1 Physicochem. Probl. Miner. Process., 62(4), 2026, 231190

Physicochem. Probl. Miner. Process., 62(4), 2026, 231190 ‘ Physicochemical Problems of Mineral Processing

. ISSN 1643-1049
http:/ /www journalssystem.com/ppmp

© Wroclaw University of Science and Technology

Thermal treatment of granite quarry waste: Numerical integration-
based thermal quality assessment and Bond Work Index (BWI)
modelling

Ekin Koken 1, Ismail Ince 2, Hande Marulcuoglu 1, Pawel Strzalkowski 3, Ahmet Ozarslan 4

1 Abdullah Giil University, Materials Science and Nanotechnology Engineering Department, Kayseri - Ttirkiye

2 Konya Technical University, Geological Engineering Department, Konya - Tiirkiye

3 Wroclaw University of Science and Technology, Faculty of Geoengineering, Mining and Geology, Department of Mining,
Wroclaw, Poland

4 Zonguldak Biilent Ecevit University, Mining Engineering Department, Zonguldak - Tiirkiye

Corresponding author: ekin.koken@agu.edu.tr (Ekin Koken)

Abstract: This study investigates how thermal treatment up to 600 °C alters the physical, mechanical,
and grindability properties of granite quarry waste materials, with a view to promoting their
sustainable reuse. Seven representative wastes (R1-R7) from operating quarries in Tiirkiye were
characterised through laboratory testing, and a conventional numerical integration approach was
applied to quantify the thermal sensitivity of each property. Results show that no single waste material
performed best across all rock properties, indicating that thermal pre-treatment must be application-
specific and governed by the sensitivity of the property of interest. Grindability behaviour was assessed
through Bond Work Index (BWI) tests and modelled using regression and soft-computing analyses. The
study thus provides an experimental and computational decision framework, showing that thermal
treatment can reduce the grinding energy demand of granite waste, while indicating that further
investigation is needed to establish whether such treatment is economically advantageous prior to
crushing and grinding.
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1. Introduction

Understanding the impact of thermal treatment on rock properties is critical for geo-engineering
applications, such as geothermal energy extraction, deep underground coal gasification, enhanced oil
recovery, wellbore stability, and nuclear waste disposal. Elevated temperatures induce micro/macro
structural and geochemical alterations that typically degrade key engineering properties, including
strength, elasticity, permeability, and thermal expansion (Ranjith et al. 2012; Ozguven and Ozcelik 2014;
Zhang et al. 2016; Tian et al. 2017; Kumari et al. 2017, 2019; Rong et al. 2018; Wu et al. 2019; Zhang and
Zhao 2020; Li et al. 2021; Vidana et al. 2021; Jin et al. 2024; Ram et al. 2025; Xu et al. 2025). Quantifying
these variations is essential for evaluating the stability and performance of rock-based structures
(Becattini et al. 2017; Aslannezhad et al. 2020; Dou et al. 2025). Furthermore, thermal pretreatment has
been shown to reduce energy consumption and costs in mineral processing by facilitating ore
comminution (Kingman et al. 2000; Purwanto et al. 2002; Cisternas et al 2022).

Thermal and microwave pretreatments significantly enhance comminution efficiency and mineral
liberation. For instance, thermal pretreatment of bauxite and microwave heating of bastnaesite ore have
been reported to reduce grinding energy requirements by 28% and 27%, respectively (Rao et al. 2002;
Asgari et al. 2024). Beyond reducing energy consumption through thermal shock-induced micro-
fracturing (Somani et al. 2017), heat treatment can improve concentrate grades; for example,
conventional and microwave roasting of iron-rich ores have been shown to improve iron concentration
by reducing gangue and phosphorus impurities (Omran et al. 2015).
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Integrating thermal treatment with efficient waste-grinding systems offers a sustainable approach
to resource recovery and volume reduction in rock aggregate manufacturing and ore-dressing
operations. Primary and secondary crushing stages inevitably generate substantial volumes of fine
waste material (Zheng et al. 2021). Characterizing the engineering properties of these by-products is
essential for their industrial upcycling. Granite fines, an abundant by-product of rock crushing
processes, exhibit significant engineering properties, including high strength, low abrasion resistance,
and low water absorption. While granite quarrying causes environmental challenges, addressing
granite waste in engineering applications mitigates disposal hazards and air pollution (Amulya et al.
2021; Danish et al. 2021; Strzatkowski et al. 2025).

Granite waste and powder have been widely studied for their potential to enhance material
performance in a wide range of engineering applications. In geotechnical engineering, incorporating
granite fines effectively stabilizes soils, improves the California Bearing Ratio (CBR), enhances soil
plasticity, and mitigates swelling behavior in expansive soils (Soosan et al. 2005; Eltwati et al. 2020;
Abdelkader et al. 2022; Shah et al. 2022). In construction materials, adding granite powder improves the
durability of cementitious composites (Raghavendra et al. 2015; Medina et al. 2017; Gupta and Vyas
2018; Xiao and Xu 2019; Ramadji et al. 2020) and serves as a practical component in autoclaved aerated
concrete mixtures (Zafar et al. 2020). Furthermore, granite waste has demonstrated efficiency as a
precursor in geopolymer synthesis (Tchadjié et al. 2016), as an additive to enhance the strength and
sinterability of ceramics (Lu et al. 2019), and as a filler to optimize polymer composite properties (Tawfik
et al. 2022). Apart from these, it has also been utilized as a nutrient source to regulate acidic soils (Silva
et al. 2005).

Given the above explanations, it can be argued that using granite fines is advantageous from
multiple perspectives. However, grinding rocks is labour-intensive and costly, and some efforts have
been made to improve the efficiency of rock comminution processes. One well-established method for
reducing physical and mechanical properties of rocks is thermal treatment (Zhang et al. 2009; Singh et
al. 2019; Adewuyi et al. 2020). Thermal treatment can be applied to rock materials in two ways. One
method involves directly heating rocks or ores in high-temperature furnaces (Vishal et al. 2011; Gautam
et al. 2018; Yin et al. 2021; Zhu et al. 2022; Zhang et al. 2022), while the other employs an indirect
approach based on microwave heating (Nejati 2014; Motlagh 2015; Hassani et al. 2016; Kahraman et al.
2020; Yang et al. 2025).

Although the thermal degradation of rock properties is well established, utilizing this effect to aid
rock comminution can yield notable economic and sustainability benefits in engineering sciences and
waste management. Prior research extensively describes how heated intact rocks weaken physically
and mechanically, including reductions in Uniaxial Compressive Strength (UCS) and ultrasonic
velocity, along with increased porosity caused by dehydration, differential thermal expansion, and
grain boundary damage (Lin 2002; Griffiths et al. 2017; Tomas et al. 2021; Kahraman 2022; Paul et al.
2022; Gomabh et al. 2024). However, few studies address how rock waste responds thermally or how this
affects grinding properties.

To address this gap in the waste management literature, this study explores the physical, mechanical,
and grinding characteristics of granite quarry waste after controlled thermal treatment. While it does
not claim to present new findings on individual weakening trends in selected rock properties, its main
contributions are: (1) a combined evaluation of granite waste materials under elevated temperatures,
(2) a quantification of their thermal quality by proposing a quantitative measure based on a numerical
integration method, (3) possible relationships between rock mineralogy and their thermal response and
(4) the development of novel predictive models to assess the grinding properties of these materials.

It is hypothesised that controlled thermal pretreatment induces microstructural thermal cracking
and grain-boundary weakening, thereby enhancing comminution efficiency and reducing operational
energy consumption. For this purpose, representative granite waste samples were collected from
operational rock quarries in Tirkiye. Cubical rock specimens were prepared and thermally treated to
quantify changes in physical, mechanical, and grinding properties. Based on X-ray diffraction analyses,
potential correlations are sought to explain the effects of thermal treatment on each granite waste
material. In the subsequent sections, the thermal quality of these materials is quantified using a simple
numerical integration method. Decay functions are developed to precisely reveal the effects of thermal
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treatment on selected rock properties, and regression and soft computing analyses are conducted to
understand their grinding behaviour as a function of various inputs.

2. Materials and methods
2.1. Waste material collection

Representative waste rock blocks and rock aggregates with varying particle sizes were obtained from
various rock quarry dump sites in Tiirkiye. Seven granite rock samples (R1-R7) were considered in this
study. The sampling sites for granite waste materials are shown in Fig. 1.

2.2. Sample preparation and testing methods

The rock blocks were washed with distilled water to remove dust and other impurities. First, the
mineralogical characterisation of the waste materials was carried out using rock powder samples (<
0.074 mm). A Bruker Discover D8 diffractometer with a Cu Ka, radiation source (A = 1.54060 A) was
utilised for X-ray diffraction (XRD) analyses. The XRD patterns were analysed using HighScore Plus
(ver. 3.0), which incorporated the second powder diffraction file (°PDF-2 2011) and the Crystallography
Open Database (COD 2016).
Based on the provided information, typical XRD patterns for each waste material are shown in Fig.

2. From these patterns, the relative abundance of rock-forming minerals was determined semi-
quantitatively (Table 1).
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Fig. 2. Typical XRD patterns of the granite waste materials
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Table 1. Mineralogical composition of the granite waste materials (semiquantitative)

Rock-forming mineral R1 R2 R3 R4 R5 R6 R7
Quartz (wt. %) 373 134 16.6 295 34.1 7.2 24.5
Alkali Feldspar

(K-Feldspar) 14.2 17.1 16.3 12.3 229 28.5 16.4
(wt.% %)

Plagioclase (wt. %) 29.4 479 48.6 32.5 29.3 54.5 419
Pyroxene (wt. %) 7.00 9.5 7.3 5.4 5.6 <1 <1
Hornblende (wt. %) 44 2.5 <1 5.6 <1 2.3 3.7
Biotite (wt. %) 1.6 <1 <1 4.7 3.7 1.5 3.5
Muscovite (wt. %) <1 <1 <1 23 1.8 <1 <1
%’aque minerals! (Wt 5 13 6.7 40 22 3.7 45
Others? (wt. %) 11 6.5 2.7 3.4 <1 21 44
Total (%) 99.75 100.20 100.34 99.70 100.65 101.34 100.90

Explanations: IMagnetite, ilmenite 2Epidote, chlorite, titanite, apatite

Later, the rock blocks were cut and smoothed to obtain cubic samples in 70x70x70 mm dimensions.
The physical properties considered in this study were dry density (pq), effective porosity (n.), and pulse
wave velocity (Vp), while the mechanical property was uniaxial compressive strength (UCS). All tests
described herein were carried out in accordance with the standards listed in Table 2.

To determine the grinding properties of the waste materials, Bond Work Index (BWI) tests were
conducted in accordance with the procedures outlined by Bond (1961). For this purpose, 700 cm? of rock
materials with a —=3.35 mm size fraction was prepared for each rock type. The particle size distribution
(PSD) of the prepared rock samples is shown in Fig. 3.
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Fig. 3. Typical PSDs of the investigated granite waste materials
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At temperatures of 25, 100, 200, 300, 400, 500 and 600 °C, the physical, mechanical and grinding
properties of each granite waste material were determined. The heating rate in the high-temperature
furnace was 5°C/min. After the target temperature was reached, the rock samples were held at this
temperature for the next two hours. They were then left in the furnace to cool naturally. The laboratory
tests were conducted under oven-dried conditions, and the descriptive statistics for each rock property
were recorded. Average values of each rock property were used in soft computing analyses. The
experimental workflow and analytical steps are summarized in Fig. 4.

The heating-cooling schedule was intended to represent a controlled laboratory pre-treatment rather
than an optimised industrial heating process. A moderate heating rate of 5 °C/min, a 2 h soaking period,
and natural cooling were systematically applied to mitigate thermal shock and provide an objective
engineering interpretation.
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Fig. 4. Flowchart of the experimental procedure and study outline

2.3. Thermal quality assessment

Within this framework, the term "thermal quality" is defined as an operational evaluation metric rather
than a universal material constant. It quantifies the cumulative degradation or deviation of a specific
rock property from its room-temperature baseline across the temperature range under investigation.
Consequently, this metric is a comparative, repeatable quantity derived directly from laboratory test
results.

The influence of thermal treatment on rock engineering properties was quantified using numerical
integration (Trapezoidal rule). After plotting each rock property as a function of temperature (T), the
area (Ae) beneath the response curve f(T) was used as a reliable measure of thermal impact. In the
hypothetical absence of thermal effects (no thermal effects are available), this area would equal a
constant baseline (A.=Ay).

In practice, a typical increase is observed in the considered area when n. is considered (Fig. 5a),
whereas it decreases for other rock properties, for example, p4, Vp and UCS values (Fig. 5b). Based on



6 Physicochem. Probl. Miner. Process., 62(4), 2026, 231190

these changes in Ae, the thermal quality of the waste materials was assessed and compared to one
another. Accordingly, the area beneath the response curve was calculated using Eqgs. 1 and 2.

b h -1
Enclosed area (A) = [ (£)dx ~ 2[f (x) + 25557 F(x) + f ()] M
b-a AT
h=—=— 2
— = (2)
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Fig. 5. Thermal effects on different rock properties: a) Effective porosity, b) Uniaxial compressive strength

To assess the thermal quality of each waste material, the calculated Ae was compared with the
theoretical baseline with no thermal effect (A0 = Tmax x maximum value of the adopted rock property
(Pmax)). This comparison provides a practical, reliable metric for evaluating the thermal quality of
waste materials.

3. Laboratory studies

Cubic samples were saturated in a water tank containing distilled water at 21 + 1 °C for 24 hours. The
saturated weights (Ws) of the samples were recorded on a precision balance. The samples were then
oven-dried at 105 °C + 2 °C for 24 hours to obtain dry weights (Wd). Subsequently, pd and ne were
calculated using Eqs. 3 and 4, respectively.

w
Pa =" 3)
Ws—Wd
ne = —2%—x 100 @)

where Wq: Oven-dried weight of the cubical sample (g), W;: Saturated weight of the cubical sample (g),
pw: density of distilled water (1 g/cm?), V: Volume of the cubical sample (cm?).

A servo-controlled stiff-loading machine (capacity: 2000 kN) was used to determine the UCS of the
samples at loading rates of approximately 0.5-1.0 MPa/s. The V,, of each rock sample was measured
using an E48 Pulse Generator testing apparatus. The BWI tests were carried out using a standard ball
mill (ball mill width: 30.48 cm, ball mill length: 30.48 cm, number of mill rotations: 70 rpm, total volume
of the ball mill: 700 cm?, ball charge ratio: 40%). The BWI index tests were completed once the circulating
load reached 250%. BWI values were then calculated using Eq. 5. Typical laboratory studies are
illustrated in Fig. 6.

BWI = 443 )
) 10 10
Piest’23x G082 ><<P—80— Fso)

where BWI is the Bond Work Index (kWh/t), Ptest is the test sieve size (106 um in this study). G is the
grindability ratio (g/rev), P80 is the characteristic product size (nm) at which 80% of the total product
is undersized, and F80 is the characteristic feed size (um) at which 80% of the feed is undersized.
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Fig. 6. Laboratory studies: a) XRD analysis b) Pulse wave velocity measurement c) UCS test, d) High-temperature
furnace used in thermal treatment, ) BWI test

4. Results and discussion
4.1. Impacts of thermal treatment on adopted rock properties

Rock materials undergo both physical and chemical transformations when exposed to high
temperatures. Physically, they lose water, leading to changes in mass and volume, and develop
microcracks due to differences in thermal expansion among minerals (Zhang et al. 2016). Chemically,
they may undergo phase transitions in crystals and deterioration at grain boundaries. These internal
and external structural signs indicate diverse responses that depend on the rock's physical and
mechanical properties.

From a detailed thermomechanical perspective, owing to the different thermal expansion
coefficients of rock-forming minerals, heating and cooling cycles produce non-uniform volumetric
strains (Helgeson 1978; Zaraisky and Balashov 1994; Siegesmund et al. 2018; Le Pape et al. 2018; Wang
et al. 2020) that promote microcrack initiation at grain boundaries, thereby reducing rock strength
properties.

Furthermore, temperature-induced phase transformations in rock-forming minerals can trigger
thermogravimetric changes, such as dehydration, decarbonisation, and dihydroxylation, which can
lead to microcracks that further weaken structural integrity (Wu et al. 2019; Vidana Pathiranagei et al.
2021; Ram et al. 2025).

As summarized above, Table 3 presents descriptive statistics on variations in rock properties under
thermal treatment. The laboratory test results indicate that the average UCS values at 25 °C ranged from
70.90 to 182.57 MPa, whereas after heating to 600 °C, they decreased to 28.68-146.30 MPa. These
decreases correspond to thermally induced microcracking and increased porosity, which weaken the
samples’ internal structure. Variations in V; values also support the temperature-induced reduction in
structural integrity of rock samples. Consistent with thermally induced microcracking, V, decreased as
temperature increased, while n. showed a gradual increase.
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Table 3. Physical, mechanical and grinding properties of granite waste materials.
Strength Porosity Crushability
Wast.e T (°C) pa (g/cm?) ne (%) V, (km/s)* UCS (MPa) BWI (KWh,/§** class1f1cat10n*f‘* classification*** classification***
material (Deere and Miller Anon (1979) Metso (2011)
(1966)
25 2681+0.089 (10) 035+0.016(10) 506+0227 (10) 162.7£2528(5)  17.95+1.20 (3)
100 2675+006 (4)  044+0025(4) 493+071(4)  160.91+1857 (4) 1659 +0.49 (3) Class IT
200 2665£010(3)  045£0039(3) 466:042(3) 157.22£2211(3) 1554%068() .
R1 300 2652+004 (4)  051+0056(4) 447+028(4)  1515+1507(4)  1537+1.92(3) Class I
400 2639+012(3) 054+0063 (3) 443+052(3) 147051114 (3)  15.05+1.04 (3) Class 11 - Class 111
500 2625+005(3)  062+0034(2) 422+028(2)  12557+835(2)  14.89+0.87 (3)
600 2617+005(3)  068+0030(2) 410+015(2)  1095+1379(2)  1458+0.63 (3) Class II - Class III
25 261+0075(6)  056+0091(6)  4.11£0.19 (6) 1452 +4.19 (5) 16.25 +0.50 (3) Class 1
100 261+0044 (6) 063+0137(6) 404%012(6)  14617+9.06(5)  16.21+0.84(3) Class IT
200 260+0057 (6) 093+0314(6)  3.95+0.17 (6) 138.5 + 4.54 (5) 1582+137 (3) ClassII Class 1. Class 11
R2 300 259+0035(4)  121+0265(4) 3.74+031 (4) 136.5 % 6.62 (5) 14.99 +1.76 (3)
400 2.59 +0.055 (4) 16+071(4)  339+019(4)  1274%1055(5)  14.66+1.37 (3) Class 11 - Class 111
500 258+£0061(3)  176+053(3) 305:030(3)  1062£1084(5)  1402%062(3) . ' 0 Class IT
600 2569+0027 (3)  18+034(3)  276+0.08 (3) 98.3 +17.81 (5) 13.65 + 0.98 (3)
25 257+0024(5)  107+036(5)  439+0094(5) 13840+882(3)  15.69+1.42(3) Class IT
100 2574+0059 (4)  1.08+024(4)  442+013(4)  14071£587(3)  15.05+1.22(3) Class 1. Class 11
200 2569+0033 (4)  123+071(4)  434+019(4)  14026+1197(3) 1457+074(3) ClassII
R3 300 2551+0047 (3)  149+059(3) 422+0074(3) 13425+1804(3)  1339+0.55 (3) Class TI - Class TIT
400 2533+0066 (3)  194+024(3)  386+021(3) 1252941163 (3) 1259 +0.81 (3)
500 2513£0017(3)  211£048(3)  371%014(3) 11226£1570(3)  1244%154(3) .\ o o Class IT
600 2475+0024 (3)  233+085(3) 356+0.065(3) 104715235 (3) 10.6 +2.05 (3) Class III - Class IV
25 2702+0030 (7)  076+025(7)  428+010(7)  14432£2180(7)  17.90 +1.35 (4)
100 2704+0027 (6)  0.75+014(6) 4.28+0014(6) 147.72+1535(6)  17.66+0.82 (4) Class IT
200 2695+0034(6) 096+028(6) 412+0.050(6) 1344 +16.22 (6) 1724160 (4)  ClassII Class 1. Class 11
R4 300 2685+0026(4)  12+038(4)  346+032(4)  13044+2761(4) 1653 +2.68 (4)
400 2662+0046 (3)  127+060(3)  315+£040(3) 12325950 (3)  16.02+1.05 (4) Class 11 - Class 111
500 2615£0029(3)  147£046(3)  264%015(3) 11582£1780(3)  1547%173(3) .\ o
600 2584+0024(3) 193+051(3) 261+011(3)  109.66+11.50 (3)  14.97 +0.81 (3) Class IT




Table 3. Physical, mechanical and grinding properties of granite waste materials (continued)
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Waste material

T (O

pa (g/cm?)

ne (%)

V, (km/s)*

UCS (MPa)

BWI (KWh/t)**

Strength classification***

Porosity classification®**

Crushability
classification®**

(Deere and Miller (1966)

Anon (1979)

Metso (2011)

25

2.741 £0.019 (7)

0.52+0.15 (7)

5374022 (7)

182.57 + 14.06 (4)

21.66 + 1.52 (3)

100

2.742 +0.030 (5)

0.49 + 0.24 (5)

5.21 4 0.40 (5)

179.21 + 18.10 (4)

21.15+ 1.08 (3)

200

2.743 +0.036 (4)

0.56 4 0.18 (4)

4.87+0.51 (4)

173.96 £ 9.32 (3)

20.65+ 1.18 (3)

RS 300

2.726 + 0.054 (5)

0.74 + 0.27 (5)

4.53+0.35 (5)

165.42 + 14.39 (3)

19.8 + 1.91(3)

400

271+ 0.044 (4)

0.93 + 0.38 (4)

4244025 (3)

162.27 + 10.08 (3)

18.45 + 1.49 (3)

500

2.676 +0.041 (4)

1.37+0.23 (4)

4.22+0.290 (4)

150.72 +9.86 (3)

18.14 + 1.88 (3)

600

2.635+0.017 (3)

1.62 +0.49 (3)

4.12+0.220 (3)

146.3 + 8.490 (3)

1775+ 1.10 (3)

Class 11

Class I

Class I

Class I - Class II

Class 1T

Class I - Class II

25

2.68+0.012 (4)

0.65 + 0.40 (4)

4.32+0.170 (4)

109.37 + 16.82 (3)

17.85 +2.45 (3)

100

2,675+ 0.025 (4)

0.97 + 0.31 (4)

424 +0.204 (4)

104.14 + 20.60 (3)

17.02 + 1.52 (3)

200

2.662 £ 0.018 (5)

1.23£0.27 (5)

4.170.153 (5)

96.21 + 14.72 (3)

15.47 = 1.65 (3)

300

2.652+0.041 (4)

1.57 £ 0.55 (4)

4.09 + 0314 (3)

90.07 + 25.13 (3)

15.25+2.21 (3)

R6 400

2.649 + 0.053 (4)

1.96 + 0.32 (4)

3.4140.126 (4)

85.34+9.26 (3)

14.39 + 1.73 (3)

500

2.631+0.027 (3)

2.43+0.72(3)

3.05+0.238 (3)

74.88 + 13.06 (3)

13.6 + 0.54 (3)

Class II - Class III

Class I - Class II

Class I - Class II

600

2.584+0.019 (3)

2.51+0.59 (3)

2.96 4 0.092 (3)

62.78 + 8.52 (3)

1271 + 1.03 (3)

Class III - Class IV

Class 1T

Class II - Class III

Class IIT

25

2.610+0.034 (7)

0.88 + 0.26 (7)

3.96 +0.074 (7)

70.90 + 12.52 (3)

14.62 + 0.88 (3)

Class IIT

100

2.586 +0.022 (5)

1.23 +£0.40 (5)

3.85+0.118 (5)

58.95 4 10.09 (3)

13.48 + 1.53 (3)

200

2.580 + 0.037 (5)

1.58 £0.71 (5)

3.54 4 0.304 (5)

51.01+6.22 (3)

12.47 £2.36 (3)

R7 300

2.571+0.015 (4)

2.21+0.44 (4)

3.2640.102 (4)

50.22 +9.20 (3)

10.32 + 0.53 (3)

400

2.564 + 0.038 (4)

3.17 4 1.09 (4)

3.14+0.247 (4)

47.26 +10.43 (3)

8.91+ 1.06 (3)

Class III - Class IV

Class I - Class II

Class II - Class III

Class III - Class IV

500

2.511+0.011 (3)

431+ 1.64 (3)

2.9+0.183 (3)

39.84 4 10.70 (3)

8.25+0.73 (3)

600

2.459 +0.023 (4)

5.71+0.99 (4)

2.7240.114 (4)

28.68 + 7.68 (3)

7.54+0.40 (3)

Class IV

Class II - Class III

Class IV

Note:
Note:
Note:
Note:

The notation of 2.741 + 0.019 (7) indicates the average + standard deviations (number of individual samples)
*Considering each surface of the cubic samples, V, measurements have been conducted.
**BWI test has been conducted using individual rock aggregate samples (—3.35 mm).

***Rock material classifications adopted are given in Table 4.

DOI: 10.37190/ ppmp/ 231190
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On the other hand, the decrease in BWI values can be attributed to the increased grindability of rock
at higher temperatures. In line with the scientific evidence of the relationship between rock strength
and BWI (Aras 2009; Haffez 2012; Aras et al. 2020; Ranjbar et al. 2021), the R7 sample, which exhibited
the greatest reduction in BWI at 600°C among all materials, also has lower rock strength properties.

For example, the grinding process for thermally treated R7 can be performed with less energy. From
another perspective, the strength, porosity, and crushability classifications of the granite waste
materials were also demonstrated using the quantitative approaches proposed by Deere and Miller
(1966), Anon (1979), and Metso (2011), respectively (Table 4). Because the adopted rock material
classifications provide only indirect information on the thermal quality of the granite wastes, the
following section presents a novel method to quantify this quality.

Table 4. Rock material classifications based on different inputs

Strength classification Porosity classification Crushability classification
Deere and Miller (1966) Anon (1979) Metso (2011)
UCS (MPa) Class ne (%) Class BWI (kWh/t) Crushability
<25 Very weak (V) <1  Very low (I) <7 Very easy (V)
25-50 Weak (IV) 1-5 Low (II) 7-10 Easy (IV)
50-100  Moderate (III) 5-15 Moderate (III) 10-14 Moderate (I1I)
100-200  Hard (II) 15-30 High (IV) 14-18  Difficult (II)
> 200 Very hard (I) >30 Very high (V) >18 Very difficult (I)

4.2. Thermal quality quantification

Temperature-dependent variations in the selected rock properties were quantified using Eqs. 1 and 2.
The A. beneath each response curve in Fig. 7 was calculated using the Trapezoidal rule. Using Ae and

AO0 together, a new rating point (RP) was assigned to each rock type using Eq. 6.

Ap—Ae
RP = —‘;00 (6)

where Ao: Theoretical baseline (A = Tmax X Pmax), Ae: Area beneath the response curve.

RP is a dimensionless index quantifying the relative change from A, to Ae; it therefore represents a
normalised ratio rather than a physical quantity with units. Dividing by 100 in Eq. 6 simplifies
calculation and interpretation of the index. For rock properties that decrease with temperature (e.g.,
UCS and BWI), a higher RP value indicates lower thermal quality of granite waste. Conversely, for
properties that increase with temperature, such as n, a lower RP value indicates higher thermal quality.

To facilitate calculations, a user-friendly MATLAB code was developed to determine RP for each
waste material. Fig. 7 illustrates some RPs of waste materials in relation to different rock properties. For
example, based on pd, R6's RP (0.84) is lower than R4's (0.90), suggesting that R6 has higher thermal
quality. Regarding the R1 material, the best thermal performance is shown, with an RP of 1.10. Likewise,
R3 (RP = 16.8) appears to perform better than R6 (RP = 20.45) when considering their BWI variations
(see Table 5). These comparisons can also be made easily using the lab test results in Table 3. In general,
Table 5 enables a straightforward assessment of the thermal performance of granite waste materials in
relation to their physical and mechanical properties. It also provides strong evidence for analyzing their
engineering behaviour under different temperature conditions.

In other words, conventional thermal treatment does not affect different rock properties uniformly.
Therefore, the thermal quality of granite wastes varies with both elevated temperature and rock
properties. This highlights that a single thermal resistance cannot be assigned to these materials.

Within this framework, numerical integration techniques provide a systematic, quantitative basis for
evaluating and comparing the thermal quality of granite waste. These methods capture the cumulative
effects of thermal treatment on commonly used rock parameters, namely pq, ne, Vp, and UCS.

Furthermore, examining the relationships between the thermal quality indices (RPs) derived from
various rock properties and selected physical and mechanical characteristics indicates that the indices
based on ne and BWI show a relatively stronger association with UCS at room temperature. Conversely,
BWI-based thermal quality of granite waste materials cannot be reliably assessed using their initial Vp,
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values. This suggests that although elastic wave characteristics reflect the degree of structural
heterogeneity within rock materials, they are less effective indicators of thermal degradation behaviour
in this context (Fig 8).

B MATLAB App o X B8 MaTLAB App
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300 450 : 150 300 450
Temperature (°C) Temperature (°C)

Dry density (pd, gicm3)

Enclosed Area (unit sq) 1524 Enclosed Area (unit sq)

Input data Input data
Rating point (RP) 0.8505 Rating point (RP)

»
) 3

S

Pulse wave velocity, Vp (km/s)
Bond Work Index, BWI (kWhit)

o

150 300 450 150 300 450
Temperature (°C) Temperature (°C)
Enclosed Area (unit sq) 2002 Enclosed Area (unit sq) 6100

Input data Input data
Rating point (RP) 5.655 Rating point (RP) 26.72

Fig. 7. Numerical integration examples for assessing the variations in rock properties in relation to thermal
treatment

Table 5. Relative quality of waste materials concerning different rock properties.

Mechanical Grinding Thermal

Physical properties . . .
Y prop properties properties quality
pd ne Vp ucCs BWI Best
R2 R1 R3 R3 R2
R3 R2 R2 R2 R4
R6 R5 R1 R1 R3
R1 R3 R6 R4 R5
R5 R4 R7 R5 R1
R4 R6 R4 R7 R6
R7 R7 R5 R6 R7 Worst
Note: Thermal quality of granite wastes has been evaluated based on the RPs
calculated using Eq 6.
+ +
0.95 R7 261 R7
0.90 =R4 = 221 R6
=¥ R1 l 2 R1 RSX
& 0851 ® ROVXR6 cisle &
e U increasing 4 increasing
R3 thermal quality 14 R3 thermal quality
0.801 increasing mR4 increasing
0.754, A R.2 . thermal q'ual‘\ty . 104, R2a . . thermal qlua\ity .
0 5 10 15 20 0 5 10 15 20
RP-ne RP-ne
Eﬁ% UCS (MPa) (25°C) Vp(km/s) (25°C) Empirical correlations
R1 162.70 5.06 RP-ne =22.88-0.1218UCS RZ=0.65
R2 145.20 4.11 RP-ne = 32.80-5.93Vp R2=0.29
R3 138.40 4.39 RP-pg = 0.98 - 0009UCS RZ=0.31
R4 144.22 4.28 RP-BWI = 22.50 - 1.08Vp R2=0.02
R5 189.17 5.37 RP-BWI = 29.98 - 0.091UCS  R%= 0.42
R6 109.37 4.32
R7 70.90 3.93

Fig. 8. Assessment of RPs concerning some rock properties at room temperature
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It also seems logical that the thermal response of granite waste is influenced by mineralogical
variations. Several researchers (Liu et al. 2016; Siegesmund et al. 2018; Paul et al. 2022; Lasheen et al.
2023; Abddaim et al. 2024; Alzo'ubi and Alneasan 2025) concluded that rock mineralogy significantly
influences thermal expansion, permeability, and microstructural sensitivity. In this context, correlation
analyses were conducted to assess the potential impact of mineralogical composition on the thermal
resistance of granite waste materials. Table 6 summarizes these relationships. The Vp-based thermal
quality of the granite waste materials exhibits a moderate positive association with Qtz content and a
moderate negative association with Plg content (r = 0.545 and r = —0.653, respectively), consistent with
the theoretical and practical framework proposed by Helgeson (1978). However, given the limited
sample size (n = 7), neither correlation is statistically significant (p = 0.205 and p = 0.112, respectively).
Accordingly, these trends should be regarded as preliminary observations rather than as a reliable basis
for engineering decision-making. Given the limited number of granite waste samples examined in this
study (n=7), future research is recommended to investigate how mineralogical variability influences the
thermal quality of granite waste from additional perspectives, such as abrasion and fragmentation
resistance, using more comprehensive datasets encompassing a broader range of granite sources. Such
studies would help establish whether the observed trends are statistically significant.

Table 6. Pearson’s correlation matrix of mineralogical features and thermal changes in different properties

Pearson’s correlation

Parameter Qtz K-feld Plg - Correlation degree **
coefficient, r
RP (p4) 0.360 (0.428)  -0.165 (0.724) -0.290 (0.528) 0 No correlation
RP (ne) -0.090 (0.848) —0.014 (0.977)  0.174 (0.709) 0-0.20 Very weak
RP (Vp) 0.545 (0.205) ~ 0.045(0.924) —0.653 (0.112) 0.21-0.40 Weak
RP (UCS)  0.226 (0.627)  0.264 (0.567)  —0.309 (0.500) 0.41 - 0.60 Moderate
RP (BWI)  0.038 (0.936)  0.270 (0.558)  0.098 (0.835) 0.61 - 0.80 Strong
0.81-0.99 Very strong
1 Perfect

* Bold values indicate correlations of moderate strength or higher (|r| 2> 0.41), regardless of statistical
significance, given the limited sample size.
**Adapted from Landis and Koch (1977). P-values are shown in parentheses.

4.3. Decay functions

When evaluating cycling or progressive hazard assessment of rocks or rock-related structures, decay
functions are primarily used to understand their long-term behaviour. Incorporating decay functions
into the modelling of the progressive deterioration of rock materials also helps identify critical points at
which the materials become unstable in terms of their physical and mechanical properties. Although
decay functions have mainly been used to assess cyclic freeze-thaw impacts on rock materials
(Mutluttirk et al. 2004; Jamshidi et al. 2013; Aral et al. 2021; Huang et al. 2025), they can also be utilized
when assessing incremental heating or heating-cooling processes. Based on laboratory test results
conducted under controlled heating conditions, various decay functions were derived for the selected
inputs. The typical form of the decay function in rock engineering is given by Eq. 7. The specific decay
functions are listed in Table 7.

The decay constant (d.) for paranged from -7.74 x107° to -2.43 x107°, with an average of -4.72 x10°.
Similarly, for BWI, d. ranged from -1.11 x 1073 to -2.71 x 10™*, with an average of -5.30 x 107*.

Ve = Xip X exp(_dc X T) (7)
where y: is the output based on the applied temperature (T) in the furnace, xi, is the initial rock property
at room temperature, and d. is the decay constant.

In rock engineering and engineering geology, using dc can be an effective way to obtain a single
comparative durability index for waste rocks. This helps incorporate granite waste into various
industries by providing cost-effective insights into crushing and grinding. This approach also facilitates
quantifying rock degradation resulting from cyclic and/ or incremental thermal loading. However, this
approach has limitations in scenarios characterised by non-monotonic rock degradation profiles and by
reaching temperature thresholds (Tmax).
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Table 7. Decay functions for different rock properties

Waste Material Decay function Initial values (pg_j,— BWI;,) tvalue R2
Pa—t = Pa—in X exp(—3.95 X 107°T) 2.681 g/cm3 -2827 0.99
Np—p = Ng_in X exp(1.13 X 10737) 0.35 % 2932 097
R1 Vp—r = Vp_in X exp(—=3.59 x 107*T) 5.06 km/s -29.18 0.98
UCS; = UCS;, X exp(—4.51 x 107*T) 16270 MPa 5838 0.5
BWI, = BWI,, x exp(—4.16 x 10°T) _ 17.95 KWh/t 2990  0.84
Pa_t = Pain X exp(—2.43 X 1075T) 2.610 g/cm3 -1518 0.97
Np—p = Ng_in X exp(2.15 X 10737) 0.56 % 2028 090
R2 Vp—r = Vp_in X exp(=5.29 x 107*T) 411km/s -8.61 093
UCS; = UCS;, % exp(—4.87 x 107*T) 14520 MPa 614 088
BWI, = BWI,, X exp(—2.71 x 10*T) 1625 kWh/t —1411 098
Pa_1 = Pain X exp(—4.56 X 1075T) 2570 g/cm3 -642  0.89
Ne_r = Ne_in X exp(1.31 X 1073T) 1.07 % 2318 097
R3 Vpor = Vp_in X exp(—2.94 x 107*T) 439km/s =729 092
UCS; = UCS;, % exp(—3.29 x 107*T) 13840 MPa —478 085
BWI, = BWI,, x exp(—5.44 x 107*T)  15.69 kWh/t 1474 096
Pa—t = Pa—in X exp(—5.44 X 107°T) 2.70 g/cmd -591  0.86
Ng_ = Ne_in X exp(1.44 X 1073T) 0.76 % 2322 097
R4 Vpor = Vp_in X exp(=7.71 x 107*T) 428 km/s -851 094
UCSy = UCS;, X exp(—4.10 x 10~*T)  144.32 MPa ~10.82  0.96
BWIy = BWI,, X exp(—2.81 x 10*T)  17.90 KWh/t 322 09
Pa—t = Pa—in X exp(—4.48 X 107°T) 2.74 g/cmd -540 084
Np—p = Ng_in X exp(1.80 X 10737) 0.52 % 1651  0.96
R5 Vpor = Vp_in X exp(—6.26 x 107*T) 5.37 km/s -19.68 0.96
UCSy = UCSy X exp(—534 x 10-*T) _ 189.17 MPa ~1036 085
BWIy = BWI,, X exp(—=5.30 x 10*T)  21.66 KWh/t —1377 09
Pa—t = Pa—in X exp(—4.42 X 107°T) 2.680 g/cm3 -854 085
Np—p = Ng_in X exp(2.44 X 1073T) 0.65 % 2415 093
R6 Vpor = Vp_in X exp(—5.46 x 107*T) 432km/s -6.93  0.89
UCSy = UCS;, % exp(—=7.53 x 10~*T)  109.37 MPa —1420  0.96
BWI, = BWI,, x exp(—5.56 x 10*T) _ 17.85 kWh/t 2910 0.98
Pa—t = Pa—in X exp(—7.74 X 107°T) 2,611 g/cm3 -9.10 087
Np—p = Ng_in X exp(3.13 X 10737) 0.88 % 1852 0.99
R7 Vyor =V, i X exp(—6.08 X 107°T)  3.96 km/s 2714 099
UCSy = UCSy X exp(—127 x 10°T) 7090 MPa “13.06 092
BWI, = BWI,, X exp(—1.11 x 10°T)  14.62 KWh/t 22094 098

Explanations: pq.r - BWIr: Temperature-dependent outputs, T: Applied temperature in furnace (°C), pg.in - BWlin:
Initial rock properties at room temperature (~ 25°C), t: Statistical t-value, RZ Coefficient of determination

In the context of sustainable mineral processing, optimising a granite waste grinding circuit requires
a clear understanding of feed material variability to balance throughput, product fineness, and specific
energy consumption (Pavloudakis et al. 2024). Specifically, variations in BWI must be precisely
quantified to dynamically adjust operational parameters, thereby ensuring the target particle size
distribution is achieved with minimal energy consumption. Therefore, the following section presents
detailed regression and soft-computing analyses to develop predictive models for assessing BWI as a
function of selected rock properties.

4.4. Regression and soft computing analyses

To understand variations in granite quarry waste and its processing for sustainable industrial
applications, accurately determining material grindability is essential. In this context, BWI serves as the
standard parameter for quantifying the resistance of materials to grinding in a ball mill. However, its
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direct laboratory measurement is extremely time-consuming and equipment-intensive. To overcome
these limitations, predictive modelling based on more repeatable test methods has emerged as a highly
efficient alternative.

Traditional statistical approaches, such as multiple linear and nonlinear regression analyses, provide
straightforward empirical equations; however, soft computing methods offer advanced, nonlinear
capabilities that can capture the more complex, noisy, and heterogeneous nature of rock waste materials
(Herrera et al. 2023; Sree and Kanmani 2024). In this section, the BWI of granite waste materials was
modelled using regression and soft computing analyses.

4.4.1. Regression analyses

Before developing predictive models, it is useful to examine relationships between the inputs (T, pq, N,
Vp, and UCS) and the output (BWI). Table 8 summarises these relationships. According to Landis and
Koch (1977), T is moderately correlated with BWI (a negative correlation), whereas the other inputs
strongly influence BWL

Based on the correlation analysis results, several simple, multiple, and nonlinear regression analyses
were conducted in RStudio 2026. Accordingly, notable predictive models (M1-M6) are presented in
Table 9.

Table 8 Pearson’s correlation analysis results.

Parameter T Pd Ne Vo UcCs BWI
T 1

Pd -0.462 1

Ne 0.586 -0.701 1

Vp -0.668 0.621 -0.722 1

ucCs -0.367 0.626 -0.755 0.738 1

BWI -0.491 0.889 -0.798 0.706 0.827 1

Table 9. Regression analysis results

Model Empirical equation Error metric
No R2 RMSE
M1 BWI = 18.60 — 0.00053T — 2.319n,, 0.62 1.786
M2 BWI = —-58.91 — 0.00024T + 28.79p,; — 1.047n, 0.85 1.145
M3 BWI = 12.08 — 0.00148T — 0.992n, + 0.041UCS 0.74 1.452
M4 BWI = 0.033 x T~002% x p 6481 0.79 1.305
M5 BWI = 2.84 x T~0040 x [CS0-3%8 0.72 1.554
M6 BWI = 0.074 x T~%01 x p5573 x n;0.068 0.82 1.243

Based on the regression results summarised in Table 9, the predictive performance of the six models
(M1-M6) varies significantly when different input combinations are considered. Among the multiple
linear regression models, M2 exhibits the strongest predictive performance, yielding a coefficient of
determination (R?) of 0.85 and an RMSE of 1.145. These statistics indicate that M2 explains
approximately 85% of the variability in BWI values. In addition, the non-linear power model (M6)
provides a comparably robust fit (R? =0.82; RMSE= 1.243) and may be considered as another suitable
predictive tool for estimating the BWI of granite waste materials. Notably, both M2 and M6 incorporate
the same set of inputs (T, p4, and n.), suggesting that this combination is effective for modelling BWI.

4.4.2. Soft computing analyses

In mining engineering and earth sciences, interpretable machine learning models connect data analysis
with geomechanical and mineral processing challenges. They provide physical consistency, spatial
transparency, and diagnostic insights essential for safe and sustainable operations.

In this study, to simplify computation and produce practically applicable mathematical
formulations, the multivariate adaptive regression splines (MARS) method, a user-friendly soft
computing technique, is used to develop predictive models that are more accurate than those in Table
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9. Originally proposed by Friedman (1991), MARS is a semi-parametric regression technique that
combines the interpretability of linear modelling with the flexibility of non-parametric methods.

In recent years, MARS has been widely applied to prediction and optimisation problems (Qureshi
et al,, 2022; Naser et al., 2022; Rana et al., 2025; Eskandarinejad et al., 2025). The method consists of two
stages: a forward pass, in which basis functions (BFs) are introduced to capture non-linearities and
interactions, and a backward pass, in which these BFs are combined linearly. In this study, MARS-based
soft-computing analyses were implemented in RStudio (2026). A 5-fold cross-validation strategy was
employed to minimise overfitting risks during soft computing modelling. This means the dataset (Table
3, n=49) was randomly divided into five parts: four with 10 samples and the remaining one with 9. In
each round, four parts (39 or 40 samples) were used to train the model, and the remaining part (10 or 9
samples) was used to test it (Fig. 9). Based on the above identification, soft computing modelling was
performed as an exploratory exercise. Because the observations and laboratory test results come from
seven source materials (R1-R7), measurements of the same material at different temperatures might not
be fully independent. Overlooking this dependence could lead to an overestimation of predictive
performance. Therefore, when selecting inputs for MARS models, special care was taken to avoid highly
correlated pairs (Table 10).

Model Performance
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(*) Scatter plots are given in Figure 9.
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Fig 9. 5-fold cross-validation procedure

Table 10. Input parameters considered in MARS analyses

Model No Input parameters Output
M7 T, pq, ne

M8 T, ne, Vpp BWI
M9 T, pa, UCS

Accordingly, three robust predictive models (M7-M9) were developed to estimate BWI values. The
mathematical equations of the established models are listed in Table 11. The performance of these
models was evaluated using scatter plots (Fig. 10) and several statistical indicators, including the
coefficient of determination (R?) and the root mean squared error (RMSE) (Table 12). Accordingly, the
R? and RMSE values range from 0.85 to 0.96 and from 0.60 to 1.18, respectively. The statistical indicators
show that the M9 model outperforms the other models. The input parameters considered in this model
are T, pd, and UCS, which together provide a good combination for estimating BWI values.

These models can be easily implemented in computational environments such as MATLAB and
Python for practical applications. This enables rapid estimation and visualisation of predicted BWI
values under different thermal conditions.

This computational flexibility not only makes it easier for researchers and industry professionals to
use but also enables integration with larger process-simulation frameworks for rock comminution and
energy optimisation. In this context, the present study can be regarded as a case study that establishes
the dual significance of (i) quantifying the thermal effects on selected engineering properties of granite
waste materials and (ii) establishing a set of data-driven predictive models capable of evaluating their
grinding behaviour with reasonable accuracy.
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Table 11. Mathematical equations of the developed models

Model No

Predictive model

BWI =17.57 + 0.0057BF1 + 73.64BF2 — 5.72BF3 — 0.051BF4 + 0.0079BF5
—0.021BF6

M7 BF1 = max(0; T — 100) BF2 = max(0; pd — 2.685) BF3 = max(0; ne — 0.68)
BF4 =T x max(0;2.685 — pd) BF5 =T xmax(0;ne —0.97) BF6 =T x max(0;0.97 — ne)
BWI =49.91 - 0.0194BF1 — 28.32BF2 — 18.76BF3 + 26.32BF4 + 8.04BF5
M8 —0.013BF6
BF1 = max(0;400 — T) BF2 = max(0; ne — 0.68) BF3 = max(0;1.96 — ne)
BF4 = max(0; ne — 1.96) BF5 = max(0; Vp — 4.43) BF6 = T x max(0; 1.96 — ne)
BWI = 14.29 — 0.14BF1 + 0.008BF2 + 0.00009BF3 — 0. 16BF4 + 0.34BF5
M9 BF1 = max(0;74.88 — UCS) BF2 = max(0;400 —T) BF3 =T x max(0; UCS — 74.88)

BF4 = max(0; 2.685 — pd) X UCS BF5 = max(0; pd — 2.685) X UCS

Table 12. Performance evaluation of the developed soft computing models

Performance metric: R2

Cross_validation k=1 k=2 k=3 k=4 k=5 AVerage R2
steps Tr Te Tr Te Tr Te Tr Te Tr Te
M7 0.96 093 095 091 092 096 094 096 092 0.97 0.94
M8 0.84 083 081 0.83 092 078 0.84 091 0.85 0.89 0.85
M9 0.97 094 095 096 096 094 098 094 095 0.96 0.96
Performance metric: RMSE
Cross-validation k=1 k=2 k=3 k=4 k=5 Average RMSE
steps Tr Te Tr Te Tr Te Tr Te Tr Te
M7 0.56 071 049 0.88 062 052 0.61 054 0.61 0.52 0.60
M8 1.18 116 126 119 1.02 157 1.01 129 1.04 1.08 1.18
M9 0.59 068 063 0.60 054 074 052 064 0.69 0.57 0.62
Explanations: Tr: Training dataset Te: Testing dataset
M7 (k=2) M8 (k=4)
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Fig. 10. Scatter plots of the soft computing models in different cross-validation steps

In addition, the industrial relevance of these findings is conditional. A lower BWI after heating indicates
improved grindability, but it does not, by itself, demonstrate a net energy benefit, as furnace or microwave
energy demand, heat losses, throughput, emission intensity, and equipment costs must be considered.
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The present study should therefore be regarded as a laboratory-scale demonstration of potential
comminution improvement, forming the basis for subsequent techno-economic and life-cycle analyses
rather than as proof of industrial feasibility.

The computational and analytical approaches presented in this work have the potential to promote the
efficient use of natural materials and to optimise mineral processing, related geoengineering, and industrial
applications.

5. Conclusions

This study examined how the physical, mechanical, and comminution properties of granite waste
change under thermal treatment at temperatures up to 600 °C. The laboratory test results indicate a
progressive degradation of material properties with increasing temperature, accompanied by improved
grindability and crushability. A standard numerical integration approach was used to quantify the
thermal quality of the tested wastes; the resulting RPs exhibit heterogeneous thermal-quality profiles
governed by the individual rock properties. Consequently, assigning a single thermal quality value to
granite waste is not scientifically meaningful, and thermal quality is better interpreted either on a
property-by-property basis or through a weighted evaluation. Variations in BWI were further
addressed through regression and soft computing analyses; among the nine formulations developed
(M1-M9), M9 yielded the best predictive performance, with an R? of 0.96 and an RMSE of 0.62.
Thermally assisted comminution of granite waste is industrially viable only if downstream energy
savings exceed the cost of thermal pre-treatment. Given the structural limitations of this study, namely
the limited sample size, the absence of microstructural imaging, and the lack of independent techno-
economic validation, the proposed models are not recommended for direct use in mineral processing
design. Future work should therefore combine expanded laboratory testing with comprehensive
economic analysis to determine whether thermal pre-treatment offers a net economic benefit.
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ABBREVIATION LIST
Ag: Area in baseline R2: Coefficient of determination
Ae: Area under response curve RMSE: Root mean square error
BWI: Bond Work Index (kWh/t) RP: Rating point in thermal quality quantification
d.: Decay constant T: Applied temperature (°C)
Fgo: Characterised feed size (pm) t: Statistical t-value
G: Grindability ratio (g/rev) UCS: Uniaxial compressive strength
K-Keld: Alkali feldspar V: Volume of the cubical sample (cm3)
ne: Effective porosity (%) Vp: Pulse wave velocity (km/s)
Pgo: Characterised product size (pm) Waq: Oven-dried weight (g)
Plg: Plagioclase We: Saturated weight (g)
Pax: Maximum rock property in Ao XRD: X-ray diffraction
PSD: Particle size distribution Ax: Step size in trapezoidal method
Pres: Test sieve size (pm) pa: Dry density (g/cm3)
Qtz: Quartz pw: Density of distilled water (g/cm?3)

r: Pearson’s correlation coefficient
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