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Impurity solvent extraction is important step in hydrometallurgical methods of producing 

battery-grade metal salts for cathode active materials. In order to model and optimize the 

hydrometallurgical processes as effectively as possible, artificial neural networks become 

useful. Basic optimization tools do not consider non-linearities which are also difficult to 

model mathematically, which is why neural networks are superior to linear optimizers. 

 

In this thesis, a process model for impurity solvent extraction was developed with help of 

artificial neural networks. It was studied how neural networks are applied to solvent 

extraction process simulations while predicting output concentrations, and which kind of 

methodologies are the best while creating the networks. 

 

In the experimental part, it was found out that neural networks can be used as an alternative 

technique for solvent extraction process modelling. Two networks were tested, and both 

presented good results and accuracies on training and test datasets, as well as on the 

validation set. The networks can be extremely useful when they are connected to a simulation 

software. Since neural networks are able to understand non-linearities, the non-idealities in 

solvent extraction chemistry can be described when the model is trained with sufficient 

solvent extraction data.   

 

 

 

 

  



 

 

TIIVISTELMÄ  

LappeenrannanïLahden teknillinen yliopisto LUT 

LUTin insinööritieteiden tiedekunta 

Kemiantekniikka 

 

Matias Kari 

 

Neuroverkkoavusteinen prosessimallinnus epäpuhtausuutolle  

Kemiantekniikan diplomityö 

2024 

 

73 sivua, 42 kuvaa, 16 taulukkoa ja 1 liite 

 

Tarkastajat:  Dosentti, Tutkijaopettaja Sami Virolainen 

 Tutkijatohtori Niklas Jantunen 

 

Ohjaajat: TkT Cesar Araujo 

 DI Tuukka Kotiranta 

 

Avainsanat: neste-nesteuutto, D2EHPA, HSC Chemistry, neuroverkot, prosessimallinnus, 

prosessisimulointi 

 

Epäpuhtausuutto on merkittävä vaihe akkumetallisuolojen hydrometallurgisessa 

valmistuksessa. Jotta hydrometallurgisia prosesseja pystyttäisiin optimoimaan 

mahdollisimman tehokkaasti, neuroverkkojen käyttäminen on erittäin hyödyllistä. 

Yksinkertaiset optimointiohjelmat eivät ota huomioon epälinearisuuksia, jotka ovat myös 

monimutkaisia mallintaa matemaattisesti. Tämän vuoksi neuroverkot ovat 

optimointitarkoituksissa erinomaisia.  

 

Tässä diplomityössä on mallinnettu epäpuhtausuutto neuroverkkojen avulla. Työssä 

tutkittiin, kuinka neuroverkkoja voidaan hyödyntää neste-nesteuutossa ennustaen 

ulostulokonsentraatioita, ja minkälaiset menetelmät ovat parhaita neuroverkkojen 

luomisessa. 

 

Diplomityön soveltavassa osassa huomattiin, että neuroverkkoja voidaan käyttää 

vaihtoehtoisena tapana neste-nesteuuton prosessimallinnuksissa. Työssä tutkittiin kahta 

neuroverkkoa, ja molemmat antoivat hyviä ja tarkkoja tuloksia sekä koulutus- ja testidatalla 

että validointidatalla. Neuroverkot voivat olla erittäin hyödyllisiä, varsinkin jos ne ovat 

yhdistettynä prosessisimulaatio-ohjelmistoon. Koska neuroverkot ymmärtävät 

epälineaarisuuksia, neste-nesteuuton epäideaalisuudet on mahdollista selittää, kun malli on 

koulutettu pätevällä datalla.  
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1  Introduction 

While the popularity of electric vehicles is growing and also digitalization is expanding, it 

must be ensured that batteries are recycled correctly, while the demand for critical battery 

metals also increases. The demand for lithium-ion batteries (LIB) is potentially leading to a 

significant increase in battery waste. Nowadays, approximately 50 000 tons of used batteries 

are recycled in Europe every year, and the estimation for 2030 is over 400 000 tons 

(Fraunhofer ISI, 2023). However, according to waste management forecasts, over 11 million 

spent batteries are estimated to be thrown away in landfills outside European Union by 2030 

(Malinauskaite et al., 2021).  

According to European Commission (2024), batteries are a prerequisite towards the green 

future and contribution to carbon neutrality by 2050. Primary sources for nickel and cobalt 

are found underground from ores, and secondary sources are from battery waste (Meshram 

et al., 2019) and both sources are rich in impurities. Impurity solvent extraction is an 

important step before extracting cobalt and nickel, the very needed metals in battery 

production. 

Utilization of a process model for impurity solvent extraction would ease battery metal 

processing. In order to properly optimize processes and understand the different phenomena 

in chemical engineering, process simulations are efficient tools. In some cases, basic process 

optimizers are not able solve complex non-linear problems, and that is where artificial neural 

networks (ANN) become extremely useful.  

As the world has become more digitalized, neural networks have emerged in process 

development. Artific ial neural networks have been developed since 1950ôs (Panerati et al., 

2019), after which the growth has been fast, especially during the recent years. The increase 

in published European patents regarding neural networks is depicted in Figure 1.  
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Figure 1. Published patents regarding neural networks in Europe (Modified, Wilding, 

2023) 

 

It can be seen from Figure 1, that the trend in publications has been increasing tremendously 

over the years. It can be concluded that the popularity and applications will continue 

growing.  

1.1  Objectives of the thesis 

Since solvent extraction chemistry has non-idealities that are complex to describe, it is rather 

difficult to model solvent extraction accurately. Mathematical models, such as Debye-

Hückel equation, and Pitzer and Bromley-Zemaitis models could explain the non-idealities 

in the chemistry, but have limitations that make the modelling difficult. However, artificial 

neural networks have been studied for a long time, and they have been discovered to be a 

feasible method in non-linear process optimization problems. Therefore, in this thesis, a 

model for impurity solvent extraction was developed with help of artificial neural networks 

ï it was studied whether neural networks are a suitable way to model solvent extraction 

phenomena and how they can be applied in process simulation via HSC Sim.  
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1.2  Structure of the thesis 

Material for this thesis was collected during a six-month period of employment at Metso. In 

this thesisôs literature part, theory, solvent extraction technology and applications are 

reviewed. In addition, process modelling and simulations are discussed in the thesis, while 

emphasizing the importance of artificial neural networks in chemical and process 

engineering.  

In the thesisôs experimental part, a process model for impurity solvent extraction was 

developed with help of artificial neural networks. The used data were provided by Metso, 

and were consisted of different kinds of pilot experiments regarding Ni-Co solution 

purification. The modelling was done with combination of Python and HSC Sim ï HSC Sim 

was mostly used for the flowsheet calculations, and Python was used for neural network 

training purposes. 
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2  Solvent extraction 

Liquid-liquid extraction (LLE), also known as solvent extraction (SX), is a separation 

process, that can be determined by the solubilities between two liquids. The mechanism for 

solvent extraction has been proposed to be solution diffusion, and the process can be divided 

into reactive and non-reactive extraction. (Kislik, 2012). In this thesis, the scope is reactive 

cation extraction, and it can be understood as an ion exchange process between metal ions 

and protons by mixing two immiscible liquids. The cation extraction phenomenon with an 

extractant is illustrated in Figure 2. 

 

 

Figure 2. Schematic view of cation extraction process. RH = organic extractant, M1 = 

metal 1, M2 = metal 2, R-M1 = metal-loaded extractant 

 

This method is a good alternative to pyrometallurgical methods such as smelting, as it has 

no straight gas emissions and is inexpensive (Pagnanelli et al., 2016), and easy to carry out 

at room temperature and pressure. In this 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 protons are carried through by interfacial 

interactions of aqueous and organic liquids. These solutions are immiscible, and the aqueous 

phase contains the metals in a pregnant leach solution, and the organic phase is an organic 

extractant, diluted in organic diluent. In addition, the extractant can be modified, in order to 

enhance the performance and properties of the organic phase. (Kislik, 2012). The reactions 

can be expressed as follows (Guimarães et al., 2023): 

ὲὙὌέὶὫὓ ὥήᵶὙὓέὶὫὲὌ ὥή ρ 

where Mn+ metal ion 

 RH extractant 

 RnM metal-loaded extractant 

The applicability of solvent extraction for specific system can be evaluated through kinetic 

and thermodynamic parameters. Distribution coefficient tells the ratio of a metal 

concentrations in aqueous and organic solutions. (Wabaidur, 2013). Distribution coefficient 

can be expressed as follows: 

Ὀ
ὓ

ὓ
 ς 

where [M] aq metal concentration in the aqueous phase 

[M] org metal concentration in the organic phase 

 

Extraction efficiency is also a feasible way to evaluate solvent extraction. It tells the fraction 

or percentage of a specific metal, that is extracted to the organic phase from aqueous phase. 

(Kislik, 2012). Extraction efficiency can be expressed as follows: 

Ὁ  
Ὀ

Ὀ
ὠ
ὠ

σ
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where Vaq volume of the aqueous phase 

 Vorg volume of the organic phase 

 

A common way to define separation selectivity between two species is separation factor, 

which is straightly related to distribution coefficient. Separation factor tells a ratio of two 

distribution coefficients, which tells which component is separated easier from a solution. 

(Wabaidur, 2013). Separation factor can be expressed as follows: 

‍
Ὀ

Ὀ
 τ 

2.2  Technology and applications 

Solvent extraction circuits are usually consisted of extraction, scrubbing and stripping stages. 

This system is depicted in Figure 3, where red arrows represent organic phase, and blue 

arrows aqueous phase. 

 

Figure 3. General solvent extraction circuit. BO-tank represents barren organic tank 
 

Observing Figure 3, it can be seen that after the extraction step, the metal-loaded extractant 

continues to scrubbing unit, where the contaminants are washed back to the aqueous phase 

by metal displacement reaction. In the last unit, the purified organic is stripped with acid, 

which turns the reaction (1) equilibrium backwards and the product solution is obtained. 

Ultimately, the organic solution can be circulated back to extraction and regenerated with a 

basic solution in barren organic tank (Kislik, 2012). 



14 

 

Solvent extraction techniques can be divided into their own sections: cross-current and 

counter-current batch extraction, and continuous counter-current extraction. Batch 

experiments are usually carried out in laboratory environment since only one specific 

process is tested, and the liquids are stirred mechanically by shaking separation funnels. 

Therefore, no continuous flow throughout other stages The mixing must endure until the 

reaction has reached equilibrium, which does not have a constant time value. Therefore, the 

mixing can last even for one hour. (Wabaidur et al., 2013). 

Most of solvent extraction applications lie in metal refining, but it can also be applied in  

pharmaceutical industry, as well as other industries (Li W. et al., 2022). Solvent extraction 

processes are carried out continuously in mixer-settlers in the industry, since the production 

volumes are so high. Continuous processes are naturally more convenient in large scale, and 

also allow better process control and higher quality for the product. An example of a mixer-

settler is depicted in Figure 4.  

 

Figure 4. Schematic view of an industrial mixer-settler (Wilson et al., 2014) 

In the industry, solvent extraction is controlled in several ways: such as pH, flow rates, 

agitator speed rates, liquid levels, and pumps have their own control systems. (Komulainen 

et al., 2009). As noticed from equation (1), the chemical reaction releases protons, making 

the solution acidic. Therefore, pH control is very important in the process, which can be done 

via neutralizing the liquid directly in the mixer-settler with NaOH followingly (Ferron & 

Louis, 2009): 
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Ὄὃ ὔὥὕὌOὔὥὃὌὕ υ 

where HA acid 

 NaA sodium salt   

2.3  D2EHPA in solvent extraction  

Di-2-ethylhexylphosphoric acid (D2EHPA), is a strong cationic organophosphorus 

extractant, that is widely used in hydrometallurgy (Quinn et al., 2013), especially in impurity 

removal (Constantin et al., 2021). D2EHPA is inexpensive and can be applied to many kinds 

of solutions to extract valuable metals (Nadimi & Karazmoudeh, 2021). In Figure 5, the 

structural formula of D2EHPA is depicted, and in Figure 6, the pH dependences of the 

extractant can be seen. 

 

Figure 5. D2EHPA (Sigma-Aldrich, 2024) 

 

 

Figure 6. pH dependence of metal ions with D2EHPA (Sole, 2008) 
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As seen from the equilibrium graph in Figure 6, separation of Co and Ni is inefficient by 

using D2EHPA. Since D2EHPA is an acidic extractant, it can extract the impurity base 

metals in low pH values. After the impurity extraction, it is possible to use Cyanex 272 for 

nickel and cobalt separation (Flett, 2005) to produce battery-grade precursor materials.  

In comparison with some other cationic extractants, D2EHPA performs the best considering 

extracting other metals apart nickel and cobalt. Its ability to extract other metals from nickel 

and cobalt solutions, and also Ni/Co separation factor is compared with Cyanex 272 and 

PC88A in Table 1.  

Table 1. Selectivity series and Co/Ni separation factor comparison (Flett, 2005) 

Extractant Selectivity Co/Ni separation factor ɓ 

D2EHPA Fe(III) > Zn > Ca > Cu > Mg > Co > Ni 14 

PC88A Fe(III) > Zn > Cu > Ca > Co > Mg > Ni 280 

Cyanex 272 Fe(III) > Zn > Cu > Co > Mg > Ca > Ni 7000 

 

It can be seen from Table 1 that the main difference in the series is the ability to separate 

nickel and cobalt, which is distinctly easier with PC88A and Cyanex 272. The D2EHPA 

extraction sequence could also be seen observing Figure 6, where the series is expanded.. In 

addition, it is clear that Cyanex 272 is superior in Co/Ni separation, whereas D2EHPA is a 

good choice when it is desired to keep Co and Ni in the raffinate. 
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3  Impurity removal from battery metal solutions with 

organophosphorus extractants 

The foremost thing in battery metal refining processes is to get rid of impurities in the leach 

solutions, and the most abundant impurity elements are aluminum, copper, chromium, iron, 

magnesium, manganese and zinc. From these elements, iron is the major impurity (de 

Amorim et al., 2022), which is often precipitated in the beginning, but may end up in co-

precipitation of cobalt (Pagnanelli et al., 2016). Therefore, solvent extraction is more feasible 

option for iron removal. Ni-Co solutions need to be purified, since nickel and cobalt are 

major contributors in battery cathode material production (Choe et al., 2023). It has been 

studied that magnesium is a real challenge in impurity removal in presence of cobalt and 

nickel, but it can be enhanced by synergistic solvent extraction (Guimarães & Mansur, 

2018).  

As some impurities are still present after solvent extraction process, product solutions are 

often crystallized, to obtain the precursor material in solid state. Several crystallization 

methods are available, such as evaporative, eutectic freeze, cooling, and antisolvent 

crystallization. With crystallization, it is possible to get rid of the last impurities while also 

obtaining the solid material. (Choi & Azimi, 2023). Battery-grade CoSO4 and NiSO4 

precursor materials with acceptable impurity amounts are presented in Table 2. 

Table 2. Battery-grade precursor materials from nickel and cobalt (CoreMax Corporation, 

2020; CoreMax Corporation, 2021) 

 CoSO4 Ā 7 H2O NiSO4 Ā 6 H2O 

Nickel Ò 100 ppm > 22.3 w-% 

Cobalt Ó 21 w-% Ò 100 ppm 

Manganese Ò 5 ppm Ò 2 ppm 

Iron Ò 5 ppm Ò 3 ppm 

Copper Ò 3 ppm Ò 1 ppm 

Sodium Ò 12 ppm Ò 20 ppm 

Calcium Ò 12 ppm Ò 10 ppm 

Magnesium Ò 10 ppm Ò 10 ppm 

Zinc Ò 5 ppm Ò 3 ppm 

Lead Ò 5 ppm Ò 5 ppm 

Chromium Ò 5 ppm Ò 5 ppm 

Cadmium Ò 5 ppm Ò 1 ppm 

Aluminum Ò 12 ppm Ò 10 ppm 

Silicon Ò 12 ppm Ò 10 ppm 

Potassium Ò 5 ppm Ò 10 ppm 

Chloride Ò 12 ppm Ò 10 ppm 

Insoluble Ò 50 ppm Ò 50 ppm 
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In this section, impurity solvent extraction is studied both in ore leach solutions and in battery 

waste leach solutions.  

3.1  Laterite and sulfide ore leach solutions 

To get nickel and cobalt containing ores into aqueous form, the materials are leached with 

acid. Atmospheric leaching has gained recognition due to its moderate leaching 

environment, but it is not as efficient as acid pressure leaching, which is also one of the most 

used methods in hydrometallurgy. (Zhang et al., 2019). 

According to Sole & Cole (2001), nickel and cobalt are mainly found from laterite and 

sulfide ores, as the sulfides contain up to 3 % of nickel. However, these sulfide-based battery 

metal reservoirs are diminishing and therefore, laterite ores are becoming the main base of 

nickel and cobalt refining, even though they are nowadays considered low-grade metal 

deposits. Cobalt is often found underground together with manganese, in limonitic laterites 

called asbolane and asbolite (Ferron & Louis, 2009). An example of the chemical 

composition of limonitic laterite ore can be seen in Table 3. 

Table 3. Chemical composition of limonitic laterite ore (Zhao et al., 2020) 

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 g/t 

Ag 7.24 g/t 
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As it can be seen from Table 3, iron is the most abundant element. Therefore, it must be 

ensured that there would be no loss of cobalt and nickel if iron is precipitated from the leach 

solution. 

Kursunoglu & Kaya (2017) studied the hydrometallurgical processing of laterites. 

According to the study, D2EHPA should be used for purification of nickel and cobalt 

solutions, since the selectivity for the impurity metals is such high. In addition, Guimarães 

& Mansur (2018) studied nickel laterite processing with different extractants. It was 

discovered that calcium and magnesium could be successfully extracted with D2EHPA, 

while keeping most of nickel in the aqueous phase. At pH of 3, the separation factor between 

calcium and nickel was 94, indicating great selectivity of calcium over nickel, while 

separation of magnesium over nickel was more challenging. It was also discovered that 

mixing 20 vol-% D2EHPA with 20 vol-% Cyanex 272, extraction of calcium and 

magnesium was enhanced greatly.  

Guimarães et al. (2023) investigated separation of Mn and Fe from nickel laterite solutions 

with 5 vol-% D2EHPA. According to the study, lower concentrations of D2EHPA may 

contribute to better Mn extraction efficiencies ï the separation factor between manganese 

and cobalt was discovered to be 167 at pH of 3. Iron was discovered to be successfully 

extracted, while pH was > 3. Additionally, extraction of calcium and magnesium was proven 

again to be successful with D2EHPA. Ultimately, a following strategy to purify laterite 

solutions was proposed: impurity extraction of iron, manganese, calcium and little 

magnesium with 5 vol-% D2EHPA at pH of 3, after which Co/Ni separation would be done 

with 15 vol-% Cyanex 272 at pH of 4.5. However, even though Fe (III) is easily extracted, 

it is rather difficult to strip out from the organic. There have been numerous studies showing 

the stripping difficulties, and some of them suggesting extractant modifications, or 

alternatively reducing Fe (III) to Fe (II)  (Tran et al., 2019; Yu et al., 2024). 

Separation of zinc is easy in laterite leach solutions, and there have also been studies that 

show copper being possible to extract in presence of Co and Ni. At pH of 3.5, manganese is 

easier to extract from cobalt at room temperature, while the separation between manganese 

and nickel is more efficient at between 40°C and 60°C. (Cheng, 2000). 

Musadaidzwa & Tshiningayamwe (2009) had also very promising experiments regarding 

Ni-Co solution purification. Zn, Fe, Mn, Ca, Cu, and Cd were successfully extracted while 
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keeping most of cobalt and nickel in the raffinate. The performance of D2EHPA in the 

experiment can be seen in Figure 7. 

 

Figure 7. Metal extraction curves with D2EHPA (40 vol-% D2EHPA diluted in Escaid 100, 

pH, T = 40°C) (Musadaidzwa & Tshiningayamwe, 2009) 

 

It can be observed from Figure 7, that the difficulty of magnesium separation from nickel 

and cobalt is in accordance with other studies. 

3.2  Battery waste leach solutions 

In addition to laterite and sulfide ores, batteries also need to be leached to aqueous form. 

Battery leaching needs more pretreatment than ore processing, since batteries are necessary 

to be dismantled. Battery recycling process begins with battery discharge and mechanical 

disassemble, after which cathode materials can be dissolved to acid (Baum et al., 2022). 

Undesired metal impurities are also present in battery waste leach solutions, and typical 

composition of different batteriesô cathodes can be seen in Table 4.  
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Table 4. Chemical composition of typical lithium-ion batteriesô cathode (Yun et al., 2018) 

Material LCO* [w-%] LFP* [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 materials**  21.2 20.2 20.00 16.34 

*LCO = lithium-cobalt oxide, LFP = lithium-iron phosphate, LMO = lithium-manganese-cobalt oxide, NMC 

= lithium-nickel-manganese-cobalt oxide 

** Binder, electrolyte and plastic 

It can be seen from Table 4, that LCO batteries have mostly cobalt, and NMC batteries have 

mostly nickel. Choe et al. (2023) studied impurity solvent extraction from battery waste, and 

the target impurities were Mn, Fe(II) , Mg, Cu, Ca and Zn. The work was done in two circuits, 

where the first one was used to remove the impurities with D2EHPA in pH 3.5, and the 

second one to separate nickel and cobalt with neodecanoic acid (Versatic 10). It was found 

out that every impurity metal was extracted at first circuit, but not magnesium. The results 

are seen in Table 5. 

Table 5. Results from the impurity extraction circuit (21 vol-% D2EHPA diluted in ISD-

159, pH = 3.5, O/A ratio = 1.8, T = 25°C, number of stages = 4) (Choe et al., 2023) 

 Ni 

[mg/L] 

Co 

[mg/L] 

Mn 

[mg/L] 

Fe(II) 

[mg/L] 

Mg 

[mg/L] 

Cu 

[mg/L] 

Ca 

[mg/L] 

Zn 

[mg/L] 

Extraction stage 

feed, aqueous 

92610 8558 8726 7.8 4897 198.2 519.4 1235 

Scrubbing stage, 

organic 

314.9 666.4 3323 3.5 390.1 110.5 239.6 685.2 

Stripping stage, 

organic 

3.8 3.2 2612 3.7 4.4 63.2 191.5 687.5 

 

While observing Table 5, it is seen that the extraction of nickel and cobalt occurs to a limited 

extent, which means that no loss of target metals was detected. Also, observing Figure 6, it 

is noticed why the chosen pH values was 3.5: in that specific value, the impurity extraction 

is maximized, while the loss of Ni and Co is minimized. In addition, while observing Table 
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5, it can be seen that magnesium separation in presence of Ni and Co faces similar challenges 

than in laterite solutions in previous subsection. Pagnanelli et al. (2016) had studied similar 

case regarding impurities, and 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 world, and the containing 

lithium is important and scarce material. Song et al. (2020) studied lithium extraction with 

modified D2EHPA, while it was discovered to be a feasible method. According to 

Mahmoudi et al. (2022), Li -Co separation is efficient with synergistic solvent extraction with 

D2EHPA and Cyanex 272 at pH 3-3.5. It was discovered that cobalt was fully extracted, 

while lithium was left mostly to the raffinate. Cadmium is also widely used in Ni-Cd 

batteries, and extraction of Cd with D2EHPA is a possible method. It has been discovered 

that nickel is also co-extracted with cadmium, but at pH of 3.3, the separation factor is 

maximized, and co-extraction of nickel is minimized. (Pathak & Pandey, 2023). 

Li et al. (2022) discovered similar synergistic effects in battery waste leach solution than in 

Guimarães & Mansurôs (2018) study regarding laterite solutions. Mixing TPC[4] with 

D2EHPA enhances the extractantôs performance excessively in metal extractions. TPC[4] 

was synthesized by functionalizing calix[4]arene with pyridine. The synergistic effect of two 

extractants can be seen in Table 6. 

 

Table 6. Synergistic effect in impurity solvent extraction (0.5 mol/L D2EHPA + 69.34 

mmol/L TPC [4], pH = 4, O/A ratio = 1, T = 25°C) (Li et al., 2022) 

Solvents ECo
 (%) EMn

 (%) 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 seen from Table 6, impurity extractions are maximized while nickel and cobalt 

are mostly left to raffinate. Therefore, it can be concluded that synergistic effects are very 

useful in impurity solvent extraction. 
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4  Process modelling in Chemical Engineering 

Process modelling and simulation are very important and efficient tools in chemical 

engineering. Process models represent chemical processes through mathematics, and they 

help the user to understand the phenomena better, while also enabling process optimizations. 

(Vasilyev, 2018). Process modelling can be applied in industry in various ways ï process 

design and control, process safety, and even staff training can be conducted by good process 

models (Cameron et al., 2001). 

There are two types of models: data-driven empirical and mechanistic models, that are either 

based on calibration of existing data, or alternatively mathematical models based on real-life 

phenomena. (Cameron et al., 2001). The idea of a mechanistic model is depicted in Figure 

8. 

 

Figure 8. Idea of a mechanistic process model (Modified, Cameron et al., 2001) 

 

Mechanistic models are often chosen for optimization purposes, but a combination of the 

two models is the most often used in process engineering (Cameron et al., 2001). In addition, 

modelling can be carried out with deep reinforcement learning (DRL) models. Some 

problems may be extremely complex, that basic model optimization becomes too 

complicated. (Plathottam et al., 2021).  

In this section, process modelling in chemical engineering is studied by emphasizing the 

utilization of neural networks and deep reinforcement learning. 
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4.1  Process simulation 

Process simulations are widely used in the field of chemical engineering. Usually, they are 

used to support model development and other process estimations, for example 

environmental analysis and process costs. The main part of process simulation is carried out 

with flowsheeting, which means that the user is performing steady-state calculations for 

mass and heat balances, equipment sizing among other things. Calculations can also be done 

dynamically, where the calculations are carried out with differential equations, and the 

results can be inspected during the process whereas in steady-state simulations the results 

can only be inspected in equilibrium state. (Kellner et al., 1999; Dimian et al., 2014) 

 

 

Figure 9. Process simulation applications (Modified, Dimian et al., 2014) 
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Dynamic models offer different advantages than steady-state simulations, as it can be noticed 

from Figure 9. Dynamic models can be extremely useful in production sites, where active 

process control is necessary, and also operators can be trained at site easily. Also with 

process control, real-time optimisation is possible and can help processes. In the other hand, 

the steady-state models can help with identifying and resolving process bottlenecks by 

creating different flowsheets and designs. In addition, process equipment sizing and plant 

layout design is easy with steady-state process models. However, the overall main 

advantages can be concluded from Figure 9 as follows (Dimian et al., 2014): 

 

1. Strategic management 

2. Process planning and understanding 

3. Process control and development 

4. Process training  

 

4.2  Applications in solvent extraction modelling  

A mathematical model was developed by Pavón et al. (2019) to study extraction of rare earth 

elements (REEs) 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 equilibria, and yttrium (Y) separation from a solution containing Ce/Eu/Y metals can be 

modelled with good accuracies. Also, with MATLAB it was possible to provide the optimal 

process conditions: with high chloride and proton concentrations and D2EHPA 

concentration of 0.1 mol/L, the yttrium extraction was optimized. According to Pavón et al. 

(2019), chemical non-idealities could be modelled with extended Debye-Hückel equation. 

According to Vasilyev (2018), solvent extraction modelling is very dependent on the 

attainability of information about mechanisms of the extraction process ï if the process is 

not understood well enough, it is difficult to model it correctly. With slope analysis and 

McCabe-Thiele analysis, it is feasible to study the extraction process. Vasilyev also stated 

that the non-idealities in the aqueous systems could be introduced with extended Debye-

Hückel equation, Pitzer model and Bromley-Zemaitis model. These models, however, have 
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limitations, since the extended Debye-Hückel is only valid up to 1 M ionic strength solutions. 

Apart from Debye-Hückel, these other models are applicable in more concentrated solutions, 

but in the other hand require lot of parameter estimations and mathematical challenges. In 

addition, solvent extraction modelling has been developing vastly over time, but still, the 

models are not utilized enough. (Vasilyev, 2018). The greatest challenges come in this 

mathematical modelling of solvent extraction which is very complex.  

Vasilyev (2018) states that counter-current solvent extraction process could be modelled by 

using sequential-modular simulation method. Sequential-modular method requires 

computing power, since numerous iteration rounds are necessary in order to solve the mass-

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 optimized at a time, neural 

networks come in useful. Artificial neural networks (ANN) are built on artificial neurons, 

also known as nodes, which are feeding data to the system. ANNs fundamental features are 

nonlinearity, stability and reliability, learning, and capability of dealing with insufficient 

data. The primary object of artificial neural networks is to develop and solve complicated 

mathematical algorithms. (Savic et al., 2016). However, while neural networks are highly 

efficient, they need training to operate, and extensive networks require computing power. In 

addition, ANNs are often called as ñblack boxesò, since they do not have capability to 

express causal relationships. (Joshi, 2023). 

In feed-forward neural networks (FFNN), the nodes are receiving input data from external 

source, and the data is ñtied upò forming a net input. Followingly, data is passed further, and 

output signal is gained, which is going to be transferred to the neighbouring neuron. These 

signals are affected by weights, that decide if the signal is weak or strong. Moreover, while 

solving non-linear problems, supplementary layers of nodes are needed between the input 

layer and output node. This additional layer is called a hidden layer, which is not affected by 

environment. The whole working principle of artificial neurons is to mimic human brain. 

The behaviour of the FFNN system is depicted in Figure 10. (Savic et al., 2016). 
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Figure 10. Working principle of FFNN (Modified, Savic et al., 2016) 

 

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

modelôs performance to solve the non-linear problems (Himmelblau, 2008). 

4.3.1  Learning process in neural network training 

The learning process is the most important feature in neural networks. This learning process 

is taking place in the hidden layer (Himmelblau, 2008), which could be seen in Figure 10, 

and more precise scheme of the working principle in the hidden layer can be seen in Figure 

11. Mathematical activation functions are introducing the non-linearity to the neural network 

model, and the most common functions are presented in Table 7. (Savic et al., 2016). The 

activation functions are taking place in every neuron in the networkôs hidden layers. When 

the non-linearities are introduced to the system, the model is able to predict the complex 

functions. ANNs also include loss functions, also known as optimization functions, which 

are estimating the performance of the modelôs learning process, by measuring the differences 

between predicted and observed values. (Joshi, 2023). It is also important to understand 

thoroughly what is happening during the training process ï overfitting is a common 

drawback, and it happens when the training data error decreases, but the errors on the test 

data are increasing. This can be avoided by not training too much, by decreasing the iteration 

steps in the process. (Himmelblau, 2008). 
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Figure 11. Schematic view of a neuron in the hidden layer (Modified, Himmelblau, 2008) 

 

Table 7. Common activation functions in neural networks (Savic et al., 2016) 

Function Definition Range 

Linear ὼ (-Ð, Ð) 

Logistic sigmoid ρ

ρ Ὡ
 

(0, 1) 

Hyberbolic tanget Ὡ Ὡ

Ὡ Ὡ
 

(-1, 1) 

Exponential Ὡ  (0, Ð) 

Sine ÓÉÎ Ø [0, 1] 

Step πȟὼ π 
ρȟØ π 

[0, 1] 

Ramp ρȟὼ ρ 
ὼȟρ ὼ ρ 
ρȟὼ ρ 

[-1, 1] 

 

Observing Table 7, it is noticed that there are many possible common activation functions 

available. However, according to Ertuĵrul (2018), there is no proper approach for 

determining ideal activation functions, although artificial intelligence models are capable to 

optimize the models regardless the used functions.  
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There are different types of learning processes in machine learning (ML): supervised and 

unsupervised learning, and reinforcement learning (RL). In supervised learning, there is a 

training data available, that already holds the predicted output of the model. In this kind of 

learning, a similar dataset can be introduced to the model, and the model can predict its 

outcome. (Joshi, 2023). 

In contrary to supervised learning, in unsupervised learning the model is trying to predict 

the outputs without categorizing or labelling the data. Basically, the model is learning to 

recognize patterns without any feedback from the system. (Joshi, 2023). 

While supervised and unsupervised learning are static processes, reinforcement learning is 

happening dynamically (Joshi, 2023). According to Hao (2020), the reinforcement learning 

process of artificial intelligence system mimics human brain, as it was discussed earlier. 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 further. Moreover, it is also possible to 

observe the model performance thoroughly at any time by stopping 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 (Cömert 

& Kocamaz, 2017). 

 

1. Gradient descent 

2. Resilient backpropagation 

3. Conjugate gradient 

4. Quasi-Newton method 

5. Levenberg-Marguardt algorithm 
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According to Cömert & 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 difficult. Moreover, in the training process, it is necessary to 

normalize the data in the beginning. This means that the input and output variables are 

converted to values in the range of (0, 1). (Pandey & Ashok, 2015). 

 

4.3.2  Neural networks in Chemical Engineering 

Since process modelling and simulation are required tools in chemical and process 

engineering, artificial neural networks are widely applied in the field. According to 

Kulichenko et al. (2021), chemical dynamics are difficult to model properly without the help 

of artificial neural networks. In chemical engineering, neural networks typically have more 

than one layer, and each layer has more than one neuron (Kakkar et al., 2021). Some 

applications of artificial neural networks are shown in Table 8.  

 

Table 8. Some ANN applications in chemical and process engineering (Modified, 

Cavalcanti et al., 2020) 

Case study Activation function Topology* 

Vapor-liquid equilibrium Sigmoid 2-13-2 

Methane decomposition Sigmoid 6-9-1 

pH control in chemical processes Tanh 5-14-1 

Azeotrope formation prediction Sigmoid 16-16-1 

Physical properties of ionic liquids Tanh 10-15-15-1 

Gas-to-liquid processes Sigmoid 4-7-15-1 

Catalyst design for propane 

ammoxidation 

Sigmoid  6-20-12-2 

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

 

According to Savic et al. (2016), ANNs have been proven to be efficient tools in different 

extraction process optimizations. It is known that extraction processes take into account 

many parameters, such as temperature and pH, and also the characteristics of solvent. Since 
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ANNs can process many parameters simultaneously, the extraction yields can be modelled 

exquisitely.  

Bhatta & Mishra (2023) studied the equilibrium of synergistic solvent extraction of 

zirconium with TOA and Cyanex 921. The study stated that modelling solvent extraction 

phenomena requires a lot of knowledge about the reaction system and non-idealities. The 

experiment data had shown that the extraction efficiency depends on extraction temperature, 

solvent nature, and concentrations of acidic media and Zr(IV). Therefore, the architecture of 

the network could be built, which is illustrated in Figure 12. 

 

 

Figure 12. Architecture of the neural network in Zr(IV) extraction modelling (Bhatta & 

Mishra, 2023) 

 

Many kinds of network designs were attempted in the study, and ultimately the model was 

trained by using Bayesian regularization and Levenberg-Marquardt algorithms. It was 

discovered that neural networks can be used to predict extraction efficiency. The model with 

two hidden layers showed great performance ï R2 value was discovered to be 0.999. The 

iteration amount was 1000 steps. 

Haghihi et al. (2014) studied equilibrium of synergistic solvent extraction of iron and zinc 

with LIX 984N and D2EHPA. The decided inputs to the system were temperature, pH, and 

concentrations of the used extractants. The architecture of the ANN is illustrated in Figure 

13.  
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Figure 13. Architecture of the neural network in Fe and Zn extraction modelling (Haghihi 

et al., 2014) 

 

It can be seen from Figure 13, that the ANN architecture is similar that Bhattaôs & Mishraôs 

(2023) study had, and the design has also two hidden layers, even though the second one has 

less nodes. In addition, due to the speed of calculations and performance, Levenberg-

Marquardt algorithm was chosen to be the training algorithm for the model. In accordance 

with Bhattaôs & Mishraôs (2023) study, the R2 value was discovered to be also 0.999. The 

iteration amount was 261 steps. Moreover, it was discovered that optimum process 

conditions would be following: 60°C temperature, operating pH of 2, and D2EHPA-

LIX984N ratio of 1.5:5 (Haghihi et al., 2014). 

 

 

 

 

 

 

 

 



33 

 

5  Materials and methods 

In this section, it is explained how the thesisôs experimental part was carried out, and also 

the utilization of different software is clarified. 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 scope and were simplified in the simulation. It was assumed that 

everything is stripped in stripping stages.  

In this thesisôs experimental part, 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 experiments regarding Ni-Co solution purification. The modelling was carried 

out with combination of Python and HSC Sim ï HSC was used mostly for the flowsheet 

calculations, and Python for neural network training purposes. Neural network modelling 

can also be used inside HSC Sim modelling, which is introduced in this section. 
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5.1   Experimental data 

The used experimental data was provided by Metso. There were 10 different pilot tests of 

impurity solvent extraction. Dataset names are hidden, but numbered between 1-10. The 

pilot data could be categorized in three main categories: 

1. High cobalt and nickel contents in the feed, and relatively high manganese content 

2. Large amount of neutralization agent to preneutralization 

3. Low metal concentrations in the feed 

The pilot experiments have been conducted in Metso Research Center. The pilots were 

counter-current solvent extraction experiments, that usually lasted for a week in a continuous 

operation. The amount of cells was not constant in every experiment, but extraction stages 

consisted of 3-5 cells and scrubbing stages from 1-4 cells.  

Samples were taken by operators, and the sample interval varied from 1-8 hours. This 

interval was not constant in every experiment, and the samples were taken for metal 

concentrations in both phases, pH, flow amounts and O/A ratios. Metal concentrations were 

measured with ICP-MS. A concentration summary from the 10 pilots can be seen in Table 

9. In this Table, the metal concentrations are not normalized, but the units are hidden. More 

thorough data ranges can be seen in Table 1 in Appendix 1. 

 

Table 9. Summary of metal 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 1, 3, 6, and 7 were found to be the best and similar to each other, so the pilots were 

combined to a big dataset. In addition, all datasets 1-10 were combined to see if there is a 

difference to use smaller or bigger combination. It was presumed that bigger dataset would 

give better results. 

The experimental data was inspected, and it was discovered that there was a quite large 

amount of error in the data. The error is most likely systematic, which is caused by 
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typographical errors. Also, the data must contain measurement errors. Errors in this case 

mean inaccuracies in test work that is seen in mass balance, and the entire datapoint was 

removed in case of error. This is due to metal interactions in the solutions ï if one metal data 

is removed, so are the others since they all have an effect to the solution chemistry. For the 

combined dataset (1, 3, 6 and 7), mass balance was calculated to see the errors. The errors 

are illustrated in Figure 14. 

 

Figure 14. Errors in smaller dataset (datasets 1, 3, 6, and 7). 100 % represents correct mass 

balance. 

 

It can be seen from Figure 14, that there are quite a lot of error. Due to the error amount, it 

was decided to have ± 30 % acceptance limit in the data. In Figure 15, it can be seen how 

much the data was improved after data cleaning. 

 
Figure 15. Errors after data cleaning in smaller dataset (datasets 1, 3, 6, and 7). 100 % 

represents correct mass balance.. 
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It was required to remove about 30 % of the datapoints to get to ± 30 % acceptance limit. It 

is highly expected that the neural networks would be better with this data cleaning. The same 

errors occurred in the bigger dataset as well. Therefore, same mass balance calculation was 

performed for this dataset, and the figures are illustrated below in Figures 16 and 17. The 

presented figures are showing errors in both extraction and scrubbing stages in all 10 pilot 

experiments. 

 

 
Figure 16. Errors before data cleaning in 10 pilots. 100 % represents correct mass balance. 

 

 
Figure 17. Errors after data cleaning in 10 pilots. 100 % represents correct mass balance. 

 

As well as in the smaller dataset, also in this one the desired acceptance limit was ± 30 %. 

Therefore, about 24 % of the points were removed to achieve the limit. Similar treatment 
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was performed for the dataset with 10 pilots containing only extraction data. Especially in 

Figure 15, it can be noticed that there is not much mass balance error in nickel and cobalt, 

but more error in calcium and manganese. This could be explained since in extraction stages, 

nickel and cobalt are not expected to be extracted at all. Since calcium and manganese are 

extracting, more errors can be also expected since there will be more mass transfer between 

the two phases. In Figure 17, the errors can be noticed also in nickel and cobalt, since the 

scrubbing stages are also in the dataset.  

5.2  Data treatment in Python 

Python is an open-source programming language, that is also often used in data treatment. It 

has gained its popularity due to the ability to handle large data amounts, and the data 

treatment is also easy with Pythonôs different libraries, also known as packages, that the user 

can install, such as Pandas. Pandas is especially used for data treatment, and contains many 

functionalities that can be exploited. In this thesis, Python was accessed in Microsoft Visual 

Studio. As there were multiple datasets and each having vast amount of data, it was required 

to join all data into one dataframe for each dataset. This was carried out by using 

pandas.DataFrame.join function. This function in Pandas-library enables the user to combine 

different datasets with a simple manner. The datasets were joined on top of each other, 

creating a long list of values. In addition, missing values were interpolated, and N/A values 

were filled with back- and front filling. The joined dataframes were normalized in Python 

by using z-score standardization. The normalization equation can be expressed as follows:

 

ὼ  φ 

where x datapoint 

 µ mean 

 ů standard deviation 

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

cell were fixed by combining PLS inlet and scrubbing outlet concentrations as follows: 
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ὧ ȟ

ὧ ὠ ὧ ὠ

ὠ ὠ
 χ 

In other words, equation (7) combines aqueous PLS and Sc1 flows. This Sc1 cell is the 

aqueous output scrubbing cell before extraction stages. As it is known in counter-current 

solvent extraction, aqueous feed to first extraction cell contains PLS feed and scrubbing 

output solution.  

5.3  Neural networks 

In this thesis, neural networks were tested in two environments: in HSC and in Python. HSC 

has a built-in neural network module, that can be used in predictions. In Python, a specific 

library PyTorch, was utilized to build the networks. During the training, the used dataset was 

split into two sets: test and training sets. Training 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. Table 10 presents the used inputs and outputs in the 

networks, and the validation ranges within the inputs are shown in Table 1 in Appendix I. 

Table 10. Inputs and outputs to the neural networks  

Inputs Outputs 

c(Aq Ca in) c(Aq Ca out) 

c(Aq Mn in) c(Aq Mn out) 

c(Aq Co in) c(Aq Co out) 

c(Aq Ni in) c(Aq Ni out) 

Aq flows in  

pH  

NaOH in  

Org flows  

c(Org Ca in) / c(reagent)  

c(Org Mn in) / c(reagent)  

c(Org Co in) / c(reagent)  

c(Org Ni in) / c(reagent)  

  

The inputs in Table 10 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 metals. This was done because it was wanted that the 

network could learn the dependence of the reagent concentration better. It was presumed that 

this would be a valuable information for the network that how much metal would be loaded 

to the reagent. The outputs are aqueous metal concentrations. As the networks do not 

understand units, it would be possible to train the networks with laboratory, pilot and also 

full -scale solvent extraction data, as long as the experiments would be continuous 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, data was gathered from the pilots 

in one table and values were normalized with equation (6). The configuration for the NN is 

presented below in Table 11. 

Table 11. Configuration for NN in HSC 

Learning rate Hidden layer 

activation 

function 

Output layer 

activation 

function 

Stopping 

MSE 

Max iteration Network structure 

0.002 TanH* Linear 0.0001 2500 12-150-150-4 

* = hyperbolic tangent 

As it can be seen from Table 11, one NN structure was built for all metals at once. The 

learning rate parameter is controlling the iteration step sizes during the training. HSC user 

interface and performance is such that this rather small network setup was the best approach.  

5.3.2  Neural networks in PyTorch 

PyTorch is a machine-learning library in Python, which can be utilized in building neural 

networks. It is developed by Facebook AI Research (Paszke et al., 2019) and 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 used as inputs 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 add-ons. ONNX (Open Neural Network Exchange) is a file 

type that is able to represent neural network models, and is supported by also other 

frameworks than just PyTorch (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 network model configuration in Python 

can be seen in Table 12. 

 

Table 12. Configuration for NN in Python 

Learning 

rate 

Hidden 

layer 

activation 

function 

Optimizer Output layer 

activation 

function 

Stopping 

MSE 

Max 

iteration 

Network structure 

0.001 ReLU* AdamW Linear - 5000 (12-600-600-600-

600-600-1)* x4 

*ReLU = rectified linear unit 

As it can be seen from Table 12, the structure is different than in HSC approach. The NN 

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

neural networks are calculated simultaneously in Python with multithreading. 

Multithreading is processorôs capability to execute multiple processes simultaneously. This 

way the NN training process is more efficient and faster than creating one network for every 

metal separately. In addition to these configurations, the used optimizer in PyTorch was 

AdamW algorithm in both concentration and conversion networks. 

While comparing these network structures to Bhattaôs & Mishraôs (2023) and Haghihiôs et 

al. (2014) NN studies, the structures are very large ï they had only two hidden layers, with 

5 to 10 nodes in each, whereas the networks in Python had five hidden 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 Chemistry has 

a module called HSC Sim, which can be used both in steady-state and dynamic simulation, 

and it can be easily utilized for hydrometallurgy modelling purposes. In this thesis, HSC was 

used to perform the flowsheet simulations and process calculations for impurity solvent 

extraction. Also, the HSCôs built-in neural network module was tested in the thesis. Figure 

18 illustrates the flowsheet that was used in the simulations. 

 

Figure 18. HSC Sim flowsheet of counter-current solvent extraction. The 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 that everything is stripped in stripping stages, thus it is simplified to one 

stage in the flowsheet in Figure 18. It is worth mentioning that this flowsheet could be used 

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

In HSC, it is required that user defines all the components individually in the beginning. 

Therefore, all the required components were added, and some additional components were 

defined with formulas, as reagent concentration, and metal-loading concentration in organic 

phase. It was assumed in the model, that the NaOH amount would be adequate for pre-

neutralization. The chemical reactions were defined in a similar way than was described in 

equation (1). As was mentioned earlier, D2EHPA is not in HSC by default, which is why it 

needs to be specified by user. In 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 system. The reactions can be seen in 

Figure 19. 

 

Figure 19. Chemical reactions in HSC Sim. Progress represents the extent of reaction. 

The metal loaded reagent was written in a combination of metal in organic phase and reagent, 

as can be seen in Figure 19. This kind of workaround enables easier inspection of organic 

phase concentrations. 

As it was discussed in chapter 5.3.2, neural networks were imported to HSC as .onnx files. 

In HSC Sim, it was possible to use Machine Learning Models add-on to utilize these 

networks in the simulation. While the NN outputs are given as normalized values, the outputs 

were then unnormalized with equation (6), and then could be utilized in the simulation. 

In HSC Sim, the user is able to create control systems that are controlling the simulation. It 

is required to specify the setpoint value and the controllable variable with given 

specifications. The control system can be seen in Figure 20. 
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Figure 20. HSC Sim control system 

 

Instead of inserting some values to the simulation in a basic way, the output concentrations 

from neural networks were used as set point values. The controllable variable was set to be 

the extraction reaction extent in the HSC simulation. The measured value should then be 

adjusting according to the tolerance and set point value. The simulation input values were 

the same inputs as in neural networks, that were earlier specified in Table 10. Therefore, this 

control system is calculating how much the extraction reaction (1) is progressing in the 

simulation in each stage. 
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6  Results and discussion 

In this chapter, it is discussed which kind of results were gathered from neural networks, and 

also the quality of them are reviewed. In addition, NN prediction results are presented and 

discussed in this chapter. Ultimately, this neural network modelling is combined with HSC 

Sim and the results are discussed. 

6.1  Neural networks in HSC 

Neural networks are applied inside HSC as a module, that can be used as a prediction and 

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 extraction and scrubbing stages were tested. 

The network parameters were shown in Table 12, and the learning process took over 40 

minutes with relatively small neural network. The parity plot results are presented in Figures 

21 and 22. 

 

Figure 21. Dataset 1 parity plots, extraction cells  
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Figure 22. Dataset 1 parity plots, extraction and scrubbing cells 

 

Even though the parity plots were good as seen in Figures 21 and 22, the learning process 

with HSC Neural network module was rather slow. Therefore, neural networks in HSCôs 

own module were neither studied nor utilized for further use. These large network structures 

would require a lot of computing power, if they were then imported later to the HSC 

simulation. It was figured out that Python would be more efficient and faster in these large 

networks, since it would be logical that a programming language could run the networks 

faster.  

6.2  Neural networks in PyTorch 

During the learning processes, it was noticed that multithreading enhanced the networks and 

the accuracy. While nodes were added to the layers, and also amount of layers were 

increased, it was learned that neural networks become more accurate and better. However, 

the training time was increased a lot, but this was sorted out by running the scripts in Azure 

Machine Learning Studio. By using cloud virtual machines, it was possible to run Python 

much faster, and the duration of NN training was around 30 minutes in average. Too large 

or complicated structure can extend the training time, which can be a big bottleneck in a 

modelling process. Therefore, cloud computing is a simple way to reduce this challenge. 



46 

 

Table 13 presents the cloud computer specifications that were used in NN training. The 

dataset was split into two sets during the training: test and training sets. Training set was 

used to train the model, and test set was 25 % of the whole dataset, which was used to test 

the model. 

 

Table 13. Specifications in the cloud computer  

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  Concentration network and data regression 

With the configurations presented earlier in Table 12, it was possible to create the neural 

network for concentration predictions with 10 sets of pilot data. The learning curves and 

parity plots are depicted in Figures 23 and 24, and R2 values are presented in Table 14. 

 

Figure 23. Learning curves in concentration network 
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Figure 24. Parity plots in concentration network 

 

As it can be seen from Figures above, there were no problems in learning process since the 

mean square error is low and learning curve was smooth, and parity plots indicate very good 

performance for the network. 

Table 14. R2 values from concentration neural networks 

 Ca Mn Co Ni 

Train 0.9999 1.000 0.9994 0.9998 

Test 0.9992 0.9991 0.9943 0.9961 

 

The results from Python were exported as .onnx files, which could be accessed in Excel with 

an HSC add-on. In Excel, it was possible to compare the results with actual concentrations, 

and the comparisons can be seen in Figures 25-28. The concentration values are normalized, 

and units are hidden.  
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Figure 25. Comparison of network and experimental aqueous concentrations, calcium 

 

Figure 26. Comparison of network and experimental aqueous concentrations, manganese 
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Figure 27. Comparison of network and experimental aqueous concentrations, cobalt 

 

Figure 28. Comparison of network and experimental aqueous concentrations, nickel 

 

While observing Figures 25-28, it can be noticed that neural networks give impeccably 

accurate results in output concentrations. In addition, the errors between network and actual 

results were calculated to be very small. These values can be seen later in Table 16. 

6.2.2  Conversion network and data regression 

With the configurations presented earlier in Table 12, it was possible to create the neural 

network also for conversion predictions with 10 sets of pilot data. The same configuration 
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was used for concentration network. The learning curves and parity plots are depicted in 

Figures 29 and 30. 

 

 

Figure 29. Learning curves in conversion network 
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Figure 30. Parity plots in conversion network 

 

It can be seen from Figure 29, that the learning process was more difficult than in predicting 

concentrations. The spikes in learning curves are not systematic, since they do not appear 

every time the Python script is run. However, the mean square error is relatively low and 

parity plots are good in Figure 30. The R2 values are presented in Table 15. 

Table 15. R2 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 Figures 30 and 31 and the R2 values, it can be said that this network can be 

used in predicting reaction conversions. These accuracies in parity plots with both networks 

are similar than in Bhattaôs & Mishraôs (2023) and Haghihiôs et al. (2014) neural network 

studies, even though they had different structure in the data. Bhatta & Mishra (2023), 

however, used only 1000 iteration steps with sigmoid activation function, whereas in this 

study, 5000 iteration steps were used with ReLU function. However, this shows the 
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importance of well-selected inputs to the network, and their correlation to the output values, 

which was also understood in Haghihiôs et al. (2014) study. 

With the .onnx files, it was possible to see the NN results in Excel. With this conversion 

approach, aqueous concentrations were calculated with conversions and organic 

concentrations. After aqueous concentrations were calculated, they could be compared with 

actual concentrations as Figures 31-34 are illustrated below. The concentration values are 

normalized, and units are hidden. 

 

Figure 31. Comparison of network and experimental aqueous concentrations from 

conversion network, calcium 
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