is a com-
plex heterogeneous material used in the Bayer process of alumina production.
Aluminum is usually present in bauxite in the form of hydroxide minerals, such
as gibbsite (hydrargillite) (AI(OH)3), boehmite (AIO(OH)) or diaspore (HAIO»).
Besides aluminum minerals, bauxite ore contains various combinations of silica
(S103), aluminosilicates, iron oxide (FepO3), titanium oxide (TiO,) and other im-
purities, such as carbonates and sulfides, in trace amounts.2-3

The Bayer process includes the leaching of bauxites in a concentrated so-
dium hydroxide (caustic) solution at temperatures ranging from 373 K (100 °C)
to 523 K (250 °C), depending on the mineralogical form of the aluminum hyd-
roxide in the bauxite. The process includes reactions with soluble silica com-
pounds and titan dioxide under certain conditions.# Silicon is usually present in
bauxite in two potential forms: i) soluble, which is usually in the form of kaoli-
nite (Alp03-2S10,-2H50) or the amorphous form of silicon dioxide (silica) and
ii) insoluble, in the form of quartz. In a caustic solution, the dissolved kaolinite
and amorphous silicon dioxide form a sodalite-type product, with the general for-
mula 3(NayO-Al,03-2Si0,-2H,0) 2NaX, where X could be: OH-, CI-, CO32~ or
S042-.5-8 The rate of the aluminum hydroxide leaching process depends on its
mineral form in the bauxite. The trihydrate bauxite type gibbsite can be dissolved
in a caustic solution in the temperature range 373—453 K (100-180 °C). Mono-
hydrate bauxite forms (boehmite and diaspore) are dissolved in the temperature
ranges 403-453 K (130-180 °C) and 473-523 K (200-250 °C), respectively.%10

Sodium aluminosilicate is precipitated in red mud, which is the source of
aluminum and sodium hydroxide losses during the Bayer process. Sedimented
red mud also presents an environmental problem.!! This problem has attracted
much attention recently, especially because of global environmental protection
problems, which demand the compliance with global principles during local ac-
tions.!2

During the process of bauxite leaching in alkaline sodium aluminate, the alu-
minum ions in the solution are hydrolyzed in the aqueous environment, forming
numerous mononuclear and polynuclear hydroxo complex ions. Finally, in mild-
to-strong alkaline solutions, AI(OH)4~ is predominant at pH values higher than
10.1! Kinetic parameters indicate that the bauxite leaching process is conducted
in the so-called “kinetic area”, which suggests that the temperature is the main
parameter influencing the overall rate of the process.!0:13 The process parameters
influencing the leaching rate and the degree of Al,O3 recovery are: the minera-
logical and chemical composition of bauxite, grain size distribution, caustic mo-
dule of the starting solution and its NayO (caustic) mass fraction, leaching pro-
cess temperature, stirring speed and duration of the process.!s10,11.13

The process of bauxite leaching, under industrial conditions of Bayer tech-
nology for alumina production is highly complex. The ability to predict the reco-
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very of Al;O3 during leaching as the result of modeling of the input process vari-
ables presents a great challenge for the management of the process.*

The main objective pursued in this work was to create a mathematical model
for the prediction of the degree of Al,O3 recovery (output of the process), during
bauxite leaching, as the function of the input variables of the process. The ob-
tained model presents a great advantage due to its ability to predict accurately the
output of the investigated process.

EXPERIMENTAL

A data set suitable for the calculations and presented in this paper was formed according
to the data collected during the industrial production in the Alumina Factory Bira¢, Zvornik
(Bosnia and Herzegovina). This factory has a production capacity of 600 000 tons of alumina
per year. The important process parameters included in the obtained data set were the che-
mical composition of the bauxite (including Al,O3, SiO,, Fe,03, TiO,, CaO and H,0, and the
mass loss during calcination); the composition of the starting aluminate solution (including
Al,03, Na,O and the starting caustic module); the chemical composition of the residual auto-
clave mud — red mud (including Al;O3, Na,Og1a1), SiO5, TiO, and CaO); the composition of
the aluminate solution at the end of the leaching process (including Al,O5, Na,O and the final
caustic module). The chemical composition of the samples was expressed as the mass fraction
of the constituents. All of these process parameters were measured daily during the years 2008
and 2009, and in this way, 659 samples were collected during each day of stabile production
in the factory. All the samples were examined for potential outliers before any further mo-
deling procedure. No strong extreme behavior of the variables was detected. Thus, the ob-
tained results could be considered as true representatives of the investigated process.

The output of the investigated process was the “Al,O5; leaching recovery”, which is
presented as Y in the further text, and it refers to the alumina recovery in the digestion process
that was calculated using the following equation:

Y= 100(1 — AlZOS(I‘m).FeZO3(b)/A1203(b).FeZO3(rm)) (l)

where AlO3p) and FeyOs,) are the mass fraction in the bauxite (%) and AlyOsqpyy and
Fe,O3(m) are the mass fraction in the residual autoclave mud (red mud) (%).

On application of Eq. (1) for calculating the degree of recovery Al,O5 during the leach-
ing process, which is based on adopting the “inert” Fe,05, acceptable results (accuracy above
99 %) were obtained.

The following process parameters were selected as the inputs included in the statistical
modeling procedure:

X; —Na,O (caustic) concentration in the starting solution (g dm),

X, — Al,O5 concentration in the starting solution (g dm™),

X; — starting caustic ratio of the solution,

X4 — moisture mass fraction in the bauxite (%),

X5 — Al,O3 mass fraction in the bauxite (%),

Xg — SiO, mass fraction in the bauxite (%),

X7 — Fe,03 mass fraction in the bauxite (%),

Xg — TiO, mass fraction in the bauxite (%),

X — CaO mass fraction in the bauxite (%),

Xjp — mass loss during calcinations of the bauxite (%) and

X1 — final caustic ratio of the solution at the end of the leaching process.
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During the period when these parameters were measured and the corresponding data set
formed, the operation of the factory was in a stable mode. The bauxite used for alumina
production was from the ore body Vlasenica (Bosnia and Herzegovina). This ore body has
large reserves of boehmitic bauxites. The temperature of the leaching process was kept cons-
tant at 518 K (245 °C). The pressure in the autoclave reactors was 35 bar. The size distribution
of the bauxite grains was 100 % —74 um, obtained after the hydrocyclone classification. The
solid to liquid ratio of the autoclave charge was S:L = 1:5. The solid phase concentration was
160-200 g dm=, depending on the Na,O (caustic) concentration in the returned aluminate
solution. The rate of mechanical stirring was 31 rpm.

RESULTS AND DISCUSSION

For modeling the bauxite leaching process, the data were collected by mea-
suring the above-defined input and output process variables. The values of the
measured input variables of the technological process as well as the process qua-
lity indicators, the output of the process (Y) in the form of descriptive statistics
results, are presented in Table I.

TABLE 1. Descriptive statistics of the input (Xj) and output (Y) variables of the bauxite
leaching process including 659 data sets

Parameter  Range Minimum Maximum - Mean S.tdﬁ Variance
Statistic  Std. error deviation

X 90.19 129.66 219.86 2.040E2  0.4050 10.398 108.131
X 48 81 129 109.79 0.329 8.442 71.274
X3 1.898 2.075 3.972 3.069 0.0080 0.2059 0.042
Xy 7.21 8.11 15.32 11.533 0.056 1.439 2.073
Xs 4.58 50.08 54.66 51.975 0.034 0.866 0.750
Xs 3.54 4.88 8.42 6.3208 0.022 0.562 0.316
X5 4.39 22.42 26.81 24.833 0.031 0.803 0.645
Xg 0.63 2.22 2.85 2.540 0.003 0.078 0.006
Xo 2.82 0.29 3.11 1.253 0.014 0.370 0.137
X0 3.17 11.40 14.57 12.459 0.023 0.581 0.337
X1 0.524 1.116 1.639 1.414 0.00122 0.0314 0.001
Y 13.077 76.293 89.370 84.427  0.06574 1.687 2.848

It should be noted that Xg and X7; have a small variance (Table I). However,
these variables are important for the investigated technological process, espe-
cially X7;. The variable X7 presents the caustic ratio of the solution at the end of
the leaching process; it is one of the most important parameters of the Bayer pro-
cess; thus, it cannot be omitted from the analysis.

Linear regression analysis

For defining the correlation dependence in the form of output of the process
Y = finput of the process (X1—X11), a bivariate correlation analysis was per-
formed. In this analysis, the Pearson correlation coefficients (PCC) with respond-
ing statistical significance were calculated (Table II) using statistical software



1263

ANN PREDICTION OF THE Al EXTRACTION

(pafre1-7) 19421 §0°0 Y3 18 JueoLIUIS ST UONB[21I0D), {(pa[183-7) 1249 (0 Y} J& JUBDIJIUTIS ST UOTE[aLI0D {(Pa[Ie}-7) .wmmn {UOTJE[DLIOD UOSIED],

8000 0000 1000 0000 0000 0000 0000 0000 0000  9L00 0000 S
I o010 oSTE0  29TI0  obTHO  o68T 0~ ob6H' 0~ HIIE0 6910 §9T0 6900~ o£€T0 od X
0000 €450 S€00 0000 0000 0000 0000 0000 0000 0000 S
I s08T°0— TTOO— pl80°0— oLETO~ o910  o00€0 oL9E°0  oTIE0  o6LF 0~ oLTE0- od Hy
0000 0000 0000 0000 0000 0000  TOOO 0000 0000 S
I WOPE0  oEE€TO0  oLLTO— oLOS0— oF8E0~ o0TTO— o£TI0  oS0TO  obLE0 od Oty
ILLO 0000  S000 0000 1000 8010  SSI'O 0000 S
[ 1100~ oLbTO— o801°0— 508€0~ oLTI'0— €900  SSO0  o£ST0 od oy
6670 0000  0ITO 1000 0000  6EF0 0000 S
I 9700~ o£SE0—  6V00  oLTLO  oP9T0  0£00  HISTO od 8
0000 0000 0000 0000 0000 0000 S
I 0T8T 0~ olEF 0~ o£6€0~ o0TE 0~ oSTHO  o£TTO od Ly
LOOO 9000  8SL0 0000 0000 S
I oS00~ oL0T°0  TIO0— 0T O~ oSLE O~ od X
0000 0000 0000 0000 S
I W0LS'0  98ETO  oE£9F 0~ o6LE O~ od X
0000 0000 0000 S
I oL9E0 51950~ o89€ 0~ od 15
0000 0000 S
I oTSL 0~ HIST0 od Y
0000 S
I €570 od X
aS
I =0d Ly
bis y Oy oY 8Y tx X X 'Y X Y Ly uoneppio) Ipjourered
(659 sem o[qe

-1IBA 1982 10] syutod ejep Jo 1aquinu) ssaoo1d payednsaaut oy Jo (1) sojqeurea ndino pue (Ly-ly) ndur oy 10 ximew uone[airo) 1 19dV.L



1264 DPURIC et al.

SPSS v.18 (PASW Statistics). The results obtained revealed considerable statis-
tical significance of the correlations (p < 0.01) for most of the coupled variables,
Table II. To define the dependence of the output variable as a function of input
variables, using the multiple linear regression analysis (MLRA) with acceptable
level of fitting, it is necessary that the value of PCC between Y and X;j should be
with statistical significance (p < 0.01).14:.15 The analysis of the data presented in
Table II revealed that this constraint was attained in all cases except for Y—X>:
PCC=-0.069 (p =0.076).

As most of the variables had an acceptable level of correlation and statistical
significance, it was concluded that the MLRA approach should be considered as
an adequate tool for modeling the investigated process. For the purpose of MLRA
analysis, the assembly of 659 input and output samples was divided into two
groups. The first group consisted of 458 (70 %) randomly selected samples. This
group was used for the creation of the model, whereas the second group, con-
sisting of the remaining 201 (30 %) samples from the starting data set, was used
for testing the model. The selection of the variables for these two stages was per-
formed using a random number generator.

Using multivariable regression, the following equation was developed to de-
scribe the relationship between the leaching recovery and the selected input vari-
ables:

Y =38.437 — 0.024X; + 0.098X; + 3.603.X3 — 0.022 X4 +0.478Xs — 1.101.Xs —
—0.562X7 + 4.892Xg + 0.203Xo +0.270X;0 + 6.586X11 (R2 = 0.555) 2)

Equation (2) represents the complete linear model developed during the first
phase of the MLRA modeling procedure.

The results of the ANOVA tests of the developed model are presented in
Table III. The small value of the F statistics (Table III) indicates that the deve-
loped model was below the level for an accurate prediction of the value of depen-
dent variable (Y) based on the values of input variables (Xj). The ratio of the reg-
ression to the residual was 55:45 %, advocating that only 55 % of the variance in
the dependant variable (Y) values, is explained by the model.

TABLE III. Results of the ANOVA? test (predictors (constant): X, Xg, X9, X7, X3, Xg, X1, X4,
X9, X5 and X,; dependent variable: Y) performed during the training of the model

Parameter Sum of squares  Degree of freedom (df) Mean square F' Sig.
Regression 708.744 11 64.431 50.511 .0002
Residuals 568.913 446 1.276 - -
Total 1277.657 457 — — —

The summary results describing the MLRA model in the development phase,
are presented in Table IV. The relatively small value of the correlation coeffi-
cient (R = 0.745), resulting by a low coefficient of determination (R? = 0.555),
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suggests that the model developed according to MLRA seems unacceptable for
the prediction of alumina extraction from bauxite in the Bayer process.

TABLE IV. MLRA summary of the model developed during the training phase

Model R R? Adjusted R? Standard error of the estimate
1 0.745 0.555 0.544 1.1294

However, some further validation of the model was performed in the testing
stage using the second part of the data set (total 201 vectors). During the testing
phase of the MLRA model, the calculated coefficient of determination (R?2), as
expected, further decreased in comparison to the testing phase and was now
0.463. A comparative presentation of the measured and the calculated values
using the MLRA approach for the investigated process is illustrated in Fig. 1.
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Fig. 1. Dependence between the calculated and measured values of the Al,O5 recovery
(Eq. (2)); - - - = ideal position; — = regression lines; O = values calculated
using the MLRA model in the testing stage).

measured

The difference distribution between the recoveries calculated from Eq. (2)
and the actually determined amounts of recovery is shown in Fig. 2. The multi-
variable regression analysis predicted the alumina leaching recovery with a deter-
mination coefficient R2 = 0.463 and differences of — 7.20 to 2.50 from actually
determined recoveries in the plant, which does not represent a large significance.
Thus, the results showed that the MLRA modeling methodology lead to no ac-
ceptable correlation between the selected variables and the Al,O3 recovery.



1266 DPURIC et al.

Artificial neural network

Artificial neural networks can be viewed as nonlinear approaches to multi-
variate statistical methods, not bound by assumptions of normality or linearity.
Although neural networks originated outside the field of statistics and have even
been seen as an alternative to statistical methods in some circles, there are signs
that this viewpoint is initiating an appreciation of the manners in which neural
networks complement classical statistics.16-17

The ANN used in the development of the model described in this paper is
depicted in Fig. 3. As shown, this network consists of three layers of nodes. The
layers, described as input, hidden and output layers, comprise i, j and & numbers
of processing nodes, respectively. Each node in the input (hidden) layer is linked
to all the nodes in the hidden (output) layer using weighted connections. In addi-
tion to the i and j numbers of input and hidden nodes, the ANN architecture also
houses a bias node (with a fixed output +1) in its input and hidden layers and
they provide additional adjustable parameters (weights) for model fitting. The
number of the nodes (i) in the ANN network input layer is equal to the number of
inputs in the process, whereas the number of output nodes (k) equals the number
of process outputs. However, the number of hidden nodes (j) is an adjustable
parameter the magnitude of which is determined by issues, such as the desired
approximation and generalization capabilities of the network model.18:19

The employment of an ANN usually comprises three phases. First is the
training phase, which is achieved using 70-80 % of randomly selected data from
the starting data set. During this phase, the correction of the weighted parameters
of the connections is achieved through the necessary number of iterations, until
the mean squared error between the calculated and measured outputs of the net-
work is minimal. During the second phase, the remaining 20-30 % of the data are
used for testing the “trained” network. In this phase, the network uses the weighted
parameters determined during the first phase. These new data, excluded during
the network learning stage, are now incorporated as the new input values (X;) that
are then transformed into the new outputs (Y;). The third phase is a validation of
the network on a new data set. This data set usually consists of the data from the
new experimental measurements of the same process. The validation phase pre-
sents the final level of a successful or unsuccessful prediction obtained by using
the network developed in the two previous stages on a new data set.17-20.21

In this study, the ANN methodology was applied for modeling the process of
bauxite leaching under industrial conditions using the available data, the des-
criptive statistics of which is presented in Table I. The assembly of 659 input and
output samples was divided into two groups. The first group consisted of 458 (70 %)
randomly selected samples, which was used for training the network, while the
second group consisted of the 201 (30 %) remaining data, which was used for
testing the network.



ANN PREDICTION OF THE Al EXTRACTION 1267
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Fig. 2. Distribution of the differences between the actual Al,O5 recovery and the Al,O4
recovery estimated from Eq. (2) for 659 samples.

For the development of a relational ANN configuration, the previously de-
fined input variables X1—X7 and the output variable Y (described in the previous
text), were used as the elements of the network architecture, Fig. 3.

As previously discussed, the ANN presented in Fig. 3 consists of three
layers: the input, output and hidden layers. The neurons of the input layer present
the information on the process input variables — Xj (independent variables), while
the only neuron in the output layer generates the output information — the process
quality indicator — ¥ (dependent variable). The methodology of choosing the ap-
propriate number of neurons in the hidden layer as well as the procedure of the
back-propagation learning algorithm is described in detail in the literature.!”

In the phase of the network training, the necessary number of iterations was
performed until the error between the measured output of the bauxite leaching
process, Al,O3 leaching recovery, Y and the calculated values did not minimize
and remained constant. The obtained results from the training stage could be
evaluated by comparison of the calculated values Y with the measured ones. The
obtained coefficient of the determination (R? = 0.773) show a large degree of fit-
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ting among calculated and measured values, obtained during the training phase
and could be used in the subsequent testing and validation.

Synaptic Weight > 0
— Synaptic Weight < 0

Input layer Hidden layer Output layer

Bias

ik

Hidden layer activation function: Sigmoid

Output layer activation function: Sigmoid

Fig. 3. The ANN architecture for the determination of the Al,O5 degree of
recovery during bauxite leaching.

The test set (total 201 vectors), which examines the fidelity of the model,
showed that the model could be used to estimate the leaching recovery quite
satisfactorily. The value of the determination coefficient (R2) for the test set was
to some extent smaller 0.723 (Fig. 4). The differences of —3.20 to 2.25, between
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predicted and the actually determined AlO3 recovery (Fig.5), which were cal-
culated by the (X;—X71) input sets in the ANN model, are proof that the listed
variables could be considered as reliable inputs for the prediction of the Al,O3
recovery in the Bira¢ Alumina Plant.
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Fig. 4. The recovery predicted by neural network vs. the actual measured Al,O5 recovery
(- - - = ideal position; — = regression lines; o = values calculated
using the ANN model in the testing stage).

measured

CONCLUSIONS

Values of the correlation analysis of the degree of Al,O3 recovery from the
leaching of boehmitic bauxite under industrial conditions in the factory Birac,
Zvornik (Bosnia and Herzegovina) were determined using the MLRA and ANN
methodologies. The values of the coefficient of determination (R2) were 0.463
and 0.723, respectively. These results indicated a highly acceptable degree of fit-
ting of the dependence Y = f{X7—X71) obtained using ANN procedure as part of
the SPSS software application, version 18 (PASW Statistics).22

The ANN procedure predicted the Al,O3 leaching recovery with good accu-
racy; it achieved a determination coefficient of R2 = 0.723 and differences of
—3.20 to 2.25 from actual determined recoveries in the plant. The selected ANN
structure consisted of 458 (70 %) samples for training and 201 (30 %) for testing.
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The defined elements of the ANN structure could be applied generally to condi-
tions in any factory that employs the Bayer technology for alumina production.

30 Mean =0.02
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Fig. 5. Distribution of the differences between the actual Al,O5 recovery
and that estimated by the neural network.
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N3BO[J

MMPEOBUBAE EKCTPAKIIUJE AJIYMHUHUIYMA U3 BOKCUTA Y BAJEPOBOM
[MPOLECY IPUMEHOM BEIITAYKHUX HEYPOHCKHX MPEXA

WCULIOPA BYPUR', UBAH MUXAJJIOBUR', )KUBAH KUBKOBUR' n IPATAHA KEILE/B

, 1YHusep3uu76u7 y Beoipagy, Texnuuxu paxynimeiri y Bopy
Texnonowxu paxynitiewi 36opHuxk, Peiiydnuxa Cpiicka, Bocra u XepuyeloguHa

OBaj pan mpeacTaBba pe3ysiTaTe CTaTUCTHYKOT MOZEIOBama Mpoleca JIyxema OOKCHUTA
Kao mena bBajepoBor mponeca nmpousBome adTyMHHHMjyMa. 3aCHOBAaHO Ha MOJalMMa, CaKy-
IUbeHUM TOKoM neprozna 2008—-2009 (659 maHa), K0ju MOTUYY M3 UHIYCTPUjCKE MPOU3BOLE Y
¢abpunm anymunrjyma bupau — 3sopHuk (bocHa u XepiieropuHa), U3BpIIEHO je CTATUCTUYKO
MOJIe/IOBalke HaBEEHOT Npoleca. 3aBUCHA TPOMEBUBA, YHhje ofpehrBame je 1 OCHOBHHU LIW/b
npolenype MOIenoBamwa, MpefCTaBba CTelneH u3znBajawa Al,03 3 deMuTHOr HOKCHTA TOKOM
npoueca Tyema. CTaTUCTUUKK MOJEN je JoOWjeH kao MOoKyllaj Aa ce fedUHUIe 3aBUCHOCT



ANN PREDICTION OF THE Al EXTRACTION 1 27 1

creneHa usnsajawa Al,O3 off ylnasHUX MPOMEHUBUX NpoLieca TyKemwa: cacTaB DOKCHTaA, cacTaB
pacTBopa HaTpHjyM-allyMHMHaTa Kao U KayCTHYHOI MOIyJa pacTBopa IIpe U HaKOH Ipoleca
nyxema. Kao anaTv CTaTUCTUYKOT MOJENOBaba KOPUIIheHH Cy BULIECTPyKa JIMHEapHa perpe-
cvoHa aHanu3a (MLRA) u BemrauHe HeypoHcke mpexe (ANN). Huso durtoBama, nodujexn
ynotpeSom MLRA, usHocHo je R% = 0,463, 1ok je ANN pesyntosana ca R? = 0,723. Ha oBaj
HauuH, Mogen feduHucal yrnorpedom ANN meronosoryje, Moxe ce KOPUCTUTH 3a eUKacHO
npensuhame HUBoa U3nBajama Al,O3 y MYHKUUjU NPOLIECHUX TPOMEHBUBUX, Y YCIOBUMA HH-
IycTpHjcke mpousBopmwe y Gadpunu bupau — 3Bopuuk. IIpennoxkeHu Mopen, Takohe UMa U
YHUBEP3aJIHU KapaKTep U Kao TaKaB je IPUMEBUB Y ApYruM abpukama Koje npumemyjy ba-
jEPOBY TEXHOJIOTHjY 3a IPOU3BOAKY aTyMHUHHjyMa.

(ITpumsbeHo 26. Maja 2011)

REFERENCES

1. G. S. Gontijo, A. C. Brandao de Araujo, S. Prasad, L. G. S. Vasconcelos, J. N. N. Alves,

R.P. Brito, Miner. Eng. 22 (2009) 1130

F. Habashi, Handbook of Extractive Metallurgy, vol. 1, Wiley, New York, USA, 1997, p.

103

F. Habashi, J. Min. Metall.,B 45 (2009) 1

S. C. Chelgani, E. Jorjani, Hydrometallurgy 97 (2009) 105

B. I. Whittington, B. L. Fletcher, C. Talbot, Hydrometallurgy 49 (1998) 1

M. Jamialahmadi, H. Muller-Steinhagen, J. Minerals Metals Mater. Soc. 50 (1998) 44

D. A. Palmer, P. Benezeth, D. J. Weselowski, S. Hilic, in: Proceeding of the TMS Light

Metals, Warrendale, PA, USA, 2003, p. 5

B. Xu, C. Wingate, P. Smith, Hydrometallurgy 98 (2009) 108

. G. Songqing, Y. Zhonling, Q. Lijuan, Light Metals 1 (2002) 83

10. J. A. M. Pereira, M. Schwaab, E. Dell’Oro, J. C. Pinto, J. L. F. Monteiro, C. A.
Henriques, Hydrometallurgy 96 (2009) 6

11. D. Panias, P. Asimidis, 1. Paspaliaris, Hydrometallurgy 59 (2001) 15

12. F. G. Umukoro, O. L. Kuye, A. H. A. Sulaimon, Serb. J. Manag. 4 (2009) 259

13. S. Cao, Y. F. Zhang, Y. Zhang, Hydrometallurgy 98 (2009) 298

14. 7., Zivkovié, I. Mihajlovi¢, Dj. Nikoli¢, Serb. J. Manag. 4 (2009a) 143

15. R. N. Moroney, J. Wind Eng. Ind. Aerodyn.77-78 (1998) 543

16. H. Demuth, M. Beale, Neural Network Toolbox for use with MATLAB, Handbook,
MathWorks Inc., Natick, MA, USA, 2002, p. 238

17. Z. Zivkovi¢, I. Mihajlovié, 1. Puri¢, N. Strbac, Metall. Mater. Trans., B 41 (2010) 1116

18. Y. F.Zhang, Y. H, Li, Y. Zhang, J. Chem. Eng. Data 48 (2003) 617

19. G. Dreyfus, Neural Networks, Methodology and Applications, Springer, Berlin, Germany,
2004, p. 127.

20. Z. Zivkovié, N. Mitevska, I, Mihajlovié, Dj, Nikoli¢, J. Min. Metall., B 45 (2009b) 23

21. D. Liu, Y. Yuan, S. Liao, Expert Syst. Appl. 36 (2009) 10397

22. PASW Statistics, formerly called SPSS Statistics, SPSS Inc., Chicago, IL, 2009.

Nonkw D

1o %




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


