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Abstract: In recent years, the increasing demand and rising prices of rare earth elements (REEs),
along with their attendant supply risk (about 95% of these elements are supplied by China), have led
the European Commission to consider REEs as critical raw materials. Developing and optimizing
processes for recovering REEs from secondary sources such as NdFeB magnets is fundamental in this
context. A novel method to recover REEs by leaching with citric acid and subsequently separating
these elements using the solvent extraction method has been introduced. Therefore, this research
investigates the leaching efficiency of REEs, Fe, and B from NdFeB magnets. A full factorial design,
with 18 experimental setups, was conducted to optimize the citric acid concentration (1-3 mol/L),
leaching time (1-3 h), and solid-liquid ratio (5-10%wt./vol.). All tests were carried out at room
temperature and 150 rpm. Different optimizations (response surface methodology (RSM) and artificial
neural network (ANN) analysis) are used to maximize the REEs’ leaching efficiency. RSM resulted in
a maximum extraction yield of total rare earth elements (TREEs) of about 89% in the investigated
experimental plan. This result is similar to that for ANN analysis (about 86%), but more accurate
than that for RSM. In fact, for the ANN, an overall R-value higher than 0.99 was obtained. This result
indicates that the developed ANN can be used as an accurate model for estimating the leaching
efficiencies of REEs from NdFeB magnets.

Keywords: permanent magnets; rare earths; hydrometallurgy; leaching; citric acid; full factorial
design; response surface methodology; artificial neural network

1. Introduction

In recent years, there has been an increasing demand for rare earth elements (REEs)
due to their widespread use in advanced industries such as automotive manufacturing,
renewable energy technology, computer and electronic products, and refineries [1-3]. The
special physical and chemical properties of REEs make them a good choice for producing
permanent magnet alloys. NdFeB magnets are considered to be the most powerful mag-
nets [4]. These magnets are used in hard disk drives (HDDs), hybrid vehicles, wind turbine
generators, smartphones, and other electrical and mechanical devices [1,5,6]. Due to the
increase in demand and rising price of REEs, as well as the attendant risks of supplying
them (~65% of these elements are supplied by China [3]), the REEs have been included in
the list of critical elements compiled by the European Commission [4,7]. Although REEs
can be found in some ores, their low concentration (0.2% to 1.4%) makes their extraction
processing difficult and expensive. The critical situation regarding the supply of REEs and
the problems of replacing them with other elements have focused much attention on the
potential value of permanent magnet waste as a secondary source of REEs. It should be
noted that the permanent magnets contain about 30% REEs [5,8].
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Permanent magnet waste usually includes end-of-life products and industrial scraps
generated during the NdFeB magnet manufacturing processes [9]. End-of-life magnets
can be refurbished or used in the casting process to reproduce the original alloy. However,
these methods have disadvantages such as low efficiency and purity, uncontrolled alloy
composition, and loss of a large amount of REEs due to the formation of melting slag [10].
Consequently, finding an alternative method to recover REEs from secondary sources,
while maintaining high purity, is essential. The focus and attention of researchers in recent
years on finding an efficient method for recovering REEs from permanent magnets confirms
this issue [11-15].

Hydrometallurgical processes can recover metals with desirable concentrations from
complex and low-purity wastes [16]. Hydrometallurgical methods are more straightfor-
ward than pyrometallurgical methods, boast lower operating costs, require lower energy
consumption, and do not emit toxic gases. Although hydrometallurgical methods are
efficient, they often involve toxic and hazardous chemicals (such as strong inorganic acids,
cyanides, highly corrosive compounds for the skin, and organic solvents). Thus, significant
efforts have been made to replace these chemicals with environmentally friendly reagents
and reduce the waste produced by these processes. It should be noted that the type of acid
is considered as the most critical factor in the efficiency of the acid-leaching process [17].
Although mineral acids are efficient in leaching REE elements, using these components
causes several problems in regards to environmental pollution. Therefore, replacing organic
acids with inorganic acids in the leaching process is one of the measures taken to reduce the
environmental impact [18]. Aerobic and anaerobic degradability, availability, lower toxic
gas emissions, low cost, and ease of transportation make organic acids suitable alternatives
to mineral acids [7,19]. The application of organic acids such as citric acid, oxalic acid,
acetic acid, and tartaric acid as leaching agents to leach REEs has been studied [18,20]. It
was reported that organic acids dissolve REEs at a milder pH [5,21], and bio-degradation
methods can neutralize the unreacted free acid. Favorable complexability and good regen-
eration are additional advantages of organic acids [22]. The mechanism of organic acids as
leaching agents can be due to the reduction of the pH, the transfer of H* to the aqueous
phase, or the creation of a complex with the metals [22,23]. Thus, in recent decades, several
attempts have been made to use organic acids as leaching agents to dissolve REEs.

In 2016, Behara and Parhi used 0.4 M acetic acid to dissolve Nd from scrap magnets.
They reported that ~100% of Nd was dissolved by acetic acid at the optimal parameter
conditions, with a stirring rate of 800 rpm, a pulp density of 1%, and a particle size of
106-150 pm [24]. Also, Gregorik et al. [18] found that citric acid (1 M) dissolved all REE
elements after 24 h, while a dissolving efficiency of 95% was achieved by adding acetic
acid (1 M). Moreover, it was reported that the mentioned acid could not selectively leach
REEs, while as impurities, Fe and Co were also completely leached. Reisdorfer et al. [7]
reported that roasting HDD magnets, as the pretreatment step (at 900 °C for 8 h), increased
the leaching selectivity of REEs via Fe, with a selectivity enhancement of 86% and 98%
using malic and citric acids, respectively. Belfqueh et al. [5] studied the effects of organic
acid type (acetic acid, formic acid, citric acid, and tartaric acid), acid concentration (in the
range of 10% v/v to saturation concentration), and S/L ratio (in the range of 0.5-10%) on
the REEs dissolving efficiency using statistically designed experiments. It was concluded
that acetic acid was the most efficient leaching reagent for recovering all the REEs presented
in the HDD. It was also reported that by using a 24 h leaching test, 90% of the dissolution
efficiency of REEs can be obtained using 1.6-10.0 M acetic acid, a 0.5-5% S/L ratio, and a
temperature of 60 °C.

Birloaga and Veglio [25] introduced a novel method to recover end-of-life permanent
magnets using the hydrometallurgical method. In this method, the spent NdFeB magnets
are dissolved using citric acid, while the achieved PLS is subjected to the SX stage to recover
the REEs. Romano et al. [26] investigated the effect of citric acid concentration as leaching
agents on the equilibrium time and dissolving kinetics of NdFeB swarf metals. In this
research, the shrinking core model was applied to achieve the results, and it was concluded
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that this leaching process was under product layer diffusion control. Also, the optimal
concentration of citric acid was determined to be in the range of 0.9 to 1.45 M, with a
theoretical value of approximately ~1.2 M.

As the hydrometallurgical recycling of NdFeB magnets has not been carried out
industrially, the NEW-RE and INSPIREE projects have been introduced to recover these
metals from end-of-life NdFeB magnets using hydrometallurgical methods on a pilot and
industrial scale, respectively. For this goal, the effect of chemical and operational parameters
of each stage on the process efficiency needs to be comprehensively investigated. Therefore,
the main and interaction effects of some chemical and operational parameters, such as
citric acid concentration, leaching time, and solid content, on the dissolution efficiency
of NdFeB swarf metals were investigated using lab scale experiments designed by a full
factorial plan and analyzed using the response surface methodology (RSM) and an artificial
neural network (ANN). Such investigations have not been found in other articles in the
literature. The comparison between the RSM and ANNSs represents another innovation of
the presented work. Some papers present a comparison of the two methods only in terms
of fitting but never with respect to the prediction of an optimal point. Since the leaching
stage is the first step in the recovery of REEs from end-of-life NdFeB magnets, the results
of this research can be used for the efficient dissolution of valuable metals, as well as the
optimization of the subsequent stages of this process, i.e., solvent extraction and stripping,
at the pilot and industrial scales.

2. Materials and Methods
2.1. Sample Characterization

The analyzed sample was obtained by demagnetizing and grounding waste material
from the hydrogen decrepitation of permanent magnets. The photographic image is shown
in Figure 1la. The sample appears as a black powder. The granulometric analysis of the
samples is shown in Figure 1b. Based on the plot, the dgy of the sample was about 180 um.

Figure 1. Photographic image (a) and particle size distribution (b) of the sample.

To determine the chemical composition of the metal fraction, the sample was treated
with aqua regia (HCl to HNOj3 of 3:1). The metal concentration in the resulting liquid
solution after chemical treatment was measured by ICP-OES. The chemical composition of
the solid sample was calculated based on the resulting concentrations. This procedure was
performed three times in order to define the confidence interval (£30). Table 1 reports the
resulting composition.
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Table 1. Chemical composition of permanent magnet powder obtained via ICP-OES.

Element Fe Pr Tb Dy Nd B Other *

Composition (%owt.) 56.80 4+ 1.28 421 +0.14 0.33 £ 0.11 2.92 +0.18 21.17 £ 1.36 0.91 +0.01 13.66 + 1.88
* Plastic and other elements (Ni, Al, Nb, Zr, etc.).

The sample was also analyzed by energy-dispersive X-ray spectroscopy. Figure 2 shows
the results of the XRD analysis of the used NdFeB magnet sample. Plastic and ceramic
fractions in the material resulted in an XRD spectrum with significant background noise.
Before the leaching process, the material contains mainly Ni3;TB, BFe14NdPr, and DyNis.

Figure 2. XRD pattern of end-of-life NdFeB sample.

2.2. Procedure

For each test, pre-determined amounts of the solid sample and citric acid were added
to the flasks filled with 50 mL of distilled water at ambient temperature. The leaching
solution was prepared in 100 mL conical flasks by first adding water, then the amount of
citric acid monohydrate, and finally, the solid. Except for the three factors studied, all other
parameters are kept constant at the optimal conditions suggested in a previous work [26].
In particular, the leaching temperature was maintained at 25 £ 2 °C, and the rotation
speed at 150 rpm. The amount of solid used for the tests varied in the range of 1.65-5.85 g,
depending on the level indicated in the factorial plan.

Once the expected reaction time had passed, each solution was vacuum-filtered using
Whatman filter paper (hole size: 20 pm), and the residual solid was washed with 30% of
the initial leach solution volume to remove the solution remaining in the material’s pores.
The main reactions that take place during the involved leaching system are as follows:

2Nd +2 Ce¢HgOy — 2 C6H5Nd07 +3 H, (1)

2 Dy + 2 C¢HgO; — 2 C¢HsDyO; + 3 H, (

2 Pr + 2 C4HgO; — 2 C¢HsPrO; + 3 Hy (
2 Tb + 2 CgHgO7 — 2 C¢HsTbO; + 3 Hy (4)
2B +2 CgHgO; — 2 C¢HsBOy + 3 Hy (

Fe + C¢HgO; — CgHsFeO; + Hy (
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An inductively coupled plasma optical emission spectroscopy (ICP-EOS) analysis was
then conducted to analyze the resulting leach liquors (LL) and the washing waters (WW) in
order to determine the REEs, Fe, and B content of each. Thus, it was possible to determine
the extraction yield of the leaching process for each element using Equation (7).

(chl Vit v
(CISVIe'mS)

Merec% = )

where C ]LVILE is the metal concentration in the leach liquor, VLL is the leach liquor volume,
ClYW is the metal concentration in the washing water, VYW is washing water volume, C§,,
is the metal concentration in the solid sample, and 5 is the mass of the used sample.

2.3. Design of Experiments and RSM

Several experiments were carried out to investigate the efficiency of citric acid in
the leaching process. According to operational parameters, the leaching mechanism was
investigated by applying an analysis of variance (ANOVA) to the results. For this goal, a
full factorial plan, with two levels and three independent variables, was designed (23). The
investigated factors and levels are reported in Table 2.

Table 2. Factorial plan factors and levels.

Factors
Level o A X - X
A—Citric Acid Concentration B—Reaction Time C—S/L Ratio
Low (—1) 1M 1h 5.0%
Medium (0) 2M 2h 7.5%
High (1) 3M 3h 10.0%

In total, 12 runs were performed: 8 tests of a factorial plan 23 and 4 replications at the
central point to estimate the experimental error.

Thanks to this prescribed test plan, it was possible to apply the response surface model
to the results obtained to generate the best system model to describe the recovery yield
of each metal as a function of the three independent variables chosen. To use the RSM,
the relationship between the extraction yield y and each of the factors (A, B, C) must be
considered. The RSM is often based on first or second-order polynomial functions.

One of the main features of this method is the ability to designate experiments sequen-
tially. An initial screening of the investigated space can verify the role of each considered
factor, making it possible to individuate the most influential components. Reducing the
number of factors allows for the reduction of the number of runs required [27].

Then, applying the first model determines whether the current experiment yields
results which are far away or close to the ideal response. This step allows for subsequent
experimentation to be conducted. This procedure is repeated until a final full factorial
plan, centered in the global optimum point, can be designed. This plan will be designed to
generate the model that most accurately represents the process response in a small space,
with solid predictive capabilities. Usually, a low-degree polynomial, such as a first (8) or
second order (9) term, is used as the initial model:

k
y=Ppo+ ) Bi X (8)
i=1
k k
y=pBo+ Y Bi Xi+ ) Bi Xi¥+).) Bij XiX; ©)
= i= i>f

These polynomial functions are often good approximations of small regions of space.
In the case of II-OP, the number of coefficients is increased, and the number of initial



Metals 2024, 14, 932

6 of 20

runs must be increased to estimate them. As more information is required, the so-called
star points (six tests) were added. The full factorial plan, completed with star points, is
summarized in Figure 3.

Figure 3. Design of experiments using 23 with CCD factorial plan and six-star points (S1, S2, S3, 54,
S5, and S6). A is citric acid concentration, B is the reaction time, and C is the S/L ratio.

2.4. Artificial Neural Network

An artificial neural network (ANN) is a machine learning technique that is increasingly
used in many fields. In metallurgy, works are currently being published in which ANNs
are employed to identify complex relationships between input and output data through a
series of nonlinear functions [28,29]. This technique allows the ANN to recognize patterns
between input and output, regardless of the complexity of the dependency relationships.
Notable advantages of the ANN are its ability to tolerate noise in the data and the fact that
there is no need for the preliminary identification of a mathematical model.

ANNSs have been used in several hydrometallurgical studies to optimize leaching
processes and maximize extraction yields of precious and base metals [28-30].

Essentially, the ANN is a computational model that simulates the learning mechanism
of the human brain. It is made up of nodes or neurons, which function as processors
operating in parallel. These neurons are organized into an input layer, one or more hidden
layers, and an output layer. Neurons are interconnected by links that carry specific weights.

This work used the feed-forward ANN, employing a back-propagation algorithm
to model the relationship between the explanatory variables and the total REEs (TREE)
leaching efficiency using MATLAB R2023b. The back-propagation algorithm reduces
the error between output and input data by altering the weighted connections between
neurons [28,31]. The architecture of the 3-26-12-7 neural network used in this work, which
was chosen for its ability to handle the complexity of the data and the relationships between
the variables, is shown in Figure 4.

Figure 4. ANN structure for the optimization of the leaching efficiencies REEs in the 3-26-12-7 format.
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3. Results
3.1. Leaching Results

This work studied the effect of citric acid concentration, leaching time, and solid—
liquid ratio on the recovery yields of REEs, Fe, and B. In total, 18 leaching experiments
were performed. The total experimental design and the obtained leaching efficiencies are
presented in Table 3. It should be noted that REEs can be classified into light (Nd and
Pr) and heavy (Dy, Y, Tb) categories, each with distinct chemical and physical properties.
The differences can explain the varying behaviors of the studied REEs in regards to their
leaching efficiency.

Table 3. Results of the factorial plan (Temperature: 25 °C; stirring rate: 150 rpm).

A—Citric Acid  B-Time C—S/L Ratio Recovery Yield (%)

Run (mol/L) (h) (%wt./vol) Nd Pr Dy Tb Fe B TREE
1 1 1 5% 21.6% 48.7% 17.9% 24.8% 26.3% 25.8% 25.3%
a 3 1 5% 18.3% 37.8% 15.4% 16.5% 18.0% 16.3% 20.9%
b 1 3 5% 46.6% 78.1% 40.8% 56.2% 62.2% 55.5% 50.8%
ab 3 3 5% 60.8% 89.1% 56.7% 70.9% 80.2% 63.9% 64.6%
C 1 1 10% 17.8% 36.0% 14.6% 16.2% 21.2% 18.9% 20.1%
ac 3 1 10% 28.2% 47.8% 23.5% 25.4% 33.3% 28.7% 30.6%

bc 1 3 10% 28.3% 45.6% 23.8% 27.1% 18.9% 16.9% 30.3%

abc 3 3 10% 55.4% 72.6% 51.4% 50.9% 26.8% 26.7% 57.5%
0 2 2 7.5% 40.2% 67.9% 35.3% 45.3% 51.5% 45.8% 43.9%
0 2 2 7.5% 39.9% 65.6% 35.2% 44.5% 52.3% 46.0% 43.2%
0 2 2 7.5% 34.6% 64.3% 30.6% 42.1% 49.1% 43.9% 38.6%
0 2 2 7.5% 46.9% 67.8% 39.3% 45.2% 55.1% 48.5% 49.1%
S1 2 2 11.7% 48.3% 46.2% 40.5% 35.6% 47.7% 43.6% 47.0%
S2 2 2 3.3% 77.3% 62.9% 70.9% 61.2% 78.2% 71.4% 74.3%
S3 3.7 2 7.5% 46.0% 42.7% 39.8% 31.7% 441% 40.6% 44.7%
S4 0.3 2 7.5% 18.4% 18.7% 15.1% 10.6% 14.5% 14.4% 18.1%
S5 2 3.7 7.5% 78.1% 66.1% 68.3% 65.1% 89.9% 74.5% 75.2%
S6 2 0.3 7.5% 15.5% 19.2% 11.8% 7.3% 7.3% 8.4% 15.6%

The data demonstrate the crucial role of citric acid concentration, reaction time, and
S/L ratio in influencing the element recovery yield. The recovery yields obtained vary in a
very wide range (7.3-89.9%), underscoring the significance of our research. The best run in
terms of TREE yield was the S5 run, with a recovery rate of about 75.2%.

For example, at a concentration of 1 mol/L of citric acid, a time of 1 h, and a solid-
liquid ratio of 5% wt./vol., the recovery yields vary from 17.9% to 48.7% for the elements
considered, with a total recovery of rare earths (TREE) of 25.3%. Increasing the time to 3 h,
with the same citric acid concentration and solid-liquid ratio, significantly improved the
yields, with a TREE recovery value reaching 50.8%.

When both citric acid concentration and time were increased (3 mol/L and 3 h, respec-
tively), the recovery yields further increased, with a TREE value of 64.6%. This promising
result suggests that there is still room for improvement, with a higher citric acid concentra-
tion and a longer reaction time being key factors for enhancing element recovery.

Experiments using extreme solid-liquid ratios, such as S1 (11.7%wt./vol.) and S2
(3.3%wt./vol.), show that TREE recovery can vary significantly. S1, with a time of 2 h
and a concentration of 2 mol/L, achieved a TREE recovery of 47.0%; S2, with the same
reaction time and citric acid concentration, achieved a TREE recovery yield of 74.3%.
This comparison indicates that optimizing the solid-liquid ratio is essential to maximize
recovery efficiency.

The solid residue from one of the four central point tests was analyzed using XRD and
SEM-EDS. The results of these two analyses are reported in Figures 5 and 6.
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Figure 5. SEM before (a) and after (b) leaching; XRD of leaching residue (c).

Figure 5a (SEM analysis of feed of leaching) and Figure 5b (SEM analysis of leaching
residue) show that the size of the solid particles is reduced significantly during the leaching
stage. A reduction in particle size indicates that some components have been dissolved and
removed, resulting in smaller particles and increased porous portions. The residual particle
comprised undissolved REEs, Fe, B, and Ni. The reduction in particle size could also be
due to an alteration of the material structure, facilitating the fracture or disintegration of
the particles into smaller units. This phenomenon may occur due to the high local hydro-
gen concentration that develops from the leaching reactions, which can cause hydrogen
embrittlement [32] and hydrogen decrepitation [33].

The residual material from the leaching process contained compounds similar to the
feed (Figure 2), except for NdgFessB4H;3 24, which includes a relatively high percentage of
hydrogen. This result confirms the possibility of hydrogen embrittlement phenomena.

Figure 6a,b shows the results of elemental mapping conducted on both the material
before leaching and on the residual solid. There are no significant differences between
the two samples; however, it was possible to identify some contaminants. Traces of Al
and Cl were found in the feed, and traces of Zr and Nb were observed in the leaching
residue solids. The latter could be present due to the fact that some production processes for
NdFeB magnets use Nb to improve the properties of the future alloy [34]. The differences
between the elements found in the residual solid and not in the feed are mainly due to
their low concentration in the initial sample, as well as a very slow dissolution kinetics or
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a completely inert behavior. The reduction of the average particle diameter allowed for
better identification after leaching.

Figure 6. SEM-EDS before leaching (a) and after leaching (b).

Once the recovery yvield of REEs, Fe, and B was determined, an analysis of variance
(ANOVA) was carried out to evaluate which variations recorded in the responses were
significant and which were variations caused by experimental error. The significance of
the effects was assessed using the F-test method at a 95% confidence level. The effects of
all factors and interactions are shown in Figure 7. This figure represents the value of the
effects, which reaches the 95% significance level for all elements. This means that every
effect in the figure is significant, according to the F-test utilized [35].

The leaching time was the most significant critical factor in the recovery of all elements,
with an average significance of 98%. Time positively affects leaching yields; an increment
from 1 to 3 h increased the recovery efficiency by about 20-30% for the analyzed elements.

The element most influenced by the increase in reaction time is Tb, with an increase in
the recovery yield of about +30% when increasing the reaction time from 1 h to 3 h. On the
contrary, the element least influenced by time was B, with an increase in yield of about 20%
in the time interval considered. From a physical point of view, the high significance of time
for all elements and the very similar effects between them suggests that the dissolution
kinetics are very similar, with significant effects in the first three hours of reaction. This
result is also confirmed by the results of a previous study on the influence of citric acid on
the extraction kinetics of REEs, Fe, and B [26].
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Figure 7. Main factors and their interaction effects on recovery yields.

As for the effect due to the variation of citric acid, the only two elements for which
there was a significance higher than 95% were Dy and Nd. For both, the increase of citric
acid from 1 mol/L to 3 mol/L increased the recovery yield by about 12%. These elements
form stable complexes with chelating agents such as citric acid for Nd and Dy. This aspect
may explain the effectiveness of citric acid in improving their recovery yield. This chelation
tendency may be less pronounced in other REEs and elements such as Fe and B.

The solid-liquid ratio is another important factor for process optimization, as it sig-
nificantly affects all elements, except for Dy and Nd. As expected, an increase in this
factor leads to a decrease in recovery yields of about 10-20%. The low significance of the
solid-liquid ratio on the recovery yield of Nd and Dy can be attributed to their tendency
to form very stable complexes with citric acid, which, however, does not depend on the
total amount of citric acid present in the solution but simply on its concentration. These
combined factors explain why, unlike other elements, Nd and Dy do not show significance
regarding the solid-liquid ratio in the recovery process.

The only significant interaction is that between time and solid-liquid ratio. This
interaction affects the yields, with a 10-30% decrease for all elements except Nd and
Dy. This result suggests that the solid-liquid ratio significantly affects the kinetics of the
recovery yield. At a lower solid-liquid ratio (5%), the dissolution kinetics are faster, leading
to a faster increase in recovery yield compared to that from a higher S/L ratio (10%).
This phenomenon is due to better diffusion, less interference from reaction products, and
gradual solvent saturation. For Nd and Dy, the kinetics are not significantly affected by this
interaction. The effects of the second-order interactions on the recovery yields are shown in
the two-way diagrams reported in Figure 8.
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Figure 8. Effects of second-order interaction on the recovery yields.

3.2. Leaching Efficiency Models Using RSM

The recovery yields for all elements considered were described using second-order
polynomial response surfaces. The significance of the explanatory variable for consideration
in the model was validated using p values [36]. Table 4 summarizes all the main statistical

results for the regressions.

Table 4. Summary of the regression statistic results for all elements.

Source SS df MS F-Value p-Value R? Adj. R?
Model 4480.32 3 1493.44 10.99 0.0006 0.702 0.638
A—Citric
Nd Acid 658.3 1 658.3 4.84 0.045
B—Time 3243.93 1 3243.93 23.87 0.0002
A2 578.09 1 578.09 425 0.0582
Model 4134.52 3 1378.17 8.61 0.0017 0.648 0.573
A—Citric
Pr Acid 460.03 1 460.03 2.87 0.1122
B—Time 2755.15 1 2755.15 17.2 0.001
A? 919.33 1 919.33 5.74 0.0311
Model 4577.4 5 915.48 11.33 0.0003 0.825 0.752
A—Citric 612.24 1 612.24 7.58 0.0175
Acid
B—Time 2822.18 1 2822.18 34.92 <0.0001
Dy C—S/L
. 344.85 1 344.85 427 0.0611
ratio
A2 322.81 1 322.81 3.9 0.0688
2 337.13 1 337.13 417 0.0637
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Source SS df MS F-Value p-Value R? Adj. R?
Model 6095.32 9 677.26 116.41 <0.0001 0.992 0.984
A—Citric 410.63 1 410.63 70.58 <0.0001
Acid
B—Time 3524.95 1 3524.95 605.9 <0.0001
C_.S/L 617.8 1 617.8 106.19 <0.0001
ratio
Tb AB 176.72 1 176.72 30.38 0.0006
AC 88.44 1 88.44 15.2 0.0046
BC 305.05 1 305.05 52.43 <0.0001
A2 788.43 1 788.43 135.52 <0.0001
B2 83.81 1 83.81 14.41 0.0053
C? 38.27 1 38.27 6.58 0.0334
Model 8462.6 5 1692.52 13.57 0.0001 0.850 0.787
A—Citric 462.57 1 462.57 3.71 0.0782
Acid
B—Time 3813.66 1 3813.66 30.57 0.0001
Fe C—S/L
. 1390.32 1 1390.32 11.14 0.0059
ratio
BC 1428.45 1 1428.45 11.45 0.0054
A2 1367.6 1 1367.6 10.96 0.0062
Model 5579.06 5 1115.81 10.89 0.0004 0.820 0.744
A—Citric 286.61 1 286.61 2.8 0.1202
Acid
B—Time 2491.63 1 2491.63 24.33 0.0003
B C—S/L
. 1003.28 1 1003.28 9.8 0.0087
ratio
BC 826.21 1 826.21 8.07 0.0149
A? 971.34 1 971.34 9.48 0.0095
TREE Model 4699.06 4 1174.77 17.75 0.0001 0.809 0.750
A—Citric 617.55 1 617.55 7.23 0.0186
Acid
B—Time 3123.46 1 3123.46 36.55 <0.0001
C_.S/L 348.75 1 348.75 4.08 0.0645
ratio
A2 609.30 1 609.30 7.13 0.0193
For all the elements, the regression statistics show an R? of 0.649-0.992, an adjusted
R? of 0.573-0.984, and an overall p-value < 0.001. Based on these values, the second-order
polynomial models for the leaching efficiencies of REEs, Fe, and B are:
Niyec(%) = —25.69 + 32,98 Cc, 1,0, + 1541 £ — 6.51 Ce1y0,° (10)
Prrec(%) = —12.34 + 38.64 Cc,py0, + 14.20 t — 8.21 Cc, 0, (11)
. s . ) s .2
Dy,,.(%) = 33.58 +26.45 C¢,y,0, +14.38 t — 14.13 thzo —4.94 Ccypg0,” +0.81 Zratzo (12)
S s 2
Threc(%) = —3.23+17.69 Ccpy0, + 3549 t — 458 Ce,hy0, -t — 247 Ceypiyo, - 7 Tatio — 7.89 Ce,Hs0,> — 2.57 2 +0.29 Tratio (13)
S . S .
Feyec(%) = —84.28 +45.88 Cc, 0, +56.79 t + 6.65  ratio —5.35 t - Zratio —10.01 Cg, Hy0, (14)
s . S .
Brec(%) = —60.47 + 3834 Ce, 11,0, +43.99 £ +4.70 Fratio —4.07 t - T ratio — 8.4 Cc, 1,0, (15)

TREEyec(%) = —8.54 + 33.46 Cc, g0, + 15.12 £ —2.02 %ratio — 668 Cemz0,2  (16)
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The regression models confirmed the results of ANOVA. Nd and Dy exhibit similar
behavior, with citric acid concentration and time as the principal factors. Furthermore, it is
observed that the solid-liquid ratio does not significantly influence the recovery yield.

Tb is the only element for which the overall model of the extraction yield is made up
of all the factors of the model (binary interactions and squared terms). This aspect partially
explains the higher value of R2. For Tb, it was noted that the model does not depend on
the solid-liquid ratio, unlike the results from the ANOVA. Fe and B exhibit a very similar
result, influenced by all the factors and the interaction time/solid-liquid ratio.

The determined equations were used to draw the response surfaces on the plane
constituted by the variable’s citric acid-time relationship; the surfaces are parameters of
the solid-liquid ratio, enabling their representation. Figures 9 and 10 show the contour
plots for all the elements, with a ratio of 5%wt./vol. and 10%wt.vol., respectively.

(Nd) (Pr)

(Dy) (Tb)

(Fe) (B)

Figure 9. Contour plot for the responses of all elements, with solid-liquid ratio equal to 5%wt./vol.
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(Nd)

(Dy)

(Fe)

(Tb)

Figure 10. Contour plot for the responses of all elements, with solid-liquid ratio equal to 10%wt./vol.

As can be seen from the figures, the shapes of the surfaces are very similar if we consider
a solid-liquid ratio of 5%wt./vol. This result is not obtained with a solid-liquid ratio of
10%wt./vol. In this case, we can see how the REEs behave similarly to each other (a slight
difference can be observed for Tb) but very differently compared to Fe and B. The latter have
surfaces of the same shape. The slight difference for Tb is due to the presence of significative
additional terms in the surface equation compared to the composition of the other REEs (these
terms describe a higher curvature of the contour lines than those of other REEs.).

A response surface, a visual representation of the relationship between multiple
variables and a response, was also created to describe the TREE recovery yield. This
surface, which is very similar to that of Nd, Pr, and Dy, given their percentage in the
starting solid matrix compared to that of Tb, is a crucial tool in our optimization process. It
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serves as the objective function we want to maximize in order to extract the highest quantity
of rare earths. In hydrometallurgy, there are different approaches for process optimization
in the case of the simultaneous recovery of different elements. Various approaches are
present due to the different behavior of metals in the same extraction environment, which
could lead to different optimal working points, based on the metal considered.

Among the most used methods, we identify two main approaches for process opti-
mization. The first approach tends to maximize the total recovery of raw materials from
the solid matrix, making it a better performing process from a recycling point of view. The
second approach involves maximizing the function of the revenues due to the net recovery
of raw materials in regards to the consumption costs, rendering it a more feasible process
from an economic point of view.

This study used the first approach as a starting point for future studies within the
INSPIREE project. Figure 11 shows the response surface for the TREE recovery yield, with
the determination of the respective optimal working point.

Figure 11. Response surface for TREE recovery yield, with 3.3%wt./vol. (solid-liquid ratio).

The point that maximizes the recovery yield of TREE in the experimental space
investigated is characterized by a citric acid concentration of 2.5 mol/L, a time of 3.7 h, and
a solid-liquid ratio of 3.3%wt./vol. These operating conditions allow for a good recovery
yield of about 89.23%.

It is important to note that, in addition to REEs, Fe and B are also dissolved during the
leaching stage, necessitating further purification steps. Rahmati et al. [37] demonstrated
that solvent extraction using di(2-ethylhexyl)phosphoric acid (D2EHPA) can selectively
separate REEs from the citrate leach solution. Moreover, during the precipitation stripping
stage, REEs are recovered as oxalates, yielding a final product with an iron concentration of
0.1% and a negligible boron concentration.

Figure 12 shows the scatter plot for all analyzed response surfaces. This plot allows
for the comparison of the experimental and predicted values for all analyzed elements. The
results show that the identified surfaces can successfully predict the experimental values.
However, the data show a slight dispersion around the ideal line (diagonal), indicating
that the predicted values do not always perfectly match the experimental values. This
dispersion seems more pronounced for values lower than 0.4, with a more significant
variability in the expected values. For higher values of 0.4, there is a greater tendency for
the points to concentrate near the ideal line.
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Figure 12. Scatter diagram for RSM.

The predictive models used exhibit a certain degree of accuracy but with significant
variations for some elements and ranges of values (variations already anticipated indirectly
in the form of the R? of the surfaces). This result suggests the need to improve the models
by considering additional factors to increase the accuracy of the predictions.

Based on this consideration, it was decided to use an ANN. This method could allow
for greater accuracy in the predictions, as it attempts to establish a link between input and
output, without the rigidity of a classical regression.

3.3. Artificial Neural Networks

Different ANN architectures were analyzed using MATLAB R2023b to identify a
structure suitable for describing the previously reported experimental data. The first study
used the Kolmogorov mapping neural network existence theorem [28]. For a system with
n inputs and m outputs, this theorem suggests using a three-layer neural network with a
single hidden layer of 211 + 1 neurons.

In this sense, a 3-7-7 ANN was trained, with three neurons in the input layer, seven in
the single hidden layer, and seven in the output layer. The data were divided, considering
70% of the data for training, 15% for validation, and 15% for testing. The Levenberg—
Marquardt backpropagation algorithm, which updates the values of weights according to
the Levenberg-Marquardt optimization, was used to train a feed-forward ANN. With this
algorithm, the training continues until convergence or a maximum number of iterations is
reached [38]. With these conditions and with an activation function of the purelin type, a
total correlation coefficient of 0.797 was obtained. The number of epochs was initially set to
300; however, the training process was ended after only five iterations, as the combination of
weights that resulted in the lowest mean square error was found. The correlation coefficient
R was 0.814 for training, 0.758 for validation, and 0.679%or testing.

A study was conducted to optimize the ANN architecture by increasing the number
of hidden layers and the number of neurons, starting from the results obtained. It was
noted that with an architecture of the 3-26-12-7 type, an extremely satisfactory model
was obtained. The activation functions are purelin for the output layer and logsig for the
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hidden layers. Using different activation functions in a neural network allowed us to better
describe the various types of nonlinear relationships in the data.

The results are reported in Figure 13. With this new configuration, the correlation
coefficient R for the training was 0.998. The R values for the testing and the overall model
were 0.996 and 0.998, respectively. The training process was ended for this ANN after
11 iterations of the 300-target value.

Figure 13. Recovery yields predicted by the 3-26-12-7 ANN in the training, testing, and overall model
versus the experimental leaching efficiency results.

Using the optimized ANN, the investigated experimental space was studied to de-
termine the optimal combination of parameters that maximize the TREE (%) output. This
maximization allowed us to identify a maximum yield of about 86.1%. This value cor-
responds to a citric acid concentration of about 2.38 mol/L, a time of about 3.7 h, and a
solid-liquid ratio of 8.8%wt./vol.

Comparing these results with those obtained using the RSM, it can be observed that
both methods predict very similar results. A percentage difference between the RSM and
ANN values of only 3.5% is observed. Also, for the independent variables estimated
for the optimal working point, minimal percentage differences are recorded between the
two methods: 4.8% and 0% for the citric acid concentration and time, respectively. The
only significant difference between the two methods concerns estimating the solid-liquid
ratio for the optimal point. For this parameter, the ANN was able to identify the hidden
correlations between input and output that the RSM was not able to discover. Table 5
summarizes the pros and cons of the two methods used.

Table 5. Pros and cons of RSM and ANN.

Pros Cons

) It is not suitable for

e  Itis easy to implement and complex problems with

Response Surface
Methodology

interpret, especially for

linear or quadratic models.

It requires a relatively
small number of
experiments compared to
other methods.

It provides a good
understanding of the
relationships between the
independent variables and
the response.

complex nonlinear
relationships between
variables.

It often uses low-order
polynomial models, which
may not adequately
represent complex
behaviors.

It is necessary to have an
initial understanding of
the operating region to set
the starting parameters.
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Table 5. Cont.
Pros Cons
e  Itrequires high

e It can model complex computational resources,
nonlinear relationships especially for deep
between variables. neural networks.

e It works well with large e  Itis often considered a

Artificial Neural Network amounts of data and can “black bQX" am.i is

handle many variables. challenging to interpret.

e  Itcanimprove its e  Without proper network
performance with management and
continuous training. regularization, there is a

high risk of overfitting the
training data.

4. Conclusions

This work investigated the effect of different important parameters on the recovery
yields of REEs, Fe, and B from NdFeB magnets in the citric acid leaching process at room
temperature. In particular, the effects of acid concentration, reaction time, and solid-liquid
ratio were analyzed.

The ANOVA results showed that the effect of citric acid concentration is significant
regarding the yield of Nd and Dy only. Considering the other factors, time is the most
important component, followed by the solid-liquid ratio. The only significant interaction is
that of time with the solid-liquid ratio.

Based on the experimental results obtained at the laboratory scale, the second-order
polynomial response surfaces were calculated, which allowed for the estimation of the
extraction yields for each element considered and the calculation of the TREE yield. The
latter was maximized to determine the optimal working point regarding the overall re-
covery of rare earths. The determined optimal point corresponds to a recovery yield of
about 89% (citric acid concentration of 2.5 mol/L, time of 3.7 h, and a solid-liquid ratio of
3.3%wt./vol.) at room temperature.

Using ANN, an attempt was made to increase the accuracy of the predictions. The
optimized architecture was of the 3-26-12-7 type. With this new approach, an optimal TREE
recovery yield of about 86% was determined at a point very close to that found using the
RSM. The accuracy of the ANN is much higher than that of the RSM, with correlation
coefficients >0.99.

These models, determined starting from experimental tests at a laboratory scale, will
be compared with those obtained at a pilot scale (NEW-RE project) and at an industrial
scale (INSPIREE project) to better optimize the scale-up of this phase of the process and to
allow for the full-scale efficient recovery of REEs from NdFeB.
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