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Abstract In this study, copper extraction from low-grade
oxide-sulfide ores was investigated using a leaching method
combined with response surface methodology (RSM) to
optimize operational conditions and assess leaching kinetics.
Given copper’s extensive industrial applications, sustainable
recovery from low-grade ores is critical. Five key parame-
ters-acid concentration, leaching time, particle size, temper-
ature, and solids percentage-were identified as major influ-
ences on copper recovery. The results revealed that leaching
time and solids percentage, along with interactions between
temperature-time and temperature-solids percentage, had the
most significant effects. Optimal conditions for 80% copper
recovery while minimizing iron recovery below 3% included
an acid concentration of 1.21 mol L™, a leaching time of
108 min, a particle size of 438 pm, a temperature of 45 °C,
and a solids percentage of 18.2%. Leaching kinetics were
analyzed using shrinking core models, with the Dickinson
model best describing the process, showing an activation
energy of 32.63 kJ mol~!, indicative of mixed diffusion and
chemical reaction control. The final kinetic model effectively
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predicted the influence of key parameters. These findings
highlight the importance of optimizing process variables
and selecting suitable kinetic models to enhance extraction
efficiency, reduce costs, and improve sustainability in cop-
per recovery.
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Shrinking core model - Copper leaching

1 Introduction

The escalating industrial and market demand for raw
materials has intensified efforts to discover and extract
various metals. Among these, copper stands out as a base
metal with extensive applications, rendering it both stra-
tegic and vital (Schlesinger et al. 2021; Mahmoudi Kouhi
et al. 2024). In nature, copper associates with nearly all
elements of the periodic table, forming a diverse array
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of minerals, including carbonates, silicates, hydroxides,
oxides, chlorides, sulfates, phosphates, and sulfides.
This versatility results in a wide range of copper-bearing
resources within the Earth’s crust. To date, over 150 cop-
per minerals have been identified, yet fewer than 17 hold
significant commercial value (Gupta and Mukherjee 2017,
Davenport et al. 2002).

The main copper resources include sulfide and oxide min-
erals, among which chalcopyrite (CuFeS,), covellite (CuS),
chalcocite (Cu,S), malachite [Cu,(OH),COs], chrysocolla
[(Cu,Al),H,S1,05(0OH), . nH,0], azurite (Cu3(OH),(CO5),),
and bornite (CusFeS,) are among the most important (Gupta
and Mukherjee 2017; Schlesinger et al. 2021). In recent
years, increasing copper demand, driven by economic
growth, has led to a depletion of high-grade sulfide and
oxide deposits. Consequently, secondary sources, including
low-grade ores and flotation tailings, have garnered signifi-
cant attention as a serious alternative for meeting copper
requirements (Habashi 1980; Han et al. 2018; Li et al. 2018).

Until about five decades ago, the principal route for pro-
ducing metallic copper relied on processing sulfide concen-
trates via pyrometallurgical techniques (Davenport et al.
2002; Schlesinger et al. 2021). This approach still accounts
for approximately 80% of global copper production (Free
2013). However, in recent decades, advancements in sol-
vent extraction (SX) and electrowinning (EW), coupled with
improvements in concentrating pregnant leach solutions
(PLS) derived from oxide, low-grade sulfide, and mixed
oxide—sulfide deposits, have enabled alternative copper pro-
duction methods (Mahmoudi Kouhi et al. 2024; Wadsworth
and Sohn 1979; Gupta and Mukherjee 2017).

A key development in the copper industry is the shift
toward hydrometallurgical processes, which facilitate the
use of small and low-grade oxide—sulfide copper deposits
while overcoming limitations of pyrometallurgical routes
such as high capital expenditure, substantial environmen-
tal concerns, and elevated energy demands (Watling 2006;
Schlesinger et al. 2021). The increasing prominence of
hydrometallurgy largely stems from its enhanced environ-
mental compatibility, reduced energy consumption, and the
introduction of more selective extractants, ion-exchange res-
ins, as well as bioleaching techniques employing special-
ized microorganisms (Rawlings and Johnson 2007; Watling
2006). Recent data shows that hydrometallurgical methods
have significantly boosted copper and base metal production.
Forecasts predict continued growth in hydrometallurgical
output, driven by factors like the depletion of high-grade
copper reserves, rising copper prices, and increased demand.
As a result, the focus has shifted towards processing low-
grade ores, with hydrometallurgical and bio-hydrometallur-
gical methods becoming increasingly important (Liu et al.
2016; Li et al. 2013; Katal et al. 2020).
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Leaching, as the initial step in hydrometallurgy (Schles-
inger et al. 2021), plays a pivotal role in extracting metals
from mineral deposits (Davenport et al. 2002) by employing
suitable chemical reagents (Li et al. 2013 that transfer the
metals from the solid phase into the liquid phase (Watling
2006). Owing to its high flexibility and suitability for
low-grade resources or secondary materials (Free 2013),
Leaching is a primary method for metal extraction. The
choice of reagent (acidic or alkaline) and operational con-
ditions directly affect the process’s efficiency and perfor-
mance (Antonijevic et al. 2008).

The primary objective at this stage is to establish condi-
tions that enable the complete dissolution of the target metal,
thus preparing it for subsequent processing steps (Habashi
1980; Schlesinger et al. 2021). In this context, studying the
leaching kinetics is critical for gaining a deeper understand-
ing of both reaction mechanisms and mass transfer pro-
cesses (Levenspiel 1998). Kinetic analyses are indispensable
for examining the reaction rates and determining factors that
influence metal recovery (Free 2013). By evaluating these
rates, researchers and engineers can identify optimal strate-
gies for extracting metals from low-grade materials. These
strategies not only help reduce operational costs and increase
economic efficiency but also contribute to environmental
sustainability by lowering the consumption of resources,
energy, and chemicals, as well as reducing waste produc-
tion and environmental pollution (Davenport et al. 2002).
In metal extraction processes, a thorough study of reac-
tion kinetics from laboratory to industrial scales is of great
importance. By better understanding the reaction mecha-
nisms, parameters such as reaction time, temperature, and
reagent concentration can be optimized, leading to improved
process efficiency and reduced operational costs (Habashi
1980). Furthermore, kinetic models such as the shrinking
core model provide a robust framework for pinpointing spe-
cific dissolution mechanisms, which in turn aids in designing
systems with improved process control and lower environ-
mental impacts (Haghighi et al. 2013; Crundwell 2014).

Many recent studies have examined efficient recovery and
dissolution kinetics of copper from low-grade and second-
ary sources using various reagents. Sulfuric acid leaching
remains one of the most common and cost-effective meth-
ods, given its operational simplicity and low production
expenses (Tanda et al. 2019; Sun et al. 2009). For instance,
Bingol and Canbazoglu (2004) described malachite dissolu-
tion in sulfuric acid as a two-stage process with an activation
energy of 1.3 kJ mol~!, indicating diffusion control. Increas-
ing the temperature from 25 to 80 °C raised copper recovery
from 94% to 98%, requiring acid concentrations above 1.02
mol L~! for complete dissolution.

Chen et al. (2014) reported high recovery of multiple
metals from low-grade copper sulfide tailings, while Bai
et al. (2018) applied the shrinking core model to cuprite
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dissolution, achieving over 92% copper recovery. Tanda
et al. (2019) found product-layer diffusion dominant in
chalcopyrite leaching with alkaline glycine solutions, and
(Ajiboye et al. 2019) demonstrated nearly complete dissolu-
tion of copper and zinc from e-waste. Recent work by Apua
et al. (2013) and Bayati et al. (2018) similarly confirmed that
Optimizing parameters like temperature, time, and acid con-
centration boosts extraction efficiency, with kinetic modeling
identifying rate-controlling mechanisms.

The recovery of copper from oxide—sulfide ores poses
considerable difficulties due to their intricate chemical com-
position and crystalline structure (Davenport et al. 2002).
Such complexity makes dissolution processes highly sen-
sitive to a range of parameters, complicating the identifi-
cation of universal optimal conditions and often elevating
operational costs (Montgomery 2001; Taherdangkoo et al.
2022). Moreover, synergistic effects among variables like
temperature, acid concentration, and agitation speed further
influence the dissolution rate, emphasizing the need for well-
structured experimental designs (Montgomery 2001).

Response Surface Methodology (RSM) has proven to be
a powerful approach for optimizing multifactor processes
such as copper recovery. By applying mathematical mod-
eling to elucidate how different variables interact, RSM can
minimize the number of experimental runs while providing
precise estimates of key process parameters. A central ele-
ment of this methodology is the Central Composite Design
(CCD), which not only organizes experiments efficiently
but also allows for the evaluation of linear, nonlinear, and
interaction effects to pinpoint optimal conditions (Montgom-
ery 2001). These models help identify optimal conditions
where metal recovery is maximized while the consumption

Table 1 XRF analysis of the reference sample

of resources, energy, and chemicals is optimized. By manag-
ing and optimizing parameters such as acid concentration,
reaction time, and particle size, waste production is reduced,
and environmental impacts such as pollution and the gen-
eration of acid solutions are minimized. This optimization
leads to reduced energy and natural resource consumption,
ultimately making the process sustainable and economically
viable (Mohanraj et al. 2022; Javed et al. 2018).

This study aims to investigate, optimize, and analyze the
extraction and recovery of copper from oxide—sulfide ore.
Specifically, the copper dissolution behavior of a sample
ore is examined to provide insight into the mechanisms
governing this process. To optimize copper recovery, RSM
with CCD was employed, enabling the identification of opti-
mal operating conditions. Additionally, process modeling
was conducted using the shrinking core model, offering a
detailed analysis of the kinetics and dissolution mechanisms
of copper, as well as the factors influencing the process.

2 Materials and methods
2.1 Materials

In this study, 200 kg of ore was sourced from the heap leach-
ing operation at the Miduk Copper Mine in Kerman Prov-
ince. After crushing, the material was classified into five
particle-size fractions: 75 pm, 100 pm, 400 pm, 700 pm,
and 1000 pm. Each fraction was thoroughly homogenized
and subdivided using a riffle splitter. Subsequently, 200 g
of the sample (used as a reference) was sent to the labora-
tory for XRF, XRD, and ICP-MS analyses. The main and

Compound SiO, Al Oy BaO CaO Fe,04 K,0 MgO Na,O
Content (%) 51.19 16.15 0.05 0.45 8.07 3.40 1.61 0.45
Compound P,04 SO, TiO, SrO CuO LOI
Content (%) 0.27 9.98 0.93 <0.01 0.21 7.24
Table 2 XRD analysis of the Phase (%) Chemical formula Mineral name (Solid Phase)
copper ore sample

44 SiO, Quartz

5 NaAlSi;Oq Albite

2 KAISi;Oq Potassium Feldspar

8 FeS, Pyrite

6 (Mg,Fe),(Si,Al),0,,(OH), Chlorite

29 KAI,Si;AlO,,(OH), Muscovite—Illite

5 Al,Si,05(OH), Kaolinite

1 CaCO; Calcite

@ Springer



114

Acta Geochim (2026) 45:111-131

Table 3 ICP-MS analysis of the reference copper ore sample

Element Ag Al As Ba Ca Cd Cr Cu Fe K
Content (ppm) 0.5 84,699 442 408 3529 0.2 95 4538 47,839 24,968
Element Mo Mg Na Ni P Pb Ti Zn
Content 3.7 7852 3208 27 1242 129 3394 66

(ppm)

trace element composition (XRF) is listed in Table 1, the
mineralogical composition (XRD) is shown in Table 2, and
concentrations of key elements and heavy metals (ICP-MS)
are provided in Table 3.

Based on XRF and XRD results, the sample contains a
high silica (quartz) content with low calcite. This mineral-
ogical profile is advantageous for acid leaching since silicate
minerals are generally inert, reducing the acid consumption
that would otherwise be higher in the presence of carbonate
minerals. The sample also contains approximately 8% pyrite,
which could influence oxidation reactions under acidic con-
ditions. As summarized in Tables 1 and 3, the ore contains
0.45% copper (Cu) and 0.21% copper oxide (CuO).

To further identify the ore’s mineralogical composi-
tion and determine the association of copper minerals with
the gangue, polished section analysis was performed. This
method allows a microscopic examination of the ore min-
erals and accurate identification of mineral phases. The
results of Fig. 1 show that the main copper minerals include

Fig. 1 Polished sections of the
Miduk copper mine sample:

a Malachite and magnetite,

b Chalcocite and covellite,

¢ Chalcopyrite, covellite, and
pyrite, d Malachite, pyrite, and
gangue
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chalcocite, covellite, and malachite, with minor chalcopy-
rite. The gangue is primarily silica and pyrite, where silica
indicates the dominance of silicate material and pyrite com-
monly coexists with copper sulfide deposits. The high quartz
content in the sample significantly reduces sulfuric acid con-
sumption, which is an important advantage both economi-
cally and environmentally.

2.2 Stirred leaching tests and Kinetics

Stirred leaching tests were conducted in the Hydrogeol-
ogy and Environmental Research Laboratory (MEHR) at
the University of Tehran, utilizing specialized equipment,
including semi-industrial leaching reactors and mechanical
stirrers with adjustable speeds. Initially, the samples were
subdivided using a riffle splitter and subsequently crushed
to obtain five distinct size fractions. Crushing continued
until 80% of the material reached the targeted particle size.

Magnetite
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A predetermined solids percentage was then mixed with
a sulfuric acid solution in a 500 mL volume for each test.
Following leaching, solid—liquid separation was performed
using a vacuum filter, and the filtrate was analyzed for cop-
per concentration with an atomic absorption spectrophotom-
eter (Shimadzu AA-7000). Copper and iron recoveries were
determined using Eq. (1).

(€% V)
%100 1)

ROD=Cxem

where R is the recovery (%), C; is the copper content in the
ore sample (%), m is the mass of the ore sample (g), V is the
volume of the leaching solution ( L), and C; is the copper
concentration in the leaching solution (g L™). To investigate
the dissolution rate and underlying chemical mechanisms,
kinetic experiments were performed under varying operating
conditions and time intervals. These tests were conducted at
specific conditions detailed in Table 4.

2.3 Experimental design

Experimental design, combined with multivariate statistical
methods and modeling, is a powerful approach for analyzing
and optimizing engineering processes (Cao et al. 2020; Xing
et al. 2024). RSM evaluates factor effects and interactions
with minimal experiments in leaching studies. The models
applied in RSM range from a first-order linear model (Eq. 2)
to higher-order polynomial models, such as a second-order
model (Eq. 3), which accounts for curvature effects in non-
linear systems.

For the final experimental design using specialized soft-
ware, five key parameters were selected: acid concentra-
tion, particle size distribution, solids content, temperature,
and leaching time. These parameters were chosen based on
prior studies (Apua and Madiba 2021; Apua et al. 2013;
Mohanraj et al. 2022; Harichandan and Mandre 2021).
Initial single-factor tests indicated that leaching efficiency
was significantly affected by stirring speed, with low
recovery at insufficient agitation and diminishing recov-
ery at excessively high speeds. Consequently, 500 rpm
was determined as the optimal stirring speed, and all sub-
sequent tests were conducted under this condition. The
CCD was employed to evaluate interaction effects among
the selected parameters and optimize leaching conditions.
Table 5 presents the parameter ranges and their levels in
the experimental design.

According to this design, 48 experiments were carried
out. The total number of experiments, N, in a CCD is
determined using Eq. (4):

N=242K+N, “)

where K is the number of factors and N, is the number of
central points. The experiments were performed in random
order.

3 Results and discussion
This study examines the characteristics of copper leaching

from a low-grade oxide—sulfide ore in two main phases,
with copper recovery selected as the primary performance

n
y=Fo+ ) B +e 2)
i=1
Table 5 Factor levels and center values used in stirred leaching
n n experiments (CCD)
y="ph+ Z Bixi + Z ﬁiixi2 + Z Bixix; + € (3)  Parameter Unit Low level Highlevel Center level
i=1 i=1 i#

” Acid concentration mol L™! 1.1 2.3 1.7

where n is the number of variables, f is a constant, f; rep-  particle size umm 100 700 400

resents the linear coefficients of the parameters, x; are the  Temperature oC 05 75 50

independent variables, g;; denotes the quadratic coefficients,  ggjids content % 10 30 20

B, are the interaction coefficients, and € is the residual asso- e min 60 120 90

ciated with the experiments (Harichandan and Mandre 2021;

Ayodele et al. 2023).

Tabk,’ 4 Parjclme.ters and. levels Parameter Unit Level 1 Level 2 Level 3 Level 4 Level 5

used in the kinetic experiments
Acid concentration mol L~} 0.5 0.8 1.1 1.7 2.3
Agitation speed rpm 100 200 400 500 600
Particle size pm 75 100 400 700 1000
Temperature °C 25 50 60 75 85
Solids content % 5 10 15 20 30

@ Springer



116

Acta Geochim (2026) 45:111-131

indicator. Iron recovery was also assessed as part of the
experimental framework. In the first phase, the key factors
affecting the leaching process were analyzed using Response
Surface Methodology (RSM) to determine the optimal oper-
ating conditions. The second phase focused on elucidating
the leaching mechanism and conducting kinetic modeling to
better understand the dissolution process.

3.1 Statistical analysis

The leaching experiments and the experimental matrix
designed based on the RSM-CCD model are presented in
Table 11. Various models, including Linear, 2FI (two-fac-
tor interaction), Quadratic, and Cubic, were applied to the
experimental data. Their evaluation using ANOVA at a 95%
confidence level (p-value < 0.05)is summarized in Tables 6
and 7. The results indicate that the Quadratic model, which
exhibits a higher coefficient of determination (R?) and
adjusted (Rz) along with a lower p-value, is the most suit-
able for predicting the rate of copper dissolution. In contrast,
the 2FI model provides the best fit for iron recovery.

Based on the experimental data, two second-order polyno-
mial models were developed to predict copper and iron recov-
ery (Egs. 5 and 6) using coded parameters (see Table 11).
These models were specifically employed to evaluate cop-
per and iron recovery under varying leaching process con-
ditions. In this context, in addition to the primary focus on

Table 6 Statistical analysis of models for copper recovery modeling

copper recovery, the elevated concentration of dissolved iron
was carefully monitored as a secondary parameter to ensure
optimized leaching conditions. The high concentration of dis-
solved iron presents substantial operational challenges in sub-
sequent processing stages, particularly during solvent extrac-
tion (SX) and electrowinning (EW). High iron concentrations
can reduce extraction efficiency by causing increased reagent
consumption and potential emulsion formation. Furthermore,
in electrowinning cells, iron ions can negatively affect current
efficiency, increase electrical power consumption, and dete-
riorate cathode quality, significantly reducing overall process
productivity. Therefore, iron recovery was carefully monitored
and evaluated to minimize iron dissolution and mitigate its
related complications in downstream processes.The second-
order polynomial model developed in this study, based on
laboratory-scale experimental data, serves as a predictive
tool to assess the effects of key leaching parameters (acid
concentration, temperature, particle size, reaction time, and
Solids Content) on copper recovery. Equations 5 and 6 specifi-
cally model these individual and interactive effects, provid-
ing reliable predictions for copper and iron recovery under
laboratory conditions. While the model demonstrates strong
predictive capability within the tested range, its application
to large-scale industrial processes requires further validation
and adjustment using pilot-scale or industrial data. Therefore,
it is primarily suited for predicting copper recovery in con-
trolled laboratory conditions, with further studies needed for

Source Sum of squares df Mean square F-value p-value

Mean vs Total 2.493E405 2.493E+405 - -

Block vs Mean 578.48 289.24 - -

Linear vs Block 2622.53 524.51 45.17 <0.0001

2FI vs Linear 154.51 10 15.45 1.50 0.1896

Quadratic vs 2FI 179.99 5 36.00 6.92 0.0004 (Suggested)
Cubic vs Quadratic 95.81 15 6.39 1.87 0.1600 (Aliased)
Residual 34.16 10 342 - -

Total 2.530E+05 48 5270.18 - -

Analysis of Lack of Fit

Linear 453.76 37 12.26 3.44 0.1684

2F1 299.25 27 11.08 3.11 0.1906

Quadratic 119.26 22 542 1.52 0.4136 (Suggested)
Cubic 23.46 3.35 0.93 0.5771 (Aliased)
Pure Error 10.71 3 3.57 - -

Model Summary Statistics

Source Std. Dev. R? Adjusted R? Predicted R? PRESS

Linear 3.41 0.8490 0.8307 0.7920 641.85

2FI 3.21 0.8990 0.8494 0.7900 646.99

Quadratic 2.28 0.9570 0.9242 0.8390 495.90 (Suggested)
Cubic 1.85 0.9880 0.9502 —0.7040 5260.27 (Aliased)
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Table 7 Statistical analysis of models for iron recovery modeling

Source Sum of squares df Mean square F-value p-value

Mean vs Total 330.48 330.48 - -

Block vs Mean 0.4508 0.2254 - -

Linear vs Block 34.44 5 6.89 55.68 <0.0001

2FI vs Linear 2.69 10 0.2695 3.59 0.0032 (Suggested)
Quadratic vs 2FI 3.890 5 0.778 1.04 0.4145

Cubic vs Quadratic 1.59 15 0.1058 3.82 0.0189 (Aliased)
Residual 0.2769 10 0.0277 - -

Total 370.32 48 7.71 - -

Analysis of Lack of Fit

Linear 4.92 37 0.1329 13.48 0.0265

2F1 222 27 0.0824 8.35 0.0523 (Suggested)
Quadratic 1.83 22 0.0834 8.46 0.0516

Cubic 0.2473 0.0353 3.58 0.1610 (Aliased)
Pure Error 0.0296 0.0099 - -

Model Summary Statistics

Source Std. Dev. R? Adjusted R? Predicted R? PRESS

Linear 0.3517 0.8744 0.8587 0.8117 7.42

2F1 0.2741 0.9428 0.9142 0.8149 6.90 (Suggested)
Quadratic 0.2731 0.9527 0.9148 0.8026 7.77

Cubic 0.1664 0.9930 0.9684 1.0640 35.20 (Aliased)

adapting it to practical industrial applications. These models
account for the linear, nonlinear, and interaction effects of key
leaching variables, demonstrating high predictive accuracy.
Their performance was assessed through analysis of variance
(ANOVA), with the results summarized in Tables 8 and 9.
The significance of these models lies in their ability to not
only improve the copper extraction process but also to reduce
costs, time, and chemical reagent consumption, ultimately
making the process significantly more economical. Moreo-
ver, these models ensure that the process is executed more
accurately and efficiently from an environmental perspective.
Acid consumption is reduced, waste production is minimized,
and higher recovery rates of target metals are achieved, which
significantly reduces negative environmental impacts. There-
fore, these models serve as an advanced and effective tool
that not only optimizes the copper extraction process but also
helps in reducing its environmental footprint.

The ANOVA analysis presented in Table 8 confirms that
the final model is statistically significant, with an F-value of
28.44 and a p-value of less than 0.0001. This suggests a very
low probability (0.01 %) that the observed results are due to
noise, emphasizing the strong influence of the model’s factors
on the response and its suitability for data analysis.

The lack of fit (LackofFit) value is F =1.52 and
p = 0.4136, indicating that the model accurately represents
the data, and the lack of fit is not statistically significant.
These values suggest that noise has minimal impact on the
results, confirming the model’s robustness.

The mean square (MS) for the model is 147.85, which,
compared to the mean square error (MS = 5.20), underscores
the model’s high explanatory power. Furthermore, the pure
error is relatively small at 10.71, indicating minimal noise
and high experimental repeatability.

The most influential parameters, with p < 0.05, include E
(E-Solid.C), B (B-Time), C (C-Gradation), A (A-Acid), and
D (D-Temperature). Additionally, nonlinear parameters such
as A% and E?, along with interaction effects AD, BE, BD,
and CE, exhibit the most significant impact on the response.
Conversely, parameters with p > 0.05, such as AB, AC, and
C?, have minimal influence and can be removed to simplify
the model.

Additional statistical results indicate that the coeffi-
cient of determination is R? = 0.9579, meaning the model
accounts for approximately 95.79 % of the data variability.
The adjusted R? is 0.9242, and the predicted R? is 0.8394,
demonstrating that despite the model’s complexity, its pre-
dictive performance remains robust. Figure 2d illustrates a
comparison between the predicted copper recovery values
and the experimental data.

The adequacy precision (Adeq Precision), representing
the signal-to-noise ratio, is 21.955, significantly exceeding
the minimum required value of 4, confirming the model’s
reliability for exploring the design space. Furthermore, the
standard deviation (Std.Dev = 2.28) and the coefficient of
variation (C.V.% = 3.16) indicate low data dispersion and
high model stability.
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Table 8 ANOVA of the

Source Sum of squares df Mean square F-value p-value

second-order response surface

model for predicting copper Block 578.48 ) 289.24 _ _

recovery Model 2957.03 20 147.85 28.44 <0.0001 (significant)
A-Acid 84.24 1 84.24 16.20 0.0005
B-Time 486.45 1 486.45 93.57 <0.0001
C-Gradation 480.60 1 480.60 92.45 <0.0001
D-Temperature 23.70 1 23.70 4.56 0.0427
E-Solid.C 1547.54 1 1547.54 297.68 <0.0001
AB 9.89 1 9.89 1.90 0.1800
AC 0.7917 1 0.7917 0.1523 0.6997
AD 23.56 1 23.56 4.53 0.0433
AE 18.27 1 18.27 3.51 0.0726
BC 13.23 1 13.23 2.54 0.1232
BD 26.92 1 26.92 5.18 0.0317
BE 23.88 1 23.88 4.59 0.0420
CD 4.22 1 4.22 0.8116 0.3762
CE 22.09 1 22.09 4.25 0.0498
DE 11.66 1 11.66 2.24 0.1467
A? 46.41 1 46.41 8.93 0.0062
B? 16.68 1 16.68 3.21 0.0854
Cc? 1.30 1 1.30 0.2495 0.6218
D? 5.39 1 5.39 1.04 0.3182
E? 92.12 1 92.12 17.72 0.0003
Residual 129.97 25 5.20 - -
Lack of Fit 119.26 22 5.42 1.52 0.4136 (Not signif.)
Pure Error 10.71 3 3.57 - -
Cor Total 3665.48 47 - - -
Adeq Precision 21.955

Figure 2 serves as a diagnostic tool for evaluating model
accuracy and adequacy. The figure presents four key anal-
yses: (Fig. 2a) the normal probability plot of residuals,
(Fig. 2b) the relationship between standardized residuals
and block number, (Fig. 2¢c) a comparison of experimental
(measured) and predicted recovery values, and (Fig. 2d) the
distribution of Cook’s Distance values. This result shows
that no data point has an unusual impact on the model, con-
firming the high accuracy of the developed model for pre-
dicting copper recovery.

37.13, explaining a substantial portion of data variation,
while the residual error remains low at 2.25, indicating
that the model effectively minimizes unexplained variance.
With R? = 0.9428 and an adjusted R?> = 0.9142, the model
maintains strong explanatory power despite its complexity.
Additionally, the predicted R? value of 0.8149 suggests that
the model accurately predicts approximately 81.49% of the
data variability.

Significant parameters influencing iron recovery
include A, B, C, and E, as well as their interactions AB,

R(Cu) =77.81 4+ 1.514 + 3.65B — 3.62C + 0.80D — 6.51E
+0.55AB — 0.15AC + 0.85AD + 0.75AE
—0.64BC + 0.91BD + 0.86BE + 0.36CD — 0.84CE
—0.61DE —2.10A> — 1.26B%> — 0.35C> — 0.71D* — 2.96E?

®

According to the ANOVA results and model-fitting cri-
teria, the proposed iron recovery model demonstrates high
accuracy. The model’s F-value of 32.96, with a p-value of
less than 0.0001, confirms its strong statistical significance.
Furthermore, the model accounts for a sum of squares of
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BC, and BE, all of which exhibit a notable impact on the
response. These factors and interactions play a crucial role
in optimizing iron recovery and must be carefully con-
trolled. Conversely, parameters such as AC, AD, and DE
have p-values greater than 0.05 and are not statistically



Acta Geochim (2026) 45:111-131

119

Fig. 2 Validation of the

4.00
second-order model proposed S6E00
for predicting copper recovery 2 . B
=
s R P
g - o & L} [} .
b=l L]
é 70 Di .-HE ] g E
e 2 -
& 50 y 5 0.00 °% | =
- ¢ ER I
< =
E 2 ;Ek =) 2 ]
= 0 4 E 200 ‘
Q & ]
5 L] = [} n
[} =
1 " -3.64406
-4.00
-3.00 -2.00 -1.00 0.00 1.00 2.00 1 1S 2 S 3
Externally Studentized Residuals Block
(a) (b)
6 1 0985037
5 _ 70 0.8
8
4 =
Z -
5 =g a
(2 - z
=3 S 0.4
b o S
] "
LI s . -
2 = e 02
n
.. . . " om
l. _—
1 [ ] 0% w —‘D;l .EIf !L‘H . - L'{-.f- .
1 2 3 5 6 1 10 19 28 37 46
Actual Run Number
(c) (d)

significant, suggesting that they can be removed to sim-
plify the model without compromising predictive accuracy.

The same diagnostic plots used for copper recovery were
employed to evaluate the model’s performance in predicting
iron recovery. As illustrated in Fig. 3, the model provides
reliable predictions, with no abnormal or excessively influ-
ential data points, confirming its robustness and predictive
capability.

costs. The solids percentage must be controlled: high solids
increase viscosity, limiting mass transfer, while low solids
reduce reactant concentrations, lowering efficiency. Opti-
mal conditions balance leaching time and solids content for
effective dissolution and cost efficiency (Mohanraj et al.
2022; Harichandan and Mandre 2021).

Temperature has a strong influence on copper recov-
ery, as higher temperatures accelerate reaction rates and

R(Fe) =2.63 4 0.49A + 0.69B — 0.45C + 0.01D — 0.28E
+ 0.184AB — 0.03AC + 0.07AD + 0.01AE — 0.17BC (6)
+0.02BD — 0.10BE — 0.04CD - 0.002CE - 0.02DE

3.2 Operational parameters

Figures 4 and 5 illustrate the effects of various parameter
interactions on copper recovery. In Fig. 4a, Longer leaching
time improves copper recovery, but excessive time increases

improve dissolution efficiency (Fig. 4b). Excessively high
temperatures may dissolve undesirable compounds or form
problematic precipitates, reducing product quality. Lower
temperatures slow down reaction kinetics, reducing recov-
ery. Acid concentration is crucial for providing ions for dis-
solution, but excessive acid can dissolve impurities like iron,
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Table 9 ANOVA of the

. Source Sum of squares df Mean square F-value (p-value)

Quadratic Response-Surface

Model for Predicting Iron Block 0.4508 2 0.2254 _

Recovery Model 37.13 15 2.48 32.96 (<0.0001)*
A-Acid 8.98 1 - 119.51 (<0.0001)*
B-Time 14.88 1 - 198.03 (<0.0001)*
C-Gradation 7.59 1 - 101.11 (<0.0001)*
D-Temperature 0.0054 1 - 0.0723 (0.7899)
E-Solid.C 2.99 1 - 39.75 (<0.0001)*
AB 1.04 1 - 13.82 (0.0008)*
AC 0.0298 1 - 0.3965 (0.5337)
AD 0.1981 1 - 2.64 (0.1149)
AE 0.0001 1 - 0.0015 (0.9695)
BC 0.9775 1 - 13.01 (0.0011)*
BD 0.0000 1 - 0.0004 (0.9840)
BE 0.3720 1 - 4.95 (0.0337)*
CD 0.0565 1 - 0.7516 (0.3928)
CE 0.0002 1 - 0.0026 (0.9595)
DE 0.0225 1 - 0.2991 (0.5885)
Residual 2.25 30 0.0751 -
Lack of Fit 222 27 0.0824 8.35 (0.0523)
Pure Error 0.0296 3 0.0099 -
Cor Total 39.84 47 - -
Adeq Precision 19.12 - - -

*Significant at p < 0.05

complicating downstream processes and lowering product
purity (Ajiboye et al. 2019; Shi et al. 2020).

Figure 5a Finer particles increase recovery by provid-
ing more surface area, but excessive grinding raises costs.
A moderate particle size is usually the most cost-effective.
Lower solids fractions improve solution access, but too low
a fraction reduces efficiency (Antonijevic et al. 2004).

Figure 5b illustrates the effect of temperature and leach-
ing time on copper recovery. Higher temperatures improve
recovery but excess heat can cause impurities. Leaching time
must be balanced-too short leads to incomplete dissolution,
while too long increases costs. Optimal conditions require
careful balance of temperature, time, particle size, and solids
fractions (Antonijevi¢ et al. 2004).

Figure 6 illustrates the sensitivity of copper recovery
R(Cu) to different process variables. The curvature of each
line represents the strength of the variable’s influence on the
response. Variables B (leaching time) and E (solids fraction)
exhibit the highest curvature, indicating that fluctuations in
these parameters have a substantial impact on copper recov-
ery. Variable C (particle size) also plays a significant role,
though its effect is somewhat less pronounced compared to
B and E. In contrast, variables A (acid concentration) and D
(temperature) display more linear and gradual slopes, sug-
gesting a relatively weaker influence on the response. This

@ Springer

analysis helps prioritize key parameters-B, E, and C-for pre-
cise control to optimize copper recovery.

Figure 7 illustrates the influence of different variables on
iron recovery R(Fe). Although iron dissolution is minimal
in the process, maintaining appropriate conditions to limit
its extraction remains essential for process efficiency and
product purity. Solids fraction and leaching time exhibit sim-
ilar trends (Fig. 7a ). A lower solids fraction decreases the
likelihood of iron dissolution; however, an excessively low
solids fraction may also disrupt the primary copper leach-
ing reactions. Optimal conditions are achieved when these
parameters are carefully balanced to minimize iron dissolu-
tion while ensuring efficient copper recovery.

Figure 7b Acid concentration and leaching time must be
optimized to maximize copper dissolution without causing
excessive iron extraction. Figure 7c¢ evaluates the interac-
tion between particle size distribution and time. Moderate
particle sizes reduce grinding costs, and excessive leach-
ing time may increase iron dissolution. Precise control of
both is essential for an efficient process (Ajiboye et al. 2019;
Mohanraj et al. 2022; Antonijevic et al. 2004).

3.3 Optimized recovery conditions

The optimal conditions for maximizing copper extraction
while minimizing iron dissolution were determined through
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Fig. 3 Validation of the
second-order model proposed
for predicting iron recovery

Fig. 4 a Time-solids fraction
interaction; b Acid concentra-
tion—temperature interaction for
copper recovery

the analysis of process parameters. Under these optimized
conditions, copper recovery (R(Cu)) reaches 80 %, while
iron recovery (R(Fe)) is minimized to 3 %. The key operat-
ing parameters include an acid concentration of 1.21 mol
L7, a leaching time of 108 min, a particle size of 438 um,
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a temperature of 45 °C, and a solids content of 18.2 %. The
high desirability value of 0.982 indicates a strong align-
ment with process objectives, ensuring an optimal balance
between efficient copper recovery and minimal iron dissolu-
tion. This optimization enhances process sustainability and
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Fig. 6 Perturbation plot showing the influence of different variables
on copper recovery

operational efficiency. Sustainability, in this context, refers
to the long-term environmental and economic benefits of the
process. By carefully controlling factors like particle size,
leaching time, and acid concentration, the process minimizes
waste production, reduces energy consumption, and lowers
the need for excessive reagent use, which in turn lessens
environmental impacts such as pollution and resource deple-
tion. Moreover, achieving optimal conditions leads to cost
savings, as it minimizes the unnecessary use of resources,
making the process more economically viable over time.
The results of this study can be applied to optimize copper
extraction processes in real-world settings, providing more
efficient methods for processing low-grade ores while reduc-
ing costs. By precisely adjusting parameters such as acid
concentration, temperature, and reaction time, industries
can achieve higher recovery rates and better resource utili-
zation, which ultimately leads to more sustainable mining
operations.
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Environmental concerns play a significant role in the
application of these findings. For example, optimized leach-
ing conditions can reduce the environmental footprint of
copper processing. Reducing acid consumption, lowering
energy usage, and minimizing waste generation are aspects
that can be achieved by applying these findings. Further-
more, optimizing copper recovery in this way can help miti-
gate the negative environmental impacts typically associ-
ated with conventional extraction methods, such as excessive
water and chemical use, land degradation, and pollution.

To fully assess the impact of these results, future
research is required to validate the findings under real
industrial conditions. While the laboratory data dem-
onstrate the model’s predictive capability, its practical
application at larger scales would require further adjust-
ments based on pilot-scale or industrial data. Addition-
ally, conducting field trials and measuring environmental
impacts on a broader scale will help improve the method
and ensure that these approaches are both economically
viable and environmentally sustainable.

3.4 Leaching kinetics and mechanisms

The kinetics of the leaching process were analyzed using
the Shrinking Core Model (SCM), which assumes that
reactions initiate at the particle surface and progress
inward as the unreacted core gradually diminishes.
Figure 13 provides a schematic representation of this
model (Astuti et al. 2016; Boukerche et al. 2010; Tan et al.
2017; Faraji et al. 2022). The SCM identifies three main
mechanisms governing the reaction rate: liquid-film dif-
fusion, where the reagent diffuses through a thin liquid
layer around the particle; product-layer diffusion, where
a dense product layer restricts mass transfer; and surface
chemical reaction, where the rate-limiting step occurs at
the unreacted core, where the chemical reaction happens.
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Fig. 7 a Effect of solids
fraction—time, b Acid concen-
tration—time, and ¢ Particle
size distribution—time on iron
recovery

R(Fe) (%)

R(Fe) (%)

These mechanisms are mathematically described in
Egs. (7), (8), and (9). Additionally, Eq. (10) presents an
extended kinetic model for fluid—solid reactions, incor-
porating resistance within both the product layer and
the interface between the unreacted core and the reac-
tion layer (Wadsworth and Sohn 1979; Dickinson and
Heal 1999). This refined approach offers a more accurate
representation of leaching kinetics, facilitating process
optimization, particularly in systems where diffusion and
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interface resistance significantly influence the overall reac-

tion rate.
1—(1 -3 = kg, 1, (7)
1=3(1 =07 +2(1 = x) = kpq 1 ®)

Fig. 8 a Effect of solids per- 100 100 -
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Fig. 9 a Effect of particle size, 100 100 -
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rate law and clarify the role of each factor in governing the
1 | | overall leaching mechanism.
3 x(1-x)7 - 1 x(1-x)7+ 0= kpickinson &> (10) The shrinking-core model, incorporating four primary

where x is the fraction of copper extracted, 7 is the leaching
time in minutes, and the rate constants kg, Kproq> Kehem» and
kpjickinson €Orrespond to surface chemical reaction, liquid-film
diffusion, product-layer diffusion, and the Dickinson equa-
tion, respectively. The leaching kinetic tests were fitted and
analyzed using Eqs. (7)—-(10) (Dickinson and Heal 1999;
Aghazadeh and Nabizadeh 2015). The overall reaction rate
is determined by the slowest step, which serves as the rate-
limiting factor.

Figures 8 and 9 present the results of copper leaching
tests conducted using the One Factor at a Time (OFAT)
method to evaluate the effects of solids percentage, stirring
rate, temperature, particle size distribution, and acid con-
centration on the leaching process. In each test, only one
factor was varied while maintaining constant conditions for
the others, specifically an acid concentration of 1.1 mol L™,
a particle size of 400 pm, a temperature of 50 °C, a stirring
rate of 500 rpm, and a solids content of 20 %. The slopes of
the lines representing the reaction-rate equations (apparent
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mechanisms-surface chemical reaction (Eq. 7), liquid-film
diffusion (Eq. 8), product-layer diffusion (Eq. 9), and the
Dickinson model (Eq. 10)-was applied to analyze the leach-
ing kinetics. These models were fitted to the experimental
leaching data, and kinetic parameters, including apparent
rate constants and correlation coefficients, were determined
for each mechanism.

To assess the governing mechanisms, the left-hand side
of Egs. (7), (8), (9), and (10) was plotted against reaction
time for each operating factor, namely temperature, acid
concentration, solids content, stirring rate, and particle size.
Figure 10 illustrates the effect of temperature on all four
principal mechanisms of the shrinking-core model, where
the slope of each linear plot represents the reaction-rate
constants at different temperatures, while the correlation of
the data is also displayed. In addition to temperature, the
influence of other operational parameters on apparent rate
constants and correlation coefficients was analyzed. These
results are presented numerically in Table 10, facilitating a
detailed comparison of how each factor influences the pro-
cess and identifying the dominant leaching mechanism.



Acta Geochim (2026) 45:111-131

125

Fig. 10 Effect of temperature 1 1 @25°C R?=0.91 0.6 1 ¢25°c R2=0.92

on the foqr main mechamslr.ls 0.9 | ®50°C R2=0.88 05 | @ 50°Cc R?=0.90

in Fhe shrmkmg'-core model: a 08 | ®60°C R?=0.88 : 60°C R2=0.90 ®
fluid-film diffusion , b surface 75°C R2=0.86 e oc RZo o :

! : sur 0.7 4 4 o o4 Jo75C RZ=089 o
chemical reaction, ¢ Dickinson ©85°C R2=0.84 ® “ 1essc re e
model , and d product-layer @ 0.6 - N & LT 3 : =0f7 e
diffusion o5 | Ol e @ 203 T °

& 044 X =
T 03 - . T
— » -
0.2 .0
0.1 4%
0 T T T T ) T T T 1
0 20 40 60 80 100 120 60 80 100 120
Time(min) Time(min)
(a) (b)
o 2.5 4 , 0.6 1 @25°C R2=0.97
& @ 25°C Rz =0.96 ° ©50°C R2=0.94
T 5 | esoec R2=0.95 05 1 coec R220.92 e
g 60°C R?=0.94 = :
RS & 04 4 75°C R?=0.95 L d
= °c R2=0.95 =
% 15 4 ©75°C q ®85°C R*=0.910 .-
— o . —_ ..'
g ©85°C R?=0.90 o @ .
. ey
I o
= =
@ ) -
% 05 - o gttt gl . .
F @ g 4 -
= [ B
20 40 60 80 100 120 0 20 40 60 80 100 120
Time(min) Time(min)
(c) (d)

3.5 Activation energy and kinetic model refinement

The R? values presented in Table 10 indicate that both the
Dickinson model and the product-layer diffusion model
exhibit a strong correlation with the experimental data,
yielding higher R? values compared to the surface chemical
reaction and liquid-film diffusion models. However, due to
the close similarity in R? values, determining the dominant
mechanism solely based on these results remains incon-
clusive, necessitating an alternative approach for precise
identification.

To further refine the analysis, an Arrhenius-based activa-
tion energy study was conducted to gain deeper insights into
the leaching process mechanism and kinetics. Activation
energy (E,) varies significantly between diffusion-controlled
and chemically controlled reactions, providing valuable indi-
cations of the rate-limiting step. Although activation energy
alone cannot definitively determine the controlling mecha-
nism, it serves as a crucial diagnostic tool in kinetic analy-
sis (Habashi 1980; Ajiboye et al. 2019; Apua and Madiba
2021; Babu et al. 2002; Kiinkiil 1994). According to Fig. 11,
the calculated activation energy for the Dickinson model is
32.627 kJ mol~"; for the product-layer diffusion model, it is

11.134 kJ mol™"; for fluid-film diffusion, 4.197 kI mol~'; and
for surface chemical reaction, 5.800 kJ mol~'. These values
suggest that the Dickinson model requires a significantly
higher activation energy to initiate the process, indicating
that this mechanism likely governs the leaching kinetics.

By integrating Eq. (10) and The Arrhenius equation and
the activation energy derived from it and incorporating the
influence of reaction parameters on the rate constant, the
final kinetic model is expressed as Eq. (11). In this for-
mulation, SS, SC, PSD, and C correspond to the stirring
speed, solids content, particle size distribution, and acid
concentration, respectively. The coefficients a, b, ¢, and d
represent the reaction orders for each parameter and were
determined from the data in Table 10 by plotting In k against
In(parameter). The estimated values for these coefficients
are 1.86, —1.24, —1.19, and 1.57, respectively. Equation (12)
presents the final form of the kinetic model, incorporating
the experimentally determined parameters and their respec-
tive exponents.

kDickinsont = AO exp<_§_;~> (SS)a (Sc)b (PSD)C (C)dt
(1D
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Table 10 Apparent reaction-

rate constants and correlation

coefficients for the four

shrinking-core mechanisms

Param.! FD PLD Dickinson SCR

k R? k R? k R? k R?
Sol.C (%)
5 0.0056 0.92 0.0038 0.91 0.0125 0.89 0.0020 0.74
10 0.0053 0.79 0.0037 0.94 0.0118 0.94 0.0031 0.87
15 0.0054 0.86 0.0035 0.93 0.0097 0.95 0.0035 0.90
20 0.0048 0.81 0.0031 0.96 0.0028 0.97 0.0036 0.84
30 0.0034 0.70 0.0017 0.88 0.0015 0.93 0.0038 0.95
Temp. (°C)
25 0.0045 0.91 0.0020 0.97 0.0017 0.96 0.0027 0.92
50 0.0054 0.88 0.0033 0.94 0.0045 0.95 0.0034 0.90
60 0.0057 0.88 0.0036 0.92 0.0057 0.95 0.0036 0.90
75 0.0057 0.86 0.0037 0.95 0.0088 0.94 0.0037 0.87
85 0.0060 0.84 0.0044 0.91 0.0182 0.90 0.0041 0.89
Acid (mol/L)
0.5 0.0038 0.89 0.0017 0.96 0.0013 0.96 0.0023 0.92
0.8 0.0045 0.84 0.0022 0.93 0.0024 0.98 0.0027 0.87
1.1 0.0050 0.85 0.0031 0.95 0.0058 0.92 0.0032 0.89
1.7 0.0054 0.84 0.0036 0.92 0.0114 091 0.0036 0.90
2.3 0.0052 0.81 0.0038 0.93 0.0121 0.90 0.0035 0.88
Stir. Rate (rpm)
100 0.0010 0.84 0.0001 0.94 0.0003 0.97 0.0005 0.85
200 0.0012 0.83 0.0002 0.95 0.0005 0.99 0.0007 0.84
400 0.0038 0.89 0.0016 0.96 0.0014 0.96 0.0022 091
500 0.0050 0.88 0.0031 0.92 0.0049 0.93 0.0032 0.92
600 0.0056 0.85 0.0036 0.97 0.0097 0.94 0.0036 0.90
Part. Size (um)
75 0.0063 0.90 0.0046 0.95 0.0201 0.86 0.0016 0.88
100 0.0057 0.91 0.0038 0.91 0.0109 0.87 0.0023 0.87
400 0.0050 0.87 0.0027 0.92 0.0039 0.94 0.0031 091
700 0.0039 0.85 0.0014 0.94 0.0013 0.97 0.0037 0.94
1000 0.0028 0.86 0.0010 0.93 0.0007 0.91 0.0043 0.95

Abbreviations: Sol.C Solid Content, Temp. Temperature, Stir. Rate Stirring Rate, Part. Size Particle Size,
PLD Product-Layer Diffusion, SCR Surface Chemical Reaction

3
kpiinon ! = Ao exp<_32-86§+T10) (55)% (s¢)** (psD) ™ (€)' 1)

Figure 12 presents a scatter plot comparing the experi-
mental data with the predictions of the developed kinetic
model. The high correlation coefficient R? = 0.92 confirms
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a strong agreement between the experimental results and
the model’s predictions, demonstrating its reliability and
robustness in simulating the copper dissolution process. The
model accurately captures leaching dynamics, factoring in
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4 Conclusions

This study determined the optimal conditions for the cop-
per leaching process, which include an acid concentration
of .21 mol L™} a leaching time of 108 min, a particle size
of 438 pm, a temperature of 45 °C, and a solids content
of 18.2 %. Under these conditions, copper recovery R(Cu)
reaches 80 %, while iron dissolution R(Fe) remains below
3 %, ensuring an efficient separation and extraction process.

The kinetic study evaluated four main shrinking-core
mechanisms: fluid-film diffusion, product-layer diffusion,
surface chemical reaction, and the Dickinson model. Among
these, the Dickinson model and product-layer diffusion
exhibited the highest correlation coefficients R?, indicating
their strong alignment with the experimental data.

Further analysis using activation energy confirmed that
the Dickinson model, with an activation energy of 32.627
kJ mol~!, predominantly governs the leaching process. The
other mechanisms demonstrated lower activation energy val-
ues, reinforcing the conclusion that the process is primarily
controlled by the Dickinson model.

Finally, a kinetic model was developed, incorporating
key operational parameters such as stirring speed, solids
content, particle size, acid concentration, and activation
energy. With a high correlation coefficient of R?> = 0.92,
the model accurately predicts the leaching process and
effectively simulates real-world system behavior, provid-
ing a reliable framework for process optimization.

Fig. 13 Schematic of leaching
particles using a shrinking-core
model where the particle size
remains constant throughout the
reaction

Developing Oxidized rim

Shrinking unreacted core
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Table 11 RSM-CCD matrix
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Block  Run Acid (molL™" Time (min) PSD (pm) T (°C) Solid (%) R(Cu) (%) R(Fe) (%)
Block1 1 23 60 100 25 30 63.33 2.63
Block I 2 1.1 120 700 25 10 73.82 2.58
Block1 3 1.1 60 700 75 10 72.48 1.46
Block1 4 23 60 100 75 10 75.01 2.72
Blockl 5 1.7 90 400 50 20 78.72 2.95
Block1 6 1.1 120 100 75 10 81.83 3.13
Blockl 7 23 120 700 75 10 77.71 4.01
Block1 8 1.1 60 100 75 30 56.62 1.92
Block1 9 1.1 120 700 75 30 57.27 1.39
Block1 10 2.3 120 700 25 30 61.38 2.64
Block1 11 1.7 90 400 50 35 62.24 1.81
Block1 12 23 60 700 25 10 66.63 1.97
Block 1 13 1.1 60 100 25 10 71.92 2.07
Block 1 14 1.7 90 850 50 20 75.94 1.73
Block 1 15 23 60 700 75 30 57.21 1.91
Block1 16 2.3 120 100 25 10 81.06 4.67
Block 1 17 2.3 120 100 75 30 75.64 3.98
Block 2 18 1.7 135 400 50 20 83.84 3.51
Block2 19 23 120 700 25 10 73.61 3.25
Block 2 20 1.1 120 100 25 10 78.24 3.54
Block 2 21 2.3 60 700 25 30 56.23 1.79
Block2 22 1.1 120 700 75 10 74.26 2.03
Block 2 23 1.7 90 400 50 20 76.32 3.11
Block 2 24 1.1 60 700 75 30 51.29 1.04
Block 2 25 1.1 60 100 25 30 64.66 1.29
Block 2 26 1.7 90 400 50 20 78.08 291
Block2 27 23 60 100 75 30 64.02 2.12
Block 3 35 1.7 45 400 50 20 72.09 1.71
Block3 36 0.8 90 400 50 20 71.08 1.89
Block 3 37 1.1 60 700 25 30 55.14 1.22
Block 3 38 1.7 90 400 87.5 20 81.25 2.88
Block3 39 23 120 700 75 30 70.48 2.82
Block 3 40 1.7 90 400 50 20 79.04 2.69
Block 3 41 2.3 120 100 75 10 86.42 5.26
Block 3 42 1.7 90 400 50 20 80.83 2.97
Block 3 43 1.1 120 700 25 30 58.46 1.96
Block 3 44 1.7 90 50 50 20 83.91 3.57
Block 3 45 1.7 90 400 12.5 20 75.72 2.71
Block 3 46 1.1 120 100 75 30 71.86 2.94
Block3 47 23 120 100 25 30 72.74 4.17
Block 3 48 1.7 90 400 50 5 84.93 3.26
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