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Impurity solvent extraction ismportant step in hydrometallurgical methods of producing
batterygrademetal salts foccathode activenaterials.In order tomodel andoptimize the
hydrometallurgicalprocessess effectively as possibleartificial neural networkecome
useful. Basic optimization tools do nobnsidernontlinearitieswhich arealsodifficult to
model mathematicallywhich iswhy neural networks are supertorlinear optimizers

In this thesis, @rocessmodel for impurity solvent extractiowasdeveloped with help of
artificial neural networkslIt was studied how neural networkare applied to solvent
extraction process simulations while predicting output concentratatswhich kind of
methodologies arthe best while creating the networks

In the experimental parit was found out thateural networkgan be useds an alternative
techniquefor solvent extraction process modellingwo networks were tested, and both
presented good resulend accuraciesn training and test datasets, as well as on the
validation setThenetworkscan beextremely usefulvhentheyare connected to a simulation
software Since neural networks are able to understandineatrities, the nomdealities in
solvent extraction chemistrgan bedescribedwhenthe malel is trained withsufficient
solvent extraction data.
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Epapuhtausuutto on merkittdvévaihe akkumetallsuolojen hydrometallurgisessa
valmistuksessa. Jotta hydrometallurgisia prosesseja  pystyttaisiin  optimoimaan
mahdollisimman tehokkaasti neuroverkojen kayttdminen on erittédin hyodyllista
Yksinkertaiset opimointiohjelmat eivat ota huomioon epalinearisuukgitka ovat myos
monimutkaisia mallintaa matemaattisesti Taman vuoksi neuroverkot ovat
optimoirtitarkoituksissarinomaisia

Tassa diplomitydsséon mallinnettu epépuhtawutto neuroverkkojen avulla. Tydssa
tutkittiin, kuinka neuroverkkoja voidaan hyodyntdd nesesteuutossa ennustaen
ulostulokonsentraatioita ja minkalaiset menetelmét ovat parhaita neuroverkkojen
luomisessa.

Diplomitydn soveltavassa osassa huomattieitd neuroverkkoja voidaarkayttaa
vaihtoehtoisena tapana nestesteuuton prosessimallinnuksis§g.6ssa tutkittiin kahta
neuroverkkoa, ja molemmat antoivat hyvia ja tarkkoja tulogskaikoulutus ja testidatalla
ettd validointidatallaNeuroverkotvoivat olla erittéain hyddyllisia, varsinkin jos ne ovat
yhdistettyna prosessisimulaatiohjeimistoon  Koska  neuroverkot  ymmartavat
epéalineaarisuuksia, nestesteuutorepaideaalisuudet on mahdollist@littdd kun mali on
koulutettupatevalla datalla.



ACKNOWLEDGEMENTS

This thesis was made during a-gsronth period of employment at Metso. | would like to
express my immense gratitude to my supervisor Christian Binder for granting me this
opportunity. Special thanks also to my thesis supervisors Cesar Araujo and Tuukdat& ot
for guiding me and helping me wittbythonand HSCSim | coul dndét have
without your help. | also want to thank my examiners Sami Virolainen and Niklas Jantunen

for all the comments, feedback and discussions during my thesis.
| had very enjoyable five years at LUT, and therefore | want to thank all my friends for these

fun years andnemories Furthermore, | want to thank my fam#yd friendgor supporting

me throughout my studiemd thesis

Matias Kari



ABBREVIATIONS

ANN Artificial neural retwork
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1 Introduction

While thepopularity of electric vehicles is growirapmdalso digitalization is expanding
must be ensuretthat batteries are recycletbrrectly, while the demand for criticddattery
metalsalso increase§ he demand folithium-ion batteriegLIB) is potentially leading ta
significant increase in battery wasiowadaysapproximately 5@00tons of used batteries
are recycledin Europe every yearand the estimation for 2038 over 400000 tons
(Fraunhofer ISI, 2023However, according tevaste maagementorecastspver 11 million
spent batteries are estimated tahyewn away in landfills outsideutopean Unioroy 2030
(Malinauskate et al, 2021).

According to Eiropean Commission (2024)atteries ar@ prerequisite towardse green

future and contribution toarbon neutrdtly by 205. Primary sources for nickel and cobalt

are foundunderground from ores, and secondary sources are from battery(Masteam

et al., 2019 and both sources areich in impurities Impurity solvent extraction is an
important step before extracting cobalt and nickel, the very needed metals in battery

production.

Utilization of a processmodel for impurity solvent extractiowould easebattery metal
processingln order to properly optimize processand understand thdfferentphenomena

in chemical engineeringrocess simulations are efficient tadfssome cases, basic process
optimizersare not able solve complex ntinear problems, and that is whendificial neural
networks(ANN) become extremely useful

As the world has become more digitalized, neural networks Bmarged in process
developmentArtificial neural networks have bedne v el oped (Paneratietall 9506
2019) after which the growth has befast, especially durintherecent yearsTheincrease

in publishedEuropearpatents regarding neural networks is depicted in Figure
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Figurel. Published patents regarding neural networksurope(Modified, Wilding,
2023)

It can be seefrom Figurel, that the trendh publications has beencreasingremendously
over the yearslt can be concluded thahe popularityand applicationswill continue

growing

1.1 Objectivesof thethesis

Since solvent extractiachemistry has neidealities thatrecomplex to descrihet is rather
difficult to model solvent extractiomccurately Mathematicalmodels, such a®ebye
Huckel equationandPitzer and BromleyZemaitis moded could explairthe nonidealities
in the chemistry, butavelimitationsthat make the modelling difficulHowever, atificial
neural networks have been studied for a long time tlagy havebeen discovered to be a
feasible method imortlinear processoptimization problens. Therefore, in this thesis, a
model for impurity solvent extractiomasdevelopedvith help of artificial neural networks
i it was studiedwhetherneural networksare a suitable way to modeaolvent extraction

phenomenand how they can be appliedprocess simulatiosia HSC Sim
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1.2 Structure of theéhesis

Material for this thesis was collectddring a sixmonth period of employment at Metdn.
this thesiés literature part,theory, solvent extractiontechnologyand applications are
reviewed. In additionprocesanodellingandsimulatiors arediscussedn the thesiswhile
emphasizing the importance dirtificial neural networksin chemical and process

engineering

In thet h essekpsriinental parta processmodel for impurity solvent extractiorwas
developed with help of artificial neural networlk$e used dataereprovided by Metsp
and were consisted of different kinds of pilot experimemsgarding NiCo solution
purification The modding wasdonewith combination of Python and HSC SinHSCSim
was mostly usedfor the flowsheetalculations, and Pythowasused for neural network

training purposes.
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2 Solvent extraction

Liquid-liquid extraction(LLE), also known as solvent extraction (SX3, a separation
process, that can loetermined byhe solubilities between two liquidEhe mechanism for
solvent extraction has been proposed to be solution diffusnmhthe process can be divided
into reactive and nereactive extractionKislik, 2012). In this thesis, the scope is reactive
cationextraction, and it can be understaaglan ion exchange process between metal ions
and proton$y mixing two immiscible liquidsThe caton extractionphenomenonvith an

extractanis illustratedin Figure?2.

Before mixing After mixing After settling
M1 RH
Organic phase
Organic phase Dispersed phase RMI
RH RH R-M1
RH RH M1 R-M1
M2

H” Aqueous phase
H

M1

Agqueous phase
Mi M2
M1

M2
M1

M2

Figure2. Schematic view of cation extraction procd3kl = organicextractantM1 =
metal 1, M2 = metal R-M1 = metalloaded extractant

This method is goodalternative to pyrometallurgicahethodssuch as smeltingas ithas
no straightgas emissionandis inexpensivgPagnanelli et al2016) and easy to carry out
at room temperature and pressunethis section, solvent extraction is introduced, and the

theory,technology and applications are studied.
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2.1 Theory

The exchange reactions between metal ions and pratersrried throughby interfacial
interactions ohqueous and organic liquids. These solutions are immiseitethe aqueous
phase contains the metals in a pregnant leach solamanthe organic phase is an organic
extractantdilutedin organic diluentln addition, theextractantan be modifiedin order to
enhance the performance g perties of the organic phagKislik, 2012). Thereactions

can be expressed as follog@uimaraest al, 2023):

EY®1I Q0 Rz YD €1 Q¢ OwnN p
where M"* metal ion
RH extractant
R-M metatloaded extractant

The applicability of solvent extractidor specific systencan beevaluated througkinetic
and thermodynamicparameters Distribution coefficient tells the ratio of a metal
concentrationg aqueous and organic solutiofi@/abaiduy 2013). Distribution coefficient

can be expressed as follows:

o 2
5 C
where [M] &g metalconcentration inheaqueus phase
[M] org metalconcentration irthe organic phase

Extraction efficiencyis alsoa feasible way to evaluate solvent extraction. It tells the fraction
or percentagef a specifiometal, that iextracted to the organic phase fragqueous phase
(Kislik, 2012).Extraction efficiency can be expressed as follows:

o 'O(b
o 2
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where Vagq volume oftheaqueous phase

Vorg volume ofthe organic phase

A commonway to define separation selectivity between two specieseparation factor
which is straightly related tdistribution coefficient Separation factor tells ratio of two
distribution coefficientswhich tells whichcomponenis separated easier from a solution
(Wabaidur 2013). Separation factor can be expressed as follows:

T 0O
6 T
2.2 Technology and apiglations

Solvent extraction circuits are usually consisted of extraction, scrubbing and stripping stages.
This system is depicted iRigure 3, where red arrows represent organic phase, and blue

arrows aqueous phase.

Raffinate
EEEEEEE—

BO-tank

'y

Leach solution g Product solution
—h Extraction Scrubbing

v

Stripping ——

Scrub solution Strip solution

Figure3. General solvent extraction circuiBO-tankrepresentdarren organitank

Observingrigure3, it can be seen that after the extraction step, the +thoetdéd extractant
continues to scrubbing unit, where the contaminants are washed back to the aqueous phase
by metaldisplacement reactiorin the last unit, the purified organic is stripped with acid,
which turns the reactioil) equilibrium backwards and the product solutioroliained
Ultimately, the organic solution can be circulated back to extraction and regenerated with a

basic solution in barren organic tafislik, 2012).
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Solvent extraction techniques can be divided into their eaations: crossurrentand
countercurrent batch extractionand continuous count@urrent extraction.Batch
experiments are usually carried out in laboratory environmsgme only one specific
processs tested andthe liquids are stirred mechanically by shaking separation funnels.
Therefore, no continuous flow throughout other stafesmixing must endure until the
reaction has reached equilibrium, whabtes not hava constant time valu&herefore, the

mixing can last even for one howWabaidur et a).2013).

Most of solvent extraction applications lie nmetal refining, but it camlsobe applied in
pharmaceutical industry, as well as othetustries(Li W. et al, 2022) Solvent extraction
processes are carried aantinuouslyin mixer-settlers in the industngince the production
volumes are so higl€ontinuous processare naturally more convenient in largelscand
also allowbetter process control ahégherquality for the product. Aexampleof a mixer

settleris depicted irFigure4.

B | Loaded
M M
M M = L M e Extractant
m|M M M M M
M M m
M Aqueous
Raffinate
M
<M = M SETTLING
CHAMBER
Mj
M M M
M
Metal-
bearing #I_M:My_k:l- Water-immiscible
aqueous extractant solution
solution MIXING
CHAMBER

Figure4. Schematic view of an industrial mixsettler (Wilson et al2014)

In the industry,solvent extraction is controlled iseveralways: such aspH, flow rates,
agitator speedates, liquid levelsandpumgs have their own control system{&omulainen

et al, 2009).As noticed from equation (1), tlehemicalreaction releases protgmaaking

the solution acidic. Therefore, pH control is very important in the process, which can be done
via neutralizing the liquid directly inhte mixersettlerwith NaOH followingly (Ferron &

Louis, 2009)
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"0 0VOL®OO WO 0L 0]
where HA acid

NaA sodiumsalt
2.3 D2EHPA in solvent extraction

Di-2-ethylhexylphosphoric acid[D2EHPA), is a strong cationicorganophosphaois
extractantthat is widely used in hydrometallur@@uinn et al.2013, especially in impurity
removal (Constantin et aR021) D2EHPA isinexpensive andan be applied to maynds

of solutions to extract valudb metas (Nadmi & Karazmoudeh, 2021)n Figure5, the
structural formula of D2EHPA is depictednd inFigure 6, the pH dependences of the
extractant can be seen

e
HaC/\/j/\O‘FI"O/\(\/\CHS
HsC = CHg

Figure5. D2EHPA (SigmaAldrich, 2024)

_ /n Cd Mn
100 Fe(I1I) Ca Cu Co |
S 80- Mg/ /NI
o
2 60 -
g O O
5 40 RO
a8 P
20 - RO” “OH
0 I I I I I I 1
0 1 2 3 4 5 6 7 8
Equilibrium pH

Figure6. pH dependence of metal ions with D2EHPA (Sole, 2008)
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As seen from the equilibrium graph Figure6, separation of Co and Ni isefficient by
using PEHPA. Since REHPA is an acidic extractant, it can extract the impurity base
metals in low pH values. After the impurity extractionsipossible to use yanex272 for

nickel and cobalseparationKlett, 2009 to produce battergrade precursor materials

In comparison witlsomeothercationicextractantsD2EHPAperforms the bestonsidering
extracting other metabpartnickeland cobaltlts ability to extract other metals from nickel
and obalt solutions and also Ni/Co separation facisrcompared with Cyanex 272 and
PC88Ain Tablel.

Tablel. Selectivity serieand Co/Ni separation factoompaison (Flett, 2005)

Extractant Selectivity Co/Ni sepration factorb
D2EHPA Fe(lll) >Zn > Ca > Cu > Mg > Co > Ni 14
PC88A Fe(lll) >Zn > Cu > Ca > Co > Mg > Ni 280
Cyanex 272 Fe(lll) >Zn > Cu > Co > Mg > Ca > Ni 7000

It can be seefrom Tablel that the main difference in therses is the ability to separate
nickel and cobaltwhich isdistinctly easier with PC88A and Cyanex 2The D2EHPA
extraction sequence could also be seen obseRinuge6, where the series is expanded.
addition, it is clear that Cyanex 272 is superior in Co/Ni separation, whereas D2EHPA is a
good choice when it is desiredkeepCo and Niin the raffinate.
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3 Impurity removalfrom battery metal solutionsith

organophosiporus extractants

Theforemostthing in batterymetalrefining processsis to get rid of impurities in the leach
solutiors, and the most abundant impurity elementsaduieminum, copper, chromium, iron,
magnesiummanganese and zinérom these elementgpn is the major impurity (de
Amorim et al, 2022), which is often precipitated in the beginnibgt may end up in co
precipitation of cobalPagnanellet al, 2016. Therefore, solvent extraction is more feasible
option for iron removalNi-Co solutions need to be pued, since nickel and cobalt are
major contributors irbattery cathode materigroduction (Choeet al, 2023).1t has been
studied that magnesium is a real challenge in impurity removal in presenobaifand
nickel, but it can be enhanced by synergistic solvent extraction (Guimarées & Mansur,
2018).

As some impurities are still present after solvent extraction process, product solutions are
often crystallized, to obtain the precursor mateiialsolid state Several crystallization
methods are available, such asaporative, eutectic freeze, coolingnd antisolvent
crystallization. With crystallization, it is possible to get rid of the last impurities while also
obtaining the solid materia{Choi & Azimi, 2023). Batterygrade CoS®@and NiSQ
precursor materials with acceptable impurity amounts asepted imable2.

Table2. Batterygrade precursor materials from nickel and cobalt (CoreMax Corporation,
2020; CoreMax Corporation, 2021)

CoSQ A7 H,0O NiSO, 26 H,0O

Nickel 0100 ppm >22.3 W%
Cobalt O 2% w O 100
Manganese O5 ppm 02 ppm
Iron O5 ppm O3 ppm
Copper O3 ppm O1 ppm
Sodium 012 ppm O 20 p
Calcium 012 ppm 010 ppm
Magnesium 010 ppm 010 ppm
Zinc O5 ppm O3 ppm
Lead O5 ppm O5 ppm
Chromium O5 ppm O5 ppm
Cadmium O5 ppm O1 ppm
Aluminum 012 ppm 010 ppm
Silicon 012 ppm 010 ppm
Potassium O5 ppm 010 ppm
Chloride 012 ppm 010 ppm

Insoluble 050 ppm 050 ppm
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In thissection, impurity solvent extractios studied both in ore leach solutions anblattery

waste leach solutions.

3.1 Laterite and stilde oreleachsolutions

To getnickel and cobalt containing ores into aqueous formptaterialsareleached with
acid. Atmospheric leaching has gainedcognition due to its moderate leaching
environment, buit is not asefficientas acid pressure leachjmghich is also one of the most

used methods in hydrometallurgZhang et al.2019).

According to Sole & Cole (4m), nickel and cobalt arenainly found from laterite and
suffide ores, as the dides contain ugo 3 % of nickel. However, these fde-based battery
metal reservoirs are diminishiramd herefore, laterite ores are becoming the main base of
nickel and cobaltrefining, even though they amowadaysconsidered lowgrade metal
depositsCobalt is often foundinderground together with manganese, in limonitic laterites
called asbolane and asbolité-erron & Louis, 2009) An exampe of the chemical

composition ofimonitic laterite orecan be seen ifable3.

Table3. Chemical composition of limonitic laterite ore (Zhao et2020)

Element Content
Ni 1.14%
Co 0.16%
Fe 45.91%
Mg 1.33%
Cr 1.02%
Si 12.81%
Al 6.06%
Ca 0.18%
Cu 0.40%
K 0.006%
Na 0.022%
Mn 0.69%
Ti 0.18%
Ba 0.008%
C 0.092%
S 0.029%

Loss on ignition 11.60%
Au 0.16 g/t
Pt 0.38 g/t
Pd 0.74 git

Ag 7.24 gt
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As it can be seen fromable 3, iron is the most abundant elememherefore, it must be
ensured thathere would beo loss of cobalt andickel if iron is precipitated from the leach

solution.

Kursunoglu & Kaya (207) studied the hydrometallurgical processing of laterites
According to the studyD2EHPA should be used fgourification of nickel and cobalt
solutions sincethe selectivity for the impurity metals is@h high.In addition,Guimaraes
& Mansur (2018) studiedhickel laterite processingvith different extractantslt was
discoveredthat calcium and magnesiuoould besuccessfully extracted with D2EHPA,
while keepingmost of nickel in the agueous pha&aepH of 3, the separation factbetween
calcium and nickel wa®94, indicatinggreat selectivity of calcium over nickelwhile
separation of magnesium over nickel was more challendfingas also discovered that
mixing 20 vol-% D2EHPA with 20 vol-% Cyanex 272 extraction of calcium and

magnesium was enhanced greatly.

Guimaraes et a(2023 investigatedseparation of Mn and Fe from nickel laterite solutions
with 5 vol-% D2EHPA According to the study, lower concentrations of D2EHRAy
contribute tobetter Mn extraction efficiencieéisthe s@aration factobetween manganese
and cobalt was discovered to be 167 at pH.dfd was discovered to be successfully
extracted, while pH was 3. Additionally, extraction of calcium and magnesium vpasven
againto be successfulith D2EHPA. Ultimately, a following strategy toysify laterite
solutions was proposedmpurity extraction of iron,manganesecalcium and little
magnesiunwith 5vol-% D2EHPAat pH of 3 after which Co/Ni separatiomould be done
with 15vol-% Cyanex 27at pH of 4.5.However, even thougRe (lll) is easily extracted,

it is rather difficult to strip out from the organithere have been numerous studieswing
the stripping difficulties, and some of them suggestexgractant modificationsor
alternatively reducingre (Il) to Fe(ll) (Tran et al., 209; Yu et al., 2024).

Separation of zings easy inlaterite leach solutions, arblere hae alsobeen studies that
show coppebeing possible toxtractin presence of Co and M\t pH of 3.5, manganese is
easier to extract from cobalt at room temperature, whils¢paration between manganese
and nickel ismore efficient abetwee0°C and 60°C(Cheng, 2000)

Musadaidzwa &Tshiningayamwe&2009) had alsovery promising experiments regarding

Ni-Co solution purificationZn, Fe, Mn, CaCu, and Cd were successfully extracted while
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keepingmost ofcobalt and nickeln the raffinate.The performance of D2EHPA in the

experiment can be seenkigure?.

100 B _ = ry—
o e @ .
Q
M A +Zn
< 80 b . ——Fe
c z ﬂ" = Mn
o .
s 3 —*—Ca
(%) B .
-‘-E o @ —8Co
- o - —+—Nj
40 + —— @ v —&—Cu
: —— (g
20 : l ' i
1 2 3 4 5
Equilibrium pH

Figure7. Metal extractioncurveswith D2EHPA (40 vol% D2EHPA diluted in Escaid 100,
pH, T = 40°C) (Musadaidzwa & Tshiningayamwe, 2009)

It can be observed froffigure 7, that the difficultyof magnesium separation from nickel

and cobalt is in accordance with other studies.

3.2 Battery waste leach solutions

In addition tolaterite and sulfid@res, batteriealso need to be leached to aqueous form
Battery leaching needs more pretreatment than ore processing, since tanssessary
to be dismantled Batteryrecycling process begins withattery dischargand mechanical
disassemblgafter whichcathode materials can be dissolved to &Bidum et al. 2022).
Undesired metaimpurities are also present in battery waste leach solutiandtypical

composition of differenb at t e r i scadbe seart ifalded.e
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Table4. Chemical composition of typical lithivmon batterie6 ¢ a (Ybncetak, 2018)

Material LCO* [w-%) LEP* [w-%)] LMO* [w-%] NMC* [w-%)]
Aluminum 5.20 6.50 21.70 22.72
Cobalt 17.30 - - 8.45
Copper 7.30 8.20 13.50 16.60
Iron/Steel 16.50 43.20 0.10 8.79
Lithium 2.00 1.20 1.40 1.28
Manganese - - 10.70 5.86
Nickel 1.20 - - 14.84
Supporting materiafs 21.2 20.2 20.00 16.34

*LCO = lithium-cobaltoxide, LFP =lithium-iron phosphate, LMO 4ithium-manganeseobaltoxide, NMC
= lithium-nickeFmanganeseobalt oxide
** Binder, electrolyte and plastic

It can be seen fromable4, that LCO batteries have mbystobalt, and NMC batteries have
mosty nickel. Choeet al.(2023) studied impurity solvent extraction from battery waste, and
the target impurities weidn, Fe(l), Mg, Cu, Ca and ZiThe work was done in two circuits,
wherethe first one was used to remove the impuritigth D2EHPA in pH 3.5, and the
second one teeparate nickel and cobalith neadecanat acid (Versatic 10. It was found

out that every impurity metal agextractedat first circuit but not magnesiunT.he results

areseen inTableb.

Table5. Results from the impurity extraction circuit (21 \6ID2EHPA diluted in ISB
159, pH = 3.5, O/A ratio = 1.8, = 25°C, number of stages = 4) (Choe et2023)

Ni Co Mn Fe(ll) Mg Cu Ca Zn
[mg/L] [mg/L] [mg/L] [mg/L] [mg/L] [mg/L] [mg/L] [mg/L]
Extraction stage 92610 8558 8726 7.8 4897 198.2 519.4 1235
feed aqueous

Scrubbing stage, 314.9 666.4 3323 3.5 390.1 110.5 239.6 685.2
organic

Stripping stage, 3.8 3.2 2612 3.7 4.4 63.2 1915 687.5
organic

While observingrable5, it is seen thathe extraction ohickel and cobalbccurs taa limited
extent,which means that no loss of target meteds detectedAlso, observing=igure6, it
is noticedwhy the chosen pH valuegas3.5: in thatspecificvalue the impurity extraction

is maximized, while the loss of Ni and Co is minimizkdaddition, while dserving Table
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5, it canbe seen that magnesium separation in presence of Ni and Co faces similar challenges
than in laterite solutions in previous subsect@agnanelli et al. (2016)ad studied similar
caseregarding impuritiesand also concluded that solvent extraction is feasible solution to

impurity removal in battery waste solutions.

Li-ion batteries are the most commonly used batteries in the vaorttthe containing
lithium is important and scarce materi@bng et al. (2020) studied lithium extractiith
modified D2EHPA while it was discovered to be a feasible methAdcording to
Mahmoudi et al(2022), Li-Coseparations efficientwith synergistic solvent extraction with
D2EHPA and Cyanex 27at pH 3-3.5. It was discovered thatobaltwasfully extracted

while lithium was left mostly to the raffinateCadmium is also widely sed in NiCd
batteries, and extraction of Cd with D2EHPA is a possible method. It has been discovered
that nickel is also cextracted with cadmium, but at pH of 3.3, the separation factor is

maximized, and cextraction of nickel is minimizeqPathak & Pandey, 2023).

Li et al. (2022 discovered similar synergistic effedtsbattery waste leach solutidmanin
Guimaraes & Mansidr £2018) study regarding laterite solutionMixing TPC[4] with
D2EHPA enhances t he exgessivalyin inetahektracsiors.pTBC[4] o r ma
was synthesizeoly functionalizing calix[4]arene with pyridin@he synergistic effect of two

extractant€an be seen ifiable6.

Table6. Synergistic effect in impurity solvent extraction (0.5 mol/L D2EHPA + 69.34
mmol/L TPC [4], pH =4, O/Aratio =1, T = 25°C) (Li et,@022)

Solvents Eco(%)  Ewn (%) Eni (%) Ezn (%) Ecu(%) Eca(%)
D2EHPA 19.22 59.04 15.34 97.16 67.57 92.97
D2EHPA + TPC[4] 18.84  63.72 12.58 99.73 87.84 86.51

As it can be seefrom Table6, impurity extractions are maximized while nickel and cobalt
are mostly left to raffinateTherefore, it can be concluded that synergistfectsarevery

usefulin impurity solvent extraction.
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4 Process modkhg in ChemicalEngineering

Process modellingand simulationare very important and efficient toslin chemical
engineering Procesamodelsrepresenthemical processdabrough mathematicsand they

help the user to understand the phenomena betiéde alsoenablingprocess optimizations
(Vasilyev, 2018)Process modelling can be applied in industry in various way®cess
designandcontrol,processafety, and even staff training can be conducted by good process
models(Cameron et al2001).

There are two types of models: daltaven empirical and mechanistic models, that are either
based on calibration of existing data, or alternatively mathematical models basedlifa real
phenomena. (Cameron et,&001).The idea of anechanistianodel is depicted ifrigure

8.

Real world problem Mathematical problem Mathematical solution Interpretation

Figure8. Idea of a mechanistic process model (Modified, Cameron, 208ll)

Mechanistic models are oftermosen for optimization purposes, lautombination of the
two models igthemost ofterusedin process engineerirf{@ameron et al2001) In addition
modelling can be carried out wittleep reinforcemenlearning (DRL) models Some
problems may be extremelgomplex, that basic model optimization becomes too
complicated(Plathottamet al, 2021).

In this section, process modelling in chemical engineering is stigie@iphasizinghe

utilization of neural networks and deep reinforcement learning
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Process simulations are widely used in the fieldh@fmical engineerindgJsually,they are

used 0 support model development another process estimations, for example

environmental analysis and process cddte mainpart of process simulation ésirried out

with flowsheeting,which means that the user pgrforming steadystate calculations for

mass and heat balances, equipment sizing among other tBaigslations can also be done

dynamically, where the calculations are carried out wifferential equations, and the

results can benspected during the process whereas in ststatg simulations the results

can only be inspectad equilibrium state(Kellneret al., 1999Dimian et al., 2014

Steady-state plant simulation model

Operating

- Operating window
- Sensitivity

- Diagnosis

- Maintenance

Operation

- Start-up
- Shutdown
- Safety

Revamping

- Heat integration
- Equipment upgrade
- Waste minimisation

Dynamic plant simulation model

Debottlenecking

- System analysis

- Interactions

- Alternative flowsheets
- Optimisation

- Design

Dynamic plantwide control

Operator training

Real-time
optimisation

Figure9. Process simulation applications (Modified, Dimian et al., 2014)
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Dynamic models offer different advantages than stestalye simulations, as it can be noticed
from Figure9. Dynamic models can be extremely usefupinduction sites, where active
process control is necessary, and also operators can be tahisgd easily. Also with
process control, regime optimisation is possible and daglp processe# the other hand,
the steadystate modelsan help with identifyingand resolvingprocess bottleneckisy
creating different flowsheets and desigimsaddition, pocess equipment sizirand plant
layout designis easy with steadgtate process model#iowever, the overall main

advantages can be concluded from Fiduas follows(Dimian et al., 2013

1. Strategic management
2. Process planningnd understanding
3. Process control and development

4. Process training

4.2 Applications in solvent extractiamodelling

A mathematical model was developed?avonet al. (2019) to study extractionmaire earth
elements REE9 with D2EHPA. The model for solvent extraction process was created in
MATLAB. It was discovered that MATLAB is an efficient tool to predict the mass balances
and equilibriaandyttrium (Y) separatiorfrom asolution containing C&u/Y metalscan be
modelledwith good accuracie#\lso, with MATLAB it waspossible to provide the optimal
process conditions:with high chloride and proton concentratioresd D2EHPA
concentration of 0.1 mal/ the yttrium extraction was optimizeéiccording toPavonet al.

(2019),chemical nordealities could be modelled wigxtended Deby&llickel equation

According to Vasilyev (2018), solvent extraction modelling is very dependent on the
attainability of information about mechanisms of the extraction pracésthe process is
not understood well enough, it is difficult to model it correctly. With slope analysis and
McCabeThiele analysis, it is feasible to study the extracpoocessVasilyev also stated
that the noridealities in the aqueous systems could be introducedaxitnded Debye

Huckel equation, Pitzer model and Bromlégmaitis modelThese rodels, however, have
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limitations, sincehe extende®ebyeHuckelis onlyvalid up to 1 Mionic strength solutions.
Apart from DebyeHlickel, these other modedse applicable in more concentrated solutions,
but in the other hancequire lot of parametarstimations and mathematicadallengesin
addition, solvent extraction modelling has been developing vastly over time, but still, the
modelsare not utilized enoughVasilyev, 2018).The greatest challenges come in this

mathematical modelling of solvent extraction whickiesy complex.

Vasilyev (2018) states that countarrrent solvent extraction process could be modelled by
using sequentiainodular simulation method. Sequentiabdular method requires
computing power, since numerous iteration rounds are necessary in order to swlaegshe
balance. In this method, the process steps are solved sequentially in each process unit, while

recycle streams are involved in the flowsheet.

4.3 Neural networks

In contrary to basic optimization tools, where one variable is optimazedtime, neural
networks come in usefuhrtificial neural networks (ANN)arebuilt on artificial neurons,

also known as nodeshich are feeding data to the systékhNs fundamentafeatures are
nonlinearity, stability and reliability, learning, andapability ofdealing with insufficient
data.The primary object of artificial neural networks is develop and solveomplicated
mathematical algorithmgSavic et al.2016).However,while neural networks are highly
efficient, they neetraining to operate, arektensivenetworksrequirecomputing power. In
addition, ANNs ar e of sircathey dol nbtehave @sabilify hol a c k

express causal relationshigdoshi, 2023).

In feedforward neural networks (FFNNé nodes areeceiving input data from external
source. and t he doaning anetsnpui-bliovengly, dafa ¢ passefdrther,and
output signal is gained, which is going totbensferred to the neighbouring neurdhese
signals araffected by weights, that decide if the signal is weak or stidogeover,while
solving nonlinear problemssupplementary layers of nodes are neduidieen the input
layer and output nod@&his additionallayer is callel a hidden layemyhichis not affected by
environment.The whole workingprinciple of artificial neurons is to mimic human brain.
The behaviour ofhe FFNNsystem is depicted iRigurel0. (Savic et al 2016).
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Figurel10. Working principle of-FFNN (Modified, Savic et a).2016)

In addition,hidden nodes cabe divided into multiple hidden layers, which increases the

mo d epkerfdorsnanceo solve the nodinear problemgHimmelblau, 2008
4.3.1 Learning proces# neural network training

The learning process is the most imporfeature in neural networks. This learning process

is taking placen the hidden laye(Himmelblau, 2008)which could beseen inFigure 10,

and more precise scheme of the working prindiplhe hidden layecan be seen iRigure

11. Mathematical activation functiomse introducing the nelinearity to the neural network

mode| and the most commdinctions are presented in Table(Savic et al.2016).The
activation functions are taking place in every neuron in the neéwsrk hi d d®inen | ay e
the nonlinearities are introduced to the system, the model is able to prediconmaex
functions.ANNs also include loss functionalso known as optimization functionshich

are estimatingtheer f or mance of t he,bymeas@ihgdhe diffeeracesn i n ¢
between predicted and observed valugeshi, 202R It is also important to understand
thoroughly what is happening during the training prodessverfitting is a common
drawback, and it happens when thaning data error decreasdmit the errors on the test

data are increasing. This can be avoideddiytraining too muclby decreasing the iteration

steps in the procesdHimmelblau, 2008).
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Figurell Schematic view of a neuron the hidden layemodified, Himmelblau, 2008

Table7. Common activation functions in neural netwo{®avic et al.2016)

Function Definition Range
Linear W (-b, D)
Logistic sigmoid p (0,1)
p Q
Hyberbolic tanget Q Q (-1, 1)
Q Q
Exponential Q (o0, b)
Sine OED [0, 1]
Step T T [0, 1]
phd m
Ramp pho p [-1,1]
ahp o p
Pl p

ObservingTable7, it is noticed that there are many possiienmonactivation functions
available However, according t&E r t U {2018), there is ngproper approachfor
determiningdeal activation functionsalthough artificiaintelligence models are capalde

optimize the modeleegardless thasedfunctions.
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There are different types of learnipgocesses in machine learning (Miupervisedand
unsupervised learning, and reinforcement leariiiRlg). In supervised learning, thereas
training data available, that alrealdgldsthe predicted outpudf the model. In this kind of
learning, a similar dataset can be introduced tombeel, and thenodel can predict its
outcome (Joshi, 2023).

In contrary to supervised learning, unsupervised learnintpe model is trying tgredict
the outputs withoutategorizing or labelling the datBasically, the model is learning to
recognize patterns without any feedback from the sygtiahi, 2023).

While supervised and unsupervised learningsdagic processesreinforcement learning is
happening dynamically (Joshi, 2028cording to Hao (2020), theeinforcementearning
process of artificial intelligence system mimics human brairt,\@as discussedarlier. At

first, the model is randomly predicting possible outputs, after which the model returns
positive or negative rewards which are adjusting the weights. The rewards are reinforcing
the model, and every reward is optimizing the model furtlereover, it is also possibte
observethe model performance thoroughly at any tibyestogping the training process
(Joshi, 2023) All things considered, the typical usage of artificial neural networks is
following: firstly, the network is initiated, after which the experimental data is gathered.
Secondly the model parameters are trained, and the model is ready to be used for its
purposes(Cavalcanti et al., 2021).

Neural networks can be trained via different algorithms, which are running until the specified
conditions are met. The most common training algorithm types are presented below (Comert
& Kocamaz, 2017).

1. Gradient descent

2. Resilientbackpropagation
3. Conjugate gradient

4. QuastNewton method

5. LevenbergMarguardt algorithm
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According to Comert & Kocamaz (2017), it is rather challenging to find a suitable training
algorithm, similarly to activation functions. In addition, if the model has more hidden layers,
the training becomes more difficuMoreover, in the training process, itngcessary to
normalizethe data in the beginninghis means that the input and output variables are
converted to values in the range of (Q,(Pandey & Ashok2015).

4.3.2 Neural networks in Chemical Engineering

Since process modelling and simulatiane requiredtools in chemical and process
engineering, artificial eural networks are widely applied ime field According to
Kulichenko et al. (2021), chemical dynaméare difficult to model properly without the help
of artificial neural networkdn chemical engineering, neural networks typically have more
than one layerand each layer hawore thanone neuron(Kakkar et al. 2021) Some

applications of artificial neural networks are showiT @ble8.

Table8. Some ANN applications in chemical and process engineering (Modified,
Cavalcanti et a)2020)

Case study Activation function Topology*
Vaporliquid equilibrium Sigmoid 2-132
Methane decomposition Sigmoid 6-9-1

pH controlin chemical pocesses Tanh 5-14-1
Azeotrope formation prediction Sigmoid 16-16-1
Physical properties of ioniéquids Tanh 1015151

Gasto-liquid processes Sigmoid 4-7-151
Catalyst design for propane Sigmoid 6-20-12-2

ammoxidation

*Number of neuron layers = input layehidden layer(s) output layer

According to Savic et al. (20160\NNs have been proven to be efficient t@oin different
extraction process optimizationis.is known that extraction processes take into account

manyparameters, such as temperature and pH, and also the characteristics of Siolvent
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ANNSs can process many paramet&raultaneouslythe extraction yields can be modelled

exquisitely.

Bhatta & Mishra (2023) studiedhe equilibrum of synergistic solvent extraction of
zirconium withTOA and Cyanex 921IThe study stated that modelling solvent extraction
phenomena requires a lot of knowledge about the reaction sgsigmonidealities The
experiment data had shown that the extraction efficiency depends on extraction temperature,
solvent natureandconcentrations of acidic media and Zr(IVherefore, tharchitecture of

the network could be builyhichis illustrated inFigure12.

XN
IR
074 SLRAN
ST AN

a

Figurel2. Architecture of the neural network in Zr(IV) extraction modelling (Bhatta &
Mishra, 2023)

Many kinds of network designs were attempted in the study, and ultimaéetpddel was
trained by usingBayesian regularization and Levenb&igrquardt algorithmslt was
discoveredhat neural networks can be used to predict extraction effici#heymodel with
two hidden layers showed great performand®’ value was discovered to be 0.99he

iterationamount was 1000 steps.

Haghihiet al. (2014) studiedquilibrium ofsynergistic solvent extraction of iron and zinc
with LIX 984N and D2EHPAThe decided inputs to the system were temperature, pH, and
concentrations afhe used extractants. The architecturéhef ANN is illustrated irFigure

13.
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Figurel3. Architecture of the neural network in Fe and Zn extraction modeHagl{ihi

et al., 2014)

It can be seefrom Figurel3, thatthe ANN architecture is similahatBh at t adés & Mi

(2023) studyhad and the design has also two hidden layeven thoughhe second one has

less nodesin addition, due to the speed of calculatioasd performance, Levenberg

Marquardt algorithm was chosémbe thetraining algorithm forthe modelln accordance
with Bhattaods & Mi &thaluavias disCo2efed td be alsa O0BBg , t h-
iteration amount was 26steps. Moreover, it was discovered that optimum process

conditions would be follomg: 60°C temperaturepperaing pH of 2, and D2EHPA

LIX984N ratio of 1.5:5Haghihiet al., 2014).
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5 Materials and methods

I n this section, I tsexpesimental palt was cageridd oht,camd alsch e
the utilization of different software iglarified. In addition, the quality of the data and its
pretreatment is discussed, and how the modelling was carried out. In this thesis, stripping
stages were left out of scop@d were simplified in the simulatiott was assumed that

everything is stripped in stripping stages.

Il n t hissexperimentli parff a process model for impurity solvent extraction is
developed with help of artificial neural networks. The used data is consisted of different
kinds of pilot experimentsegarding NiCo solution purificationThe modH#ing was carried

out with combination of Python and HSC SimHSC wasused mostly for the flowsheet
calculations, and Python for neural network training purpdsesral network modéng

can also be used inside HSC Sim nibdg, which is introduced in thisection.
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5.1 Experimental data

The used experimental data was providgdVetso. There wereQldifferent pilot tests of
impurity solvent extractionDatasetnames are hidden, but numbered betwedl. The

pilot datacould be categorized in three main categories:
1. High cobalt and nickel contents in the feed, and relatively high manganese content
2. Large amount oheutralization agernb preneutralization

3. Low metalconcentrations in the feed

The pilot experiments have been conductedigtso Research Cear. The pilots were
countercurrent solvent extraction experiments, that usually lastexi@ekin a continuous
operation The amount of cells was nobnstant in every experiment, but extractsdages

consisted of & cells and scrubbing stages fror tells.

Samples were taken by operatoasnid the sample interval varied from8lhours. This
interval was not constant in evermgxperiment, and the samples were taken for metal
concentrationt both phasegH, flow amount&nd O/A ratiosMetal concentrations were
measured with ICRMS. A concentratiorsummary from thd 0 pilotscan be seen in Table

9. In this Table, the metal concentrations are not normalized, but the units are Mdden.
thorough data ranges can be siehable 1 in Appendix .1

Table9. Summary ofmetal concentrations in the datasets

Ca Mn Co Ni
Min 0 0 0 0
Max 3440 70800 67300 76000
Average 76.6 5474.1 9758.6 27916.9

Datasets 13, 6, and7 were found to béhe best andimilar to each othego the pilots were
combined to a big datasdéh addition all datasetsl-10 were combined to see if there is a
difference to use smaller or bigggymbination It was presumed that bigger dataseuld

give better results.

The experimental data was inspected, and it was discoverethénatwas a quite large

amount of error in the data. Thexror is most likely systematic, which is caused by
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typographical errors. Alsdhe data must contaimeasurement errar&rrors in this case
mean inaccuracies itest work that is seen imass balanceand the entire datapoint was
removed in case of error. This is duertetal interactions in the solutionsf one metal data
IS removed, so are the others since they all have an effect to the solution ché&ioistng.

combined dataset (B, 6 and7), mass balance was calculated to see the errors. The errors
are illustrated in Figuré4.
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Figurel4. Errors insmallerdatasetdatasetd, 3, 6, and7). 100 % represents correct mass
balance.

It can be seen from Figufel, that there are quite a lot of err@ue to the error amouyit
was decided to have 30 % acceptance limih the dataln Figurel5, it can be seen how
much the data was improved after data cleaning.
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Figure 15. Errors after data cleaning smaller dataset (datasets3l,6, and7). 100 %
represents correct mass balance.



36

It was required to remove about 30 % of the datapoints to get to = 30 % acceptantte limit.

is highly expected that the neural networks would be better with this data clédrergpme

errors occurred in the bigger dataset as well. Therefore, same mass balance calculation was
performed for this dataset, and the figures are illustrated baléwgures16 and17. The

presented figures are showing errors in both extraction and scrubbingistafiel® pilot
experiments
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Figurel6. Errorsbefore data cleaning in 10 pilotl00 %representsorrectmass balance.
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Figurel7. Errors after data cleaning in 10 pilo190 %represents correct mass balance

As well as in the smaller dataset, also in this thieedesired acceptance limit was + 30 %.

Therefore, about 24 % of the points were removed to achievertibeSimilar treatment
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was performed for the dataseith 10 pilots containing only extraction datspecially in
Figure15, it can be noticed that there is not much mass balance error in nickel and cobalt,
but more error in calcium amdanganese. This could be explained since in extraction stages,
nickel and cobalt areot expected to be extracted at all. Since calcium and manganese are
extracting, morerrorscan be also expectathcethere will be morenass transfer between

the two phasedn Figurel7, the errors can be noed also in nickel and cobalt, since the

scrubbing stages are alisothe dataset.

5.2 Data treatment inyBhon

Python is an operource programming language, that is also often used in data tredtment.
has gained its popuity due to the ability tohandk large data amounts, aride data
treatmenis alsoeasywi t h P differentlibraries also known as packagésat the user
can install such as PandaBandas is especially used for data treatnat,contains many
functionalities thatan be exploitedn this thesis, Python was accessed in Microsoft Visual
Studia As there were multiple datasetsd eah havingvast amount of dat#, wasrequired

to join all datainto one dataframe for eacttataset.This was carried out by using
pandas.DataFrame.jofanction This function in Pandakbrary enables the user to combine
different datasetsvith a simple mannefThe datasets were joined on top of each other
creating a long list of valuek addition missing values welaterpolatedand N/A values
were filled withback and front filling The joined dtdrameswere normalized in Python

by using zscorestandardizationThe normalizationequation can be expressed as follows:

where X datapoint
M mean

standard deviatio

Co

To easeomputing and neural network learning, the input concentrations for first extraction

cell were fixed by combining PLS inlet asdrubbingoutlet concentrations as follows:
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In other words, equatn (/) combinesaqueousPLS and Scl flowsThis Scl cell is the
aqueous output scrubbing cell before extraction stagest is known in countecurrent
solvent extractionaqueous feed to first extraction cell contains PLS feed and scrubbing

outputsolution.

5.3 Neural networks

In this thesis, neural networks were tested in two environments: in HSC and in Python. HSC
has a buikin neural network module, that can be used in predictions. In Python, a specific
library PyTorch, was utilized to build the networkairing the trainingthe usedlataset was

split into two set: test and training setTraining set was used to train the model, and test
set was 25 % of the whole dataset, which was used to test the model.

HSC approach was used to predict only metal concentrations, and with Python, networks
were built in two ways: predicting metal concentrations and conversions. Independent neural
networks were built for each case. Taliepresents the used inputs and outputs in the

networks and the validation ranges within the inpate shown irrable 1 inAppendk I.

Table10. Inputs and outputs to the neural networks

Inputs Outputs
c(Ag Cain c(Aq Ca ou}
c(Ag Mn in) c(Ag Mn ou)
c(Aq Co in) c(Aq Co ou)
c(Ag Niin) c(Ag Ni out)
Aq flows in

pH
NaOH in
Org flows

c(Org Cain / c(reagent)
¢(Org Mn in) / c(reagent)
c(Org Co in / c(reagent)
c(Org Ni in) / c(reagent)

The inputs in TablelO contain aqueous and organic metal concentrations, aqueous and
organic flows, pH, and neutralization agent. In this neural network configuration, organic

concentration inputs are containing both reagent concentrations and metal concentrations as
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how much reagent is loaded with metalsis was done because it was walteat the
network could learn the dependencéhefreagent concentration betiémwaspresumed that
this would bea valuable information for the network theiw much metalvould beloaded
to the reagentThe outputs are aqueous metal concentratidissthe networks do not
understand units, it would be possible to train the netwertkslaboratory, pilot and also

full-scale solvent extractiaiatg as long as thexperiments woul becontinuous processes

5.3.1 Neural networks in HSC

First, a simple neural network with one pilot data (dataset 1, only extraction) was applied to
the module. In addition, dataset containing both extraction and scrubbing stages was also
tested in this HSC approach. Prior to creating the networks, datathasey from the pilots

in one table and values were normalized with equa@prThe configuration for the NN is

presented below in Table.

Table11. Configuration for NN in HSC

Learning rate  Hidden layer  Output layer Stopping Max iteration Network structure
activation activation MSE
function function
0.002 TanH Linear 0.0001 2500 12-1501504

* = hyperbolic tangent

As it can be seen from Tabld, one NN structure was built for all metals once The
learning rate parameter is controlling fkerationstep sizes during the trainingSC user

interfaceand performancis such that thisather small networketupwasthe best approach.

5.3.2 Neural networks in PyTorch

PyTorch is a machinkearning library in Python, which can be utilized in building neural
networks. It is developed by Facebook Al Rese@Rdszke et al., 2019nd considered to

be very powerful tool. In this neural network approach, it is not necessary to use equation
(6) for data normalization, since PyTorch can normalize the data inside the code with built
in functions. In addition, normalized data is then transformed into tensors, which are similar
to matrices. In PyTorch, the tensors are to be useshuts and outputs in the neural

network. With this code, the neural networks were saved as .onnx files, that could be
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accessed in HSC and Excel with amlts. ONNX (Open Neural Network Exchange) is a file
type that is able torepresent neural network models, and is supported by also other
frameworks than just PyTor¢Meta, 2024).

The same inputs and outputs were used in this approach as in HSC neural networks. As it
was expected that this approach would be more efficient than HSC, the network
configuration was built to be more complex. The netwoddel configuration in Python

can be seen in Tabl®.

Table12. Configuration for NN in Python

Learning Hidden Optimizer  Output layer  Stopping Max Network structure
rate layer activation MSE iteration
activation function
function
0.001 ReLU* AdamWw Linear - 5000 (12-600-600-600
600-600-1)* x4

*RelLU = rectified linear unit

As it can be seen from Tabl2, the structure is different than in HSC approach. The NN

was built in a way that there would be one netwoddelfor each metal. However, these

neural networks are calculated simultaneously in Python with multithreading.
Mul tithreading is processords capability t
way the NN training process is more efficient and fatsi@n creating one network for every

metal separatelyin addition to these configurations, theed optimizein PyTorch was

AdamW algorithmin bothconcentration and conversion networks

While comparing tesenetwork structureto Bhatt® & Mishrad €023)andHaghihb s et
al. (2014) NN studiesthe structures are very largehey had only two hidden layers, with

5 to 10 nodes in each, whereas the networks in PythofiMeaddden layers with 600 nodes

in each.
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5.4 HSC Chemistry

HSC Chemistry is a process simulation software developed by Metso. HSC Chéasstry
a modulecalled HSC Sim, whiclean be used both in steadiate and dynamic simulation,
and itcan be easily utilized for hydrometallurgy mtaohg purposesin this thesis, HSC was
used to perform th8owsheet simulations and process calculatiforsimpurity solvent
extraction Also, theH S C bust-in neural networknodule wagestedin the thesisFigure

18illustrates the flowsheet that was usedh@simulations.

Org E2-E1 Ory E3-E2 Org E4-E3 Organie retum

Pre-neutralized organic
Extraction 1 Enxtraction 2 Extraction 3 Esxtraction 4

Ay E1-E2 AgEZ-EZ Ay E3-E4 S E4 out ‘
Raffinate after-ssttler Raflinate

PLS feed
PLS tank

NaOH
Org Sc2-5¢3 Q= Pre-neutralization =t

Org Sci-Sc2
Org E1-5e1

Scrubbing 1 Scrubbing 2 Scrubbing 3

Aq Sci-El Aq S¢3-8c2

Scrub salution
j—C

Ag Sc2-Scl
——

Aqueous re turn

Loaded organic to stripping

Organic to BO-tank BO-tank Organic to neutralization

Stripping Organic make-up
Aqueous oul t A H2504 " Y

Figurel8. HSC Sinflowsheetf countercurrent solvent extractioifhe blue and red arrows
in represent the phases of the liquids. Blue arrows represent the aqueous phase, while red
arrows represent the organic phase.

It was assumed tha&verything is stripped in stripping stagésys it is simplifiedto one
stagein the flowsheein Figure 181t is worth mentioning thahis flowsheet could be used

for every pilot, but the amount of extraction and scrubbing stzmeéd vary.

In HSC, it is required that user defines all the componiadigsidually in the beginning.
Therefore, all theequiredcomponents were added, and some additional components were
definedwith formulas,asreagent concentratipandmetatloading concentration in organic
phase It was assumed in the modéhatthe NaOH amountvould beadequatdor pre
neutralization The chemical reactions were defined in a similar way than was described in
equation {). As was mentioned earlier, D2ZEHPA is not in HSC by uleéfavhich is why it
needs to be specified by usér.this work, though, any specific equilibrium constant for

D2EHPA is not specified for the reactions, since the kinetics is applied from the
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experimental data through neural network control sysiEme. reactions can be seen in

Figurel9.

a Reactions Editor

A " A : .
I\Qf) @ i {}z ﬁ il 4 (€3 Add Reactions from Unit
Activate Exitand %W MoveDown | |§] SendToBottom Sort Reactants  Reset BEIE - s
Cancel Order
A C D E G
1 Progress Reactants Products Balance
2 % |- Separated with + Separated with + -
3 DICO[+2€I:| + 2 C16H3504P(D2EHPA) |= Co(Org+2a) + 2 C16H3404P({D2EHPA-a) + 2 H(+a) OK
4 0 Ni(+2a) +2 C16H3504P(D2EHPA)} = Ni(Org+2a) + 2 C16H3404P(D2EHPA-a) + 2 H{+a) OK
3 0 Cal+2a)+ 2 Cl6H3504P(D2EHPA) = Ca(Org+2a) + 2 C16H3404P(D2EHPA-a) + 2 H{+a) OK
6 0 Mn(+2a) + 2 C16H3504P(D2EHPA) = Mn({Org+2a) + 2 C16H3404P({D2EHPA-a) + 2 H(+a) OK
7 =]

Figurel19. Chemical reactions in HSC SifArogressepresents the extent of reaction.

The metal loaded reagent was written in a combinatiomeddl in organic phasand reagent
as can be seen in Figut®. This kind of workaround enables easier inspection of organic

phase concentrations.

As it was discusseih chapter5.3.2 neural networks werienported to HSC as .onnx files
In HSC Sim, it was possible to us®lachine Learning Modelsddon to utilize these
networks in the simulatiomVhile the NN outputs are given as normalized values, the outputs

were then unnormalized with equatid), (@nd then could be utilized in the simulation.

In HSCSim, the user is able to create control systemsatetontrolling the simulationlt
is required tospecify the setpoint value and the controllable variable widiven

specifications. The control system can be seen in FRfure
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- G3 “|l
Variable list
B C D E F
|£| Variable List Editor 2
3 CONTROL TARGET
Wizards 4 | Process unit
L% Chemical Reactions Wizard 2 Measulremem Lot
: ) ) 6 | Set Point 0 0 0 0
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9
|=# Insert Sheet 10 CONTROL VARIABLE
%0 Number Format 11 | Process Unit
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(g3 Add RTD Sheet 15 | Max Limit
p——— 16 | X Max Step
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(g3 Add New Control 20 CONTROL MODE Static Static Static Static
&) Remove Contral 21| Active ON ] ON ] ON ] ON
: A S 22| iterations Max Limit 15 ] 15 ] 15 ] 15
23 | X Max Step Method Manual Manual Manual Manual
Help 24 | Type Internal ] Internal ] Internal ] Internal
25 | Method Tangential (fast) ] Tangential (fast) ] Tangential (fast) ] Tangential (fast) ]
(&) Help 27

Figure20. HSCSim control system

Instead ofinserting some values to the simulatiara basic waythe output concentrations
from neural networks wengsedasset point values. The controllablariablewas set to be
the extraction reaction extemm the HSC simulationThe measured value should then be
adjustng according to the tolerance and set point vallree simulation input values were
the same inpstas in neural networks, that were earlier specified in THbI€herefore this
control system igalculating how much the extraaticeaction(1) is progressingn the

simulationin each stage
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6 Results and discussion

In this chapterit is discussedhich kind of results were gathered from neural networks, and
also the quality othem are reviewedn addition,NN predictionresultsare presented and
discussed in this chaptdsltimately, this neural network modglg is combined with HSC

Sim and the results are discussed.

6.1 Neuralnetworks inHSC

Neural networks are applied inside HSC as a module, that can be used as a paadtiction
optimization tool in process simulations. It is easy to use, and also simple to integrate inside
the simulations.In this thesis, HSC neural networks were built to predict metal
concentrations.

With this approach, only one pilot data with extracteord scrubbingtages wretested.
The network parameters were shown in Tal2eand the learning process took over 40
minuteswith relatively small neural networKhe parity ploresults are presented in Figsire
21 and 2.
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Figure22. Dataset Jparity plots extraction and scrubbing cells

Even though the parity plots were good as seen in Figures 21 atiek 22arning process
with HSC Neural network module was rather sl@erefore, neural networks in H8G
own modulewere neither studied nor utilizéor furtheruse These large network structures
would require a lot of computing power, if they were then imported later to the HSC
simulation.It wasfigured outthat Python would benore efficientandfaster in these large
networks sinceit would be logical that a programming language dauwin the networks
faster

6.2 Neural network inPyTorch

During the learning processes, it was noticed that multithreadingnced the networks and

the accuracyWhile nodes were added to the layers, and also amount of layers were
increasedit was learned that neural networks become more accurate and Hettewver,
thetraining timewas increased a lot, bitis was sorted out by running the scripts in Azure
Machine Learning Studio. By using cloud virtual machinegjas possible to run Python
much fasterand he duration of NNtraining was aroun80 minutes in averageToo large

or complicated structurean extend théraining time which canbe a big bottleneck in a

modelling processTherefore, cloud computing is a simple wayréduce this challenge.
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Table 13 presents theloud computer specifications that were used in NN trainTing
datasetvas split into twaosetsduring the trainingtest and training setTraining set was
used to train the model, anekt set was 25 % of the whole datasétich was used to test

the model.

Table13. Specifications in the cloutcbmputer

CPU GPU RAM amount

AMD EPYC 7V12 NVIDIA Tesla T4 110 GB

First, it was tried to run the scripts with only extraction data, and see how the network acts
with it. It is known that NN favours big sets of data, so the results will be expected to be
enhanced after increasing data amount with scrubbing stages.

6.2.1 Concentratiometworkand dataegression

With the configurations presentedrlierin Table12, it was possible to create the neural
network forconcentratiorpredictionswith 10 sets of pilot datarhe learning curves and
parity plots are depicted in Figurg3d and24, and R values are presented in Talile

Impurity $X - Normalized Ca®* in Aqueous Phase Impurity SX - Normalized Mn®® in Aqueous Phase
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Figure23. Learning curves in concentratioetwork
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Figure24. Parity plots in concentratiaretwork

As it can be seen from Figures aboterewereno problems in learning procesisice the
mean square error is low and learning curve was smanthparity plot&ndicate very good

performance for the network.

Tablel4. R? values fromconcentratiomeural networks

Ca Mn Co Ni
Train 0.9999 1.000 0.999% 0.9998
Test 0.9992 0.9991 0.9%3 0.9%1

The results from Python weexported asonnx files, which could be accessed in Excel with
an HSC adebn. In Excel, it was possible to compare the results with actual concentrations
and the comparisa@tan be seen in Figws@5-28. Theconcentratiorvalues areormalized,

and units are hidden.
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Figure28. Comparison ohetworkandexperimental agueouw®ncentrations, nickel

While observing Figure25-28, it can be noticed that neural networks give impegcabl
accurateesults inoutputconcentratioa In addition, the errors betweaertworkand actual

results were calculated to be very smaliese values can be seen later in Table

6.2.2 Conversiometworkanddata regression

With the configurations presentearlierin Table12, it was possible to create the neural
networkalsofor conversion predictionwith 10 sets of pilot datalhe same configuration
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was used for concentration netwoflie learning curves and parity plots are depicted in

Figures29 and30.
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Figure30. Parity plots in conversion network

It can be seen from FiguB®, that the learning process was more difficult than in predicting
concentrationsThe spikes in learning curvese not systematicsincethey do notappear
every time the Python script is rudowever the mean square error is relatively low and
parity plots argjood in Figure80. The R values are presented in Talie

Table15. R? values from conversion neural network

Ca Mn Co Ni
Train 1.000 0.9974 0.9994 0.9998
Test 0.9964 0.9661 0.9718 0.9617

By looking at FigureS0 and31 and theR? values it can be said that this network can be

used in predicting reaction conversiohlese accuracies in parity plots with both network

are similat han i n Bhatt aods H&ghibiss herta 6asl .( 2(022031)4 )a r
studies, even though they had different structure in the 8&iata & Mishra (2023),
however, useanly 1000 iteration stepsith sigmoid activation functignwhereas in this

study, 5000 iteration steps were usedh RelLU function However, thisshows the
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importance of welkelected inputs to the network, anditlo®rrelation to the output values

which was also understoodhiha g h i h i(ZDH4) study. a |

With the .onnx files, it was possible to see the NN results in Excel. Witltahigersion
approach, aqueous concentrations were calculated with conversions and organic
concentrationsAfter agueous concentrations were calculated, they could be compared with
actual concentrations as Figu@s34 are illustrated belowThe concentration values are

normalized, and units are hidden.
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Figure 31. Comparison ofnetwork and experimental aqueousoncentrations from
conversion network, calcium













































