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About the Journal
Sustainable Manufacturing and Foundry Practices (SMFP) is an 
international journal established by The Institute of Indian Foundrymen 
(IIF). Building on IIF’s long institutional 76-year legacy, SMFP provides 
a respected forum for scholarship and practical insight that advances the 
metal_casting and manufacturing communities worldwide.

The Institute of Indian Foundrymen, founded in 1950 and headquartered 
in Kolkata, is the national association for India’s metal_casting industry. 
IIF operates through four regional offices (Kolkata, Delhi, Mumbai, and 
Chennai), four Centers of Excellence (Chennai, Delhi, Kolkata, and 
Pune), 24 chapters, and one activity center across India. This nationwide 
network underpins SMFP’s close connection to industry needs and its 
capacity to translate technical knowledge into operational practice.

SMFP occupies a distinctive position at the interface of metallurgy, 
mechanical engineering, and industrial sustainability. The journal 
publishes original research, reviews, industrial case studies, and policy 
analyses that are relevant to both academic inquiry and industrial 
application. The journal prioritizes work that guides the adoption of 
technology, enhances process performance, and fosters sustainable 
industrial transitions.

SMFP serves a broad readership that includes academic researchers, 
practicing engineers, industry leaders, policymakers, and technology 
developers. The journal aims to bring about knowledge exchange and 
technology transfer by presenting work that is both scientifically robust 
and practically useful, thereby supporting improvements in productivity, 
resource efficiency, and environmental performance.
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Editorial

From the Desk of the Editor in Chief

It gives me an immense pleasure to welcome you to “Sustainable Manufacturing 
and Foundry Practices” (SMFP). This journal has been conceived at a time when 
manufacturing and foundry industries across the world are rethinking their 
approaches to grow efficiently with a prime goal towards sustainable develop-
ment. The increasing demand for sustainable processes, cleaner technologies, and 
responsible use of resources calls for thoughtful research and meaningful knowl-
edge exchange. This journal seeks to serve as a trusted platform for this purpose.

Manufacturing and foundry practices have always played a vital role in indus-
trial and economic development. Today, their future depends on how effectively 
sustainability is integrated into design, production, and management. The journal 
aims to bring together researchers, academicians, and industry professionals who 
are working towards improving manufacturing systems while reducing environ-
mental impact. By encouraging high quality research and practical insights, we 
hope to support the transition towards more responsible and resilient industrial 
practices.

The Indian Institute of Foundrymen (IIF) having a glorious legacy of attach-
ment to the metal casting industry adds significant value to this initiative. The 
Institute has a long and respected history of supporting foundry education, 
research, and industry engagement. Publishing services are facilitated by Spectrum 
Journals (Powered by Sage). It also reflects our commitment to fostering closer 
interaction between academia and industry.

The journal is designed to connect “the lab to ladle” covers a wide range of 
topics related to sustainable manufacturing and foundry practices. These include 
energy efficient processes, green foundry technologies, circular economy 
approaches, advanced materials and composites, waste reduction strategies, and 
the application of digital manufacturing technologies to improve sustainability in 
production systems. We aim to publish work that is not only theoretical but also 
economically viable and practically applicable. We encourage contributions that 
are original, well structured, and address current challenges faced by the 

Creative Commons Non Commercial CC BY-NC: This article is distributed under the 
terms of the Creative Commons Attribution-NonCommercial 4.0 License (http://www.

creativecommons.org/licenses/by-nc/4.0/) which permits non-Commercial use, reproduction and 
distribution of the work without further permission provided the original work is attributed.  
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manufacturing and foundry sectors from solidification science to the development 
of sustainable binders and coatings, integration of Cyber physical systems, 
Industrial AI /IIOT and human centric innovation.

Maintaining high academic standards is central to the journal’s mission. All 
submissions are carefully reviewed to ensure originality, technical quality, and 
ethical integrity. The editorial team is committed to a fair and transparent double 
anonymised peer review process that ensures every article – whether original 
research paper or an industry case studies. SMFP is proud to launch as a premier 
Open Access journal with Zero Publication Charges for authors.

I warmly invite researchers and practitioners from across the globe to contrib-
ute to this journal and to engage with the knowledge it shares. Through collective 
effort and shared commitment, this journal aims to contribute meaningfully to the 
advancement of sustainable manufacturing and foundry practices, and to support 
a more responsible industrial future.

E-mail: editor_in_chief@indianfoundry.org

Dr Goutam Sutradhar
Editor in Chief 
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Feasibility and Sustainable  
Utilization of Cupola Slag 
for Eco-Friendly Industrial  
Waste Management

Rakesh Sikder1,2 , Debasis Sau3 ,  
Soumyabrata Chakravarty4 , Partha Haldar5 ,  
Saroj Mandal3, Titas Nandi1  and Goutam Sutradhar6

Abstract
Cast iron remains one of the most widely used alloys in modern industrial applica-
tions, with cupola furnaces being the most economical and commonly employed 
melting units. The melting of pig iron, scrap metal and flux in a cupola furnace 
generates a significant quantity of oxidized by-product known as cupola slag, 
which is presently classified as industrial waste and predominantly disposed of in 
landfills, posing environmental concerns. This study aims to systematically evalu-
ate the potential of cupola slag as a sustainable construction material by com-
paring its characteristics with established industrial by-products, such as fly ash 
and ground granulated blast furnace slag. The physical and chemical properties 
of cupola slag were analysed using standard testing methods, with its chemical 
composition determined by X-ray fluorescence spectroscopy. The R3 reactivity 
test classified cupola slag as a pozzolanic, low-reactivity material. Leachability 
tests confirmed that the slag is non-toxic and complies with regulatory limits 
for hazardous elements. A life cycle assessment revealed that landfill disposal 
of cupola slag results in a global warming potential of approximately 32.12 kg 
CO2-equivalent per kilogram of slag. Furthermore, a comparative performance 
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evaluation was conducted to assess its suitability as a partial or full replacement 
for cement and natural aggregates in concrete. The results demonstrate that 
cupola slag exhibits promising potential as a sustainable supplementary material 
in cement concrete, offering significant environmental benefits by reducing land-
fill disposal, conserving natural resources and promoting eco-friendly construc-
tion practices.

Keywords

Cupola slag, concrete, physical properties, Mechanical properties, XRF, XRD

Introduction

Rapid industrial expansion to meet the demands of an expanding population is a 
major contributing factor to the growing amount of industrial waste produced and 
discarded each year (Cheah et al., 2021; Sikder et al., 2025). In 2020, global cast-
ing production was estimated at roughly 105 million metric tons, based on data 
from the Statista Research Department (n.d.). With 51.95 million metric tonnes, 
China led the world in production. India came in second with 11.31 million metric 
tonnes, or roughly 11% of the total. As shown in Figure 1(a), global casting pro-
duction from 2018 to 2020 reveals yearly variations in overall output among the 
major producing countries. This exceeded the production of the United States, 

Figure 1(a). Global production of casting, 2018–2020.
Source: Statista Research Department (n.d.).
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which occupied the second position in 2019. As a result, the steel and iron indus-
tries produce large amounts of sludge and slag on a daily basis, either as waste or 
by-products, including cupola slag, ground granulated blast furnace slag (GGBS), 
and fly ash (Gencel et al., 2021). The cupola is employed for melting pig iron and 
fluxes to produce grey cast iron, with a secondary product known as cupola slag. 
Cast iron manufacturing results in the generation of roughly 40–80 kg of slag per 
metric ton (Aderibigbe & Ojobo, 1982; Sikder, Chakravarty, Haldar, Nandi, 
Mandal, et al., 2023). The chemical makeup of cupola slag is greatly influenced 
by the melting process in a cupola as well as the composition of the input materi-
als. Scientists have found that cupola slag typically includes substances such as 
Al2O3, MnO, SiO₂, MgO, TiO₂, CaO, Fe₂O₃, Cr₂O₃ and Na₂O (Balaraman & 
Ligoria, 2015; Chakravarty, Sikder, et al., 2023a; 2023b; 2024). During the cool-
ing process, slag viscosity and crystallization behaviour are directly influenced by 
its chemical composition. As a result, the porosity, dimensions and characteristics 
of the solidified slag vary with composition, thereby affecting its suitability for 
different applications (Baricová, 2018). The melting process in 21,532 of the 
47,145 cast iron plants worldwide is carried out in cupola furnaces. With an 
annual cast iron production of around 11 million tonnes out of a global total of 
47.795 million tonnes, India plays a significant role in the industry. Nearly 5,000 
cupola furnaces across the country generate 7–8 million tonnes of cast iron per 
year, leading to the production of approximately 0.4–0.5 million tonnes of cupola 
slag annually (Chakravarty, Haldar, et al., 2023). Preservation of natural resources 
and addressing the impact of global warming are paramount concerns in today’s 
environmental discourse. The disposal of waste in landfills can lead to the pollu-
tion of air, water and soil, resulting in adverse effects on the growth of vegetation, 
plant life and human health. In recent years, the recycling of industrial slag has 
become a central focus for various academics, driven by the shared goal of safe-
guarding the global environment (Pribulová et al., 2019). Currently, a growing 
number of researchers are actively exploring alternative and practical applications 
for cupola slag within the construction industry. This versatile material has the 
potential to replace coarse and fine aggregates, as well as cement, in the produc-
tion of concrete, opening up new avenues for sustainable construction practices. 
In its composition, concrete typically consists of a blend of cement, fine aggre-
gates and coarse aggregates (Alabi & Afolayan, n.d.). It is important to note that 
the production of cement results in a significant release of CO2 and other green-
house gases, which have adverse environmental implications. For instance, the 
production of 1 ton of Ordinary Portland Cement (OPC) clinker leads to the emis-
sion of 1 ton of CO2 and other harmful greenhouse gases that pose environmental 
hazards. In the composition of concrete, natural aggregates typically account for 
60%–70% of the total volume of materials. The role of fine aggregate within con-
crete is of paramount importance, constituting around 30% of the total concrete 
mix volume (Waseem & Singh, 2016). The workability and cohesiveness of con-
crete are strongly influenced by the effectiveness of fine aggregates in occupying 
the voids between larger aggregate particles and the cement paste. Historically, 
natural river sand has been the principal source of fine aggregates for concrete 
(Waseem & Singh, 2016). However, in an effort to conserve natural resources and 
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mitigate environmental pollution and waste generation associated with landfills, 
various types of industrial waste, including blast furnace slag, copper slag and 
steel slag, have been explored as alternative substitutes for natural river sand in 
concrete production. The construction sector stands as the foremost consumer of 
materials on a global scale, with an ever-increasing demand for building materi-
als. Currently, worldwide consumption exceeds an impressive 60 gigatons per 
year (Thomas et al., 2021). In response to the growing demand for construction 
materials and the increasing emphasis on environmental sustainability, the effec-
tive use of slags in concrete has gained significant importance. Consequently, 
extensive research has been undertaken to evaluate the potential of slags as viable 
construction materials. The primary focus of this study is to explore the viability 
of integrating cupola slag as an alternative to conventional building materials 
within the construction sector. Figure 1(b) displays the publication years of the 
literature containing the specified keywords.

This research aims to reduce the environmental impact of industrial waste dis-
posal while conserving natural aggregate and cement resources. It also seeks to 
advance sustainable construction practices. However, prior studies show minimal 
research on the use of cupola slag as a replacement for cement, fine aggregates 
and coarse aggregates, and only a few studies have examined the leachability and 
life cycle assessment (LCA) of virgin cupola furnace slag. Thus, the viability of 
using cupola slag in concrete in place of cement, fine aggregate and coarse aggre-
gate is investigated in this work. It also carries out a thorough laboratory analysis 

Figure 1(b). Co-occurrence Network of Keywords.
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to evaluate the leachability characteristics of cupola slag in addition to its physical 
and chemical attributes. Moreover, an LCA methodology is utilized to assess the 
ecological consequences of cupola slag disposal in landfills. Through a case study, 
the study also looks at how partial substitution affects the performance of concrete 
made with cupola slag, offering useful insights.

Materials and methodology

Cupola slag collected from Binay Udyog Pvt Ltd., Howrah, West Bengal, India, 
was processed by ball milling to prepare it for application as a substitute for 
cement as well as natural coarse and fine aggregates. Fresh river sand, with par-
ticles passing through a 4.75 mm sieve, has been chosen as the fine aggregate for 
this study as standard. This selection underscores the relatively small size of the 
sand particles, which makes them well-suited for use in concrete production. To 
ensure the fine aggregates conform to the specifications outlined in IS 383: 2016 
(Indian Standards Institution, 1970), a sieve analysis has been conducted. Crushed 
rock serves as the primary natural coarse aggregate in this study as standard, while 
crushed cupola slag (Figure 2(a)) is utilized as a partial replacement for coarse 
aggregate. Both of these aggregates have been carefully selected, with their 

Figure 2. (a) untreated cupola slag, (b) cupola slag prepared as coarse aggregate and (c) 
cupola slag prepared as fine aggregate.
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particle sizes falling within the range of 20 mm and 4.75 mm. The physical prop-
erties of aggregate and cement were tested in the lab for suitability analysis.

Compliance of the coarse aggregates with IS 383: 2016 (Indian Standards 
Institution, 1970) was assessed through sieve analysis, along with an evaluation of the 
physical properties of cupola slag fine and coarse aggregates. Figures 2(b) and 2(c) are 
assessed through measurements of specific gravity, bulk density and water absorption. 
Impact, crushing and abrasion tests were conducted to assess the mechanical proper-
ties of cupola slag and natural coarse aggregates, as specified in IS 383: 2016 (Indian 
Standards Institution, 1970). Using an X-ray diffraction (XRD) instrument made by 
Rigaku Corporation and an X-ray fluorescence (XRF) analyser (a Rigaku ED-XRF 
Model-NEX DE Analyser), the chemical composition and mineral phases found in 
cupola slag were identified. Heavy metal levels in cupola slag were assessed using a 
modified Toxicity Characteristic Leaching Procedure. For testing, cupola slag was 
ground into a powder and sieved through a 10-mm mesh screen.

Shaking of each flask was carried out at 60 rpm for 18 hours under ambient 
temperature conditions (~25°C). The prepared solution contained 5.7 mL of 98% 
glacial acetic acid, 64.3 mL of 1 N NaOH solution and 100 g of crushed cupola 
slag. A variety of analytical techniques, including GC-MS for organic compounds 
and ICP-MS for heavy metals, were used to examine the resultant leachate sam-
ples for contaminants or parameters of interest.

The environmental impacts of cupola slag disposal were evaluated using 
Ecoinvent (2022) data and OpenLCA 2.1, following the ISO 14040 (LCA 
Consequential, 2015) framework, which includes goal and scope definition, inven-
tory analysis, impact assessment and interpretation. Disposal-related environmental 
impacts were assessed using XRF-derived material composition as input data, with 
disposed slag defined as the environmental output and transportation effects 
excluded. The ReCiPe Midpoint (H) 2016 method was employed, and a case study 
on partial replacement of natural aggregates in concrete was also examined.

Results and Discussions

Physical Properties

Assessment of cupola slag as a concrete aggregate was carried out by examining 
its physical characteristics, such as colour, appearance, structure, particle size, 
water absorption, bulk density and specific gravity. Generally, the slag exhibits a 
vitrified and dense structure, with colour variations from green to brown (Pribulová 
et al., 2018). Additionally, the size and colour of cupola slag can differ due to 
variations in operating procedures and the quality of metal processed in the fur-
naces. Research studies (Agarwal et al., 1991; Baricová, 2018; Pribulová et al., 
2018; Pribulová et al., 2019) have identified two distinct types of cupola slag 
based on their cooling methods. Cupola slag occurs in two forms: a slowly cooled, 
grey crystalline slag that is crushed into gravel-sized particles for use as aggre-
gate, and a granulated slag produced by rapid water quenching, which forms a 
glassy material suitable for cementitious applications. Based on particle size, 
cupola slag can be classified as cementitious material (≈75 μm), fine aggregate 
(<4.75 mm) and coarse aggregate (10–20 mm).
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Table 1 shows that cupola slag used as coarse aggregate has lower bulk density 
and higher water absorption than natural coarse aggregates due to its porous struc-
ture, while differences in specific gravity influence concrete density and durabil-
ity. Overall, the physical properties indicate that cupola slag can partially replace 
natural coarse aggregates and closely match natural fine aggregates, making it a 
potential substitute in concrete applications. Table 2 presents the physical proper-
ties of natural fine aggregates and cupola slag as fine aggregates. The gradation of 
aggregates, including the cupola slag, as established by sieve analysis, is shown in 
Figure 3. Based on particle classification, 5% of the cupola slag particles were 
gravel-sized, while 95% were sand-sized.

Workability

The flow table test (Figure 4) results indicate that the flowability of cupola slag-
based cement ranges from 120% to 160%. The glassy structure and spherical par-
ticles of finely ground cupola slag promote improved flow by minimizing internal 
friction. Consequently, composite materials exhibit enhanced flowability as the 
proportion of natural aggregates replaced by fine and coarse cupola slag increases. 
This implies that the cohesiveness of the mixture is impacted by the addition of 
cupola slag. Furthermore, the cupola slag-based coarse aggregate is well-graded 
gravel, and the cupola slag-based fine aggregate is well-graded sand, according to 
sieve analysis (Figure 3).

Mechanical properties

Mechanical tests on fine and coarse aggregates, including crushing, abrasion and 
impact tests, indicate that due to its porous nature and distinct grading, cupola slag 
performs comparably to natural fine aggregates and can serve as a suitable 

Table 1. Physical Characteristics of Cupola Slag as Coarse Aggregate and Natural 
Coarse Aggregate.

Physical Properties Cupola Slag Coarse Aggregates Natural Coarse Aggregates

Zone
Bulk density (kg/m3)

I
1,400

I
1,600

Water absorption 1.8% 0.6%

Specific gravity 2.81 2.79

Table 2. Physical Characteristics of Cupola Slag as Fine Aggregates and Natural Fine 
Aggregates.

Physical Properties Cupola Slag Fine Aggregates Natural Fine Aggregates

Zone I I

Water absorption 1.65% 2.4%

Specific gravity 2.14 2.65



16	 Sustainable Manufacturing and Foundry Practices 1(1)

substitute in high-quality concrete. However, the significantly lower crushing 
strength of cupola slag compared to natural coarse aggregates (Figure 5) makes it 
unsuitable as a replacement for coarse aggregates in high-grade concrete.

Concrete compressive strength increases with lower water–cement ratios and 
higher replacement levels of cupola slag as fine aggregate, primarily due to 
improvement of the interfacial transition zone and pore-filling effects that create 
a denser microstructure. These results indicate that replacing conventional materi-
als with cupola slag up to an optimum percentage does not compromise the 
strength requirements specified in design standards. Although cupola slag 

 

Figure 3. Particle Size Distribution Curve Of Different Natural And Cupola Slag-Based 
Fine And Coarse Aggregate.

Notes: CA – Coarse aggregate, FA – Fine aggregate, CCA – Cupola slag-based coarse aggregate, 
CFA – Cupola slag-based fine aggregate.

Figure 4. Flow Table Test of Cupola Slag-Based Cement.
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possesses relatively good mechanical properties, its inherently porous structure 
increases concrete porosity when used as coarse aggregate, thereby diminishing 
compressive strength (Sikder et al., 2024; Waseem et al., 2021).

The addition of cupola slag as a partial cement replacement has a substantial 
effect on concrete compressive strength, with strength enhancement occurring at 
replacement levels below the optimal 50%. Previous investigations (Aderibigbe 
& Ojobo, 1982; Alabi & Afolayan, n.d.; Kubiliute et al., 2018; Thomas et al., 
2021) have demonstrated improved compressive strength values for concrete con-
taining cupola slag as a cementitious material within the 5%–30% replacement 
range. Additionally, research (Rodríguez-Mendoza et al., 2012) has examined the 
cementitious behaviour of cupola slag (ranging from 10% to 80%) in combination 
with calcium sulphate cement and Portland cement as activation materials. The 
maximum replacement level attained was 80%, comprising 15% anhydrite cal-
cium sulphate cement and 5% Portland cement. Furthermore, a patented method 
(Sosa et al., 2021) was developed for producing slag cement using cupola slag. 
The highest recorded compressive strength of 7,000 psi was achieved with an 
optimized cupola slag content of 35%, which was characterized by a Blaine’s 
surface area of 6,000–6,500 cm²/g.

Research by Sosa et al. (2020) on concrete incorporating electric arc furnace 
slag and cupola slag supports these findings. They observed that cupola slag 
particles integrate well with the cement paste and natural aggregate forming com-
pounds in the shape of parallel hexagonal plates, which are consistent with 
hydrated calcium aluminosilicates. These findings are consistent with the report 
(Sosa et al., 2020) that the addition of cupola slag increased compressive strength. 
By incorporating cupola slag, the concrete’s porosity is reduced, increasing its 
density and compressive strength.

Figure 5. Mechanical Properties of Cupola Slag and Natural Coarse Aggregates.
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Hydraulicity

One of the main characteristics of slag that greatly affects its binding behaviour is 
its hydraulicity or pozzolanicity. The setting characteristics of both cementitious 
and supplemental cementitious materials are determined by these properties 
because they undergo chemical reactions when mixed with water and continue to 
react even after hardening under extended water curing (Aristizábal et al., 2014). 
Earlier, a study (Pribulová, 2018) illustrated the granulated cupola slag’s hydrau-
lic qualities and its possible application as an activator in the manufacturing of 
cement. The pozzolanic reaction index at 28 days was 25% for raw cupola slag 
and 30% for calcined cupola slag when mixed with Portland cement, according to 
Aderibigbe and Ojobo’s investigation into calcination to increase its reactivity. 
Nonetheless, it was discovered that a minimum pozzolanic activity index of 85% 
was necessary for slags, suggesting that cupola slag is comparatively less reac-
tive. Furthermore, the study verified that cupola slag reacts more slowly than 
slags from blast furnaces. Thomas et al. (2021) conducted a pozzolanicity test in 
compliance with EN 196-5, a standard that measures hydroxyl ion and calcium 
oxide concentrations. With CaO levels of 6.4 and OH⁻ values of 58, the results 
showed that cupola slag satisfies the pozzolanicity requirements. To further exam-
ine the hydraulic and pozzolanic properties of cupola slag, another researcher 
(Meshram et al., 2022) carried out an altered R3 test. The calcium hydroxide 
consumption levels of the two cupola slag samples examined in this study were 
42 g/100 g and 43 g/100 g of supplementary cementitious material (SCM), respec-
tively, with corresponding heat release values of 219 J/g SCM and 207 J/g SCM. 
Cupola slag is categorized as a ‘pozzolanic, less reactive’ material based on these 
findings. It does, however, also fall on the line between the ‘pozzolanic, less reac-
tive’ and ‘latent hydraulic, less reactive’ categories because of its crystalline 
nature. Numerous studies show that concrete containing cupola slag achieves 
greater strength in later curing stages as opposed to early-age curing because of its 
pozzolanic properties (Raja & Kumar, 2023).

Leachability Test

Leaching is the process by which heavy and toxic materials dissolve and are 
released when industrial waste and water come into contact. Extreme conditions, 
such as extremely acidic or alkaline environments, make this process worse. 
There are serious health and environmental hazards when the resultant leachate 
contaminates soil and water sources. Cupola furnace slag contains concentrations 
of several heavy and toxic metals, such as nickel (0.02 mg/L), chromium 
(0.05 mg/L), mercury (0.001 mg/L), copper (0.02 mg/L), lead (0.01 mg/L), zinc 
(0.02 mg/L) and cadmium (0.002 mg/L), according to the leachability test results. 
The contaminants present in the slag and their corresponding concentrations are 
revealed by these results. Cupola furnace slag is classified as a non-hazardous and 
non-toxic material because the data show that it contains very low levels of heavy 
and toxic substances. To create green concrete, cupola furnace slag can be utilized 
as an aggregate, providing a sustainable building option that is less harmful to the 
environment (Rodrigues et al., 2017; Thomas et al., 2021).
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Chemical composition analysis

The chemical composition of concrete materials strongly influences their mechan-
ical performance and durability. Table 3 compares the chemical composition 
(wt.%) of cupola slag with commonly used construction materials—GGBS, OPC, 
and fly ash—based on XRF analysis of the cupola slag.

SiO2 was found to be the predominant constituent of the cupola slag, consistent 
with the XRD analysis. Cupola slag’s composition also contained a number of 
additional metal oxides, all of which were within permissible bounds. It is worth 
noting that the chemical composition of the cupola slag, as reported in prior aca-
demic studies by Mistry and Varia (2020) and Sikder, Chakravarty, Haldar, Nandi, 
and Sutradhar (2023) and Sikder (2024), aligns with the XRF results presented 
here.

LCA Test

As a byproduct of making steel, cupola slag can have several negative effects on 
the environment when it is released into the environment. Its global warming 
potential, which was determined to be 31.12 kg CO₂-equivalent per 1 kg of slag 
disposed of in landfills, was the focus of the LCA analysis. Other impact indicator 
results were presented in Figure 6. Basically, in Figure 6, terrestrial ecotoxicity is 
higher, followed by global warming potential, human non-carcinogenic toxicity, 
fossil fuel formation and human carcinogenic toxicity. However, the environmen-
tal impact of concrete and mortar is greatly diminished when cupola slag is used 
in place of cement, fine aggregate or coarse aggregate.

Through encouraging the use of environmentally friendly materials, this sus-
tainable approach helps lessen the effects of global warming, ecotoxicity and 
human health and may have advantages for the construction sector.

XRD analysis

XRD analysis of cupola furnace slag (Figure 7) reveals characteristic peaks cor-
responding to calcium silicate, iron silicate, albite and lanthanum strontium 

Table 3. Chemical Components of Cupola Slag, GGBS.

Component (wt. %) Cupola Slag GGBS Fly Aash OPC

SiO2 53.1 34.62 50.2 21.6

Al2O3 11.1 11.82 22 5.9

Fe2O3 16.1 2.73 18.3 3.3

CaO 10.7 37.37 4.2 61.9

MgO 3.33 9.43 9.9 4.3

SO3 0.9 1.42 0.6 1.23

K2O 1.05 0.5 2.9 -

Source: Ainie Mat Dom et al. (2022), and for fly ash, Bhatt et al. (2019).
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silicate, with triclinic, orthorhombic and hexagonal lattice structures. The pres-
ence of these iron- and silica-rich phases indicates the potential formation of 
strength-enhancing compounds when cupola slag is incorporated into composite 
materials. In a detailed mineralogical investigation conducted by Pribulová et al. 
(2019), cupola slag samples obtained from the foundry industry in Ghana were 
found to exhibit complex crystalline phases. The identified mineral constituents 
included calcium iron oxide (CaFe₄O₇), kanoite [(Mn, Mg) ₂(Si₂O₆)], kyanite 
(Al₂SiO₅), maghemite (γ-Fe₂O₃) and quartz (SiO₂). Notably, the analysis did not 
detect the presence of free elemental iron, magnesium oxide (MgO) or calcium 

Figure 6. LCIA for Cupola Slag by ReCiPe Midpoint (H) for Base Scenarios.

Figure 7. XRD Analysis.
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oxide (CaO), which are often expected in similar slags. The findings highlight the 
high variability in the chemical and mineralogical composition of cupola slags 
across different geographical and industrial sources. Despite these variations, a 
consistent trend across most studies is the predominance of crystalline phases in 
cupola slag. This crystalline structure significantly impacts the material’s perfor-
mance in secondary applications. Specifically, the high degree of crystallinity is 
associated with a reduced pozzolanic reactivity, limiting the slag’s effectiveness 
as a supplementary cementitious material when compared to other slags such as 
basic oxygen furnace or electric arc furnace slag.

Figure 8. The result of (a) SEM and (b) EDX Analysis.
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SEM and EDX Analysis

As presented in Figure 8, SEM and EDX were used to analyse the surface morphol-
ogy and elemental composition of cupola slag. According to SEM, EDX and XRD 
results, granulated cupola slag has a homogeneous, amorphous structure with uni-
formly distributed oxides, while air-cooled cupola slag has a primarily crystalline 
structure dominated by iron oxide grains. Slow cooling and the uneven distribution 
of iron oxides and other mineral constituents are responsible for cupola slag’s crys-
talline nature. This results in the formation of distinct crystal phases and, as a result, 
lower pozzolanic reactivity when compared to other steel slags. Baricová et al. 
(2010) corroborated these findings by providing detailed morphological observa-
tions, which matched the patterns identified in other studies.

Case Study

This study assesses mineral wool cupola dust as a partial cement replacement and 
found that up to 15 wt. % of the milled micro-filler does not compromise 28-day 
strength. While unwashed dust caused 90-day strength loss due to chloride-induced 
Friedel’s salt, washing significantly reduced chloride content, resulting in improved 
long-term performance and a more stable cementitious matrix (Kubiliute et al., 2018).

The study showed that although raw cupola slag has a pozzolanic-like chemi-
cal composition, its inherent reactivity is low, but calcination at 700°C for 5 hours 
significantly improves its pozzolanic activity. With only a 13.5% strength reduc-
tion at 20% cement replacement, calcined cupola slag emerges as a viable and 
cost-effective partial substitute in regions where slag is readily available and 
cement is expensive (Aderibigbe & Ojobo, 1982).

Cupola slag improves the tensile strength, decreases water penetration, 
increases abrasion resistance at higher slag content, increases compressive 
strength by up to 30% when it is used as a replacement for fine aggregates at a 
lower water cement ratio (Waseem et al., 2021).

This study shows that while replacing coarse aggregate with cupola furnace 
slag (0%–50%) reduces density, increases porosity and lowers mechanical 
strength, slag-induced mineral formations allow up to 40% replacement to meet 
target strength, with SEM/EDS confirming weak gel development and overall 
concrete cost decreasing by 4.678% per m3 (Sikder et al., 2024).

General Discussion

Reusing cupola slag significantly lowers carbon emissions, industrial waste and 
dependence on natural resources, while landfill disposal has a global warming 
potential of approximately 31.12 kg CO2-equivalent per kilogramme. Therefore, 
using cupola slag as a partial substitute for cement and natural aggregates in con-
crete offers significant environmental and sustainability benefits. According to 
studies, cupola slag can reduce water penetration and improve durability, increase 
abrasion resistance at replacement levels by up to 40%, improve compressive and 
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split tensile strength by up to 30%, and reduce concrete production costs by about 
4.68% per cubic metre while still meeting strength requirements (Sikder et al., 
2024). For the construction industry, cupola slag is a practical and sustainable 
substitute due to its cost savings and environmental benefits. Cupola slag adds 
new mineral compound phases (calcite, muscovite, albite and quartz) that support 
the development of strength, according to microstructural analysis. However, 
because it is crystalline, the aggregate-cement bond is weakened, increasing 
porosity and marginally decreasing mechanical durability at higher replacement 
levels. Despite this, cupola slag is a promising material for green building and 
circular economy projects because optimized substitution levels provide a balance 
between strength, durability and sustainability. Therefore, using cupola slag in 
concrete as a partial substitute for cement and natural aggregates not only lessens 
the environmental impact and carbon emissions but also increases cost effective-
ness and encourages the use of sustainable materials in the building industry.

The primary drawbacks of using slag are its inherent chemical composition 
diversity, which is dependent on furnace charge, operating temperature and 
foundry processes. This causes inconsistent material performance and makes 
standardization difficult. Additionally, gaining full environmental certification 
necessitates more thorough long-term assessments, such as ecotoxicity evalua-
tion, groundwater interaction studies and field-scale monitoring, even when pre-
liminary leachability results may show conformity with primary regulations. 
Together, these elements restrict the immediate widespread use of slag-based 
products and emphasize the need for more comprehensive frameworks for certifi-
cation and evaluation.

Conclusions

Cupola slag’s qualities as an additional cementitious material and its potential appli-
cations as fine and coarse aggregates have been carefully examined and experimen-
tally examined. Studies have also looked into its LCA, leachability and hydraulic 
characteristics. The main conclusions drawn from these studies are outlined below:

	• An analysis of the physical properties indicates that cupola slag, a dense 
vitrified by-product available as granulated or slow-cooled forms, exhibits 
adequate strength, predominantly sand-sized particles (≈95%), slightly 
lower specific gravity and higher water absorption than natural aggregates, 
demonstrating its suitability as a sustainable substitute for natural aggre-
gates in concrete.

	• Cupola slag shows high flowability (120%–160%) and good grading, mak-
ing it suitable as a fine aggregate in high-strength concrete, where it 
improves compressive strength at lower water–cement ratios, but it is not 
recommended as a coarse aggregate due to its porous nature.

	• Partial replacement of cement with cupola slag (up to 50%), particularly at 
35%, achieving a compressive strength of 7,000 psi, reduces porosity, 
increases density and strength and offers significant environmental and 
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economic benefits by lowering natural aggregate demand and supporting 
sustainable construction.

	• Cupola slag exhibits hydraulic and pozzolanic behaviour but with low early 
reactivity, achieving only 25%–30% pozzolanic activity at 28 days and react-
ing more slowly than blast furnace slag. However, it meets basic reactivity 
criteria and contributes to improved strength at later curing stages.

	• Leachability tests show that cupola slag releases only trace amounts of heavy 
metals, all within permissible limits, classifying it as non-toxic and non-haz-
ardous and supporting its safe use as a sustainable material in green concrete.

	• Cupola slag is mostly made up of silicon dioxide (SiO₂), with trace amounts 
of other metal oxides, such as GGBS, OPC and fly ash.

	• Using cupola slag in concrete reduces its carbon footprint compared to 
landfill disposal, promoting sustainable construction.

	• Cupola slag has been found to contain compounds such as calcium silicate 
and iron silicate that increase material strength, making it a possible addi-
tion for concrete.

	• Cupola slag has less pozzolanic reactivity than other steel slags because of 
its crystalline structure, which is dominated by iron oxide.

	• Cupola slag into circular economy frameworks and achieving national and 
international environmental certifications will further enhance its commer-
cial acceptance and promote its widespread adoption in eco-friendly con-
struction materials.

	• Reducing slag generation in the cupola melting process can be achieved by 
using cleaner charge materials, optimizing coke and flux proportions, and 
maintaining proper furnace temperature and blast control to limit oxida-
tion. Regular maintenance, improved scrap segregation and better process 
monitoring further help minimize unwanted slag formation and support 
more efficient, sustainable operations.

Cupola slag is a practical and environmentally friendly substitute for fine aggre-
gate in the manufacturing of concrete. Future research should maximize strength 
and durability by optimizing the replacement levels of cupola slag. Activation 
techniques should be investigated to increase its reactivity and evaluate resistance 
to environmental factors. Examining its application in 3D printing, geopolymers 
and structural applications may increase its potential. To guarantee both cost-
effectiveness and safety, environmental and economic evaluations are crucial. 
Cupola slag’s status as a sustainable building alternative will be established 
through comparative research with other cementitious materials.
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Abstract

The present work investigates the influence of variations in cutting speed, feed, depth 
of cut and nose radius on both machining energy intake and the resulting surface 
texture throughout turning of AA7075 reinforced with 15 wt% SiC particles, sized 
10–20 µm. The response surface methodology (RSM) technique was employed to 
accomplish the minimum surface roughness and energy utilization. 3D surface curves 
of RSM showed cutting speed to be the key reason in minimizing surface roughness 
and energy intake, and subsequently depth of the cut, feed and radius of nose. Multi-
response optimization values of cutting factors through turning of AA7075/15 wt% 
SiC to minimize surface roughness and energy utilization have been found by desir-
ability analysis. The results show that a 16.06% reduction in surface roughness can 
be achieved by merely increasing electrical energy consumption by 4.88%. Turning 
to the cutting parameter value obtained by multi-response optimization results in the 
reduction of energy consumption and surface roughness. Naturally available materi-
als were utilized for fabrication. The novelty of this work is that scarce literature has 
been reported on the determination of the optimal process parameters for turning 
AA7075/15 wt% SiC (10–20 µm) composites at which minimum electrical energy 
will be consumed, and minimum surface roughness will be obtained.
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Introduction

Manufacturing of good quality at minimum fabrication cost is a need of the indus-
try. Machining environments, for example, nose radius, feed, speed of cutting and 
depth of cut in turning manoeuvre, must be optimized to minimize the total manu-
facturing cost of each component. The cost of computer numerically controlled 
(CNC) machines is higher than that of lathe machines. Hence, CNC machines 
must be operated efficiently to recover extra costs. Machining at elevated cutting 
speeds tends to accelerate tool wear and can lead to increased vibration along with 
higher electrical energy requirements. However, fast speed cutting is preferred 
because chip removal is fast. Therefore, there was little heat transfer to compo-
nent. Hence, the possibility of thermal distortion was reduced. The novelty of this 
work is that exploration is needed to govern the consequences of factors on energy 
consumption and component surface roughness at high-speed dry turning. 
However, the challenge is if high speed is used for fast material removal or to 
minimize surface roughness, machine energy consumption will increase. Hence, 
some technique is required for optimization. Design of experiments (DOE) is the 
design of the experiment so that a minimum number of experiments are needed to 
draw correct conclusions (Montgomery, 1997).

Literature Review

Thomas and Chanderasekaran (1997) utilized a complete factorial strategy to dis-
cover the role of machining factors on the resulting surface coarseness during the 
carbon steel turning. Yang and Tarng (1998) used the Taguchi method to obtain 
optimal parameters for machining. Choudhury and EI-Baradie (1997) used 
response surface methodology (RSM) to find surface roughness while machining 
extra-stiff steel. Thiele and Melkote (1999) utilized a factorial strategy to find the 
influence of component stiffness and apparatus profile on surface coarseness and 
machining powers. Antony (2000) carried out multi-response optimization utiliz-
ing Taguchi’s loss function and principal component analysis. Lee et al. (2000) 
used a polynomial network to create a machining database. Lin et al. (2001) uti-
lized an addictive network to build a prediction model for surface roughness and 
cutting forces. Muthukrishnan et al. (2008) on A356/SiC/10p composite con-
ducted turning experiments using polycrystalline diamond (PCD 1500) inserts. 
Surface coarseness, explicit energy used and apparatus wear were found. Results 
showed that fast cutting rates result in comparatively easy elimination of stiff SiC 
particles. El-Gallab and Sklad (1998) examined the consequence of several cut-
ting parameters on surface characteristics and the magnitude of the sub-surface 
damage caused by machining. PCD conducted cutting experiments. SEM pictures 
of machined surfaces show the existence of grooves and holes. Surface roughness 
quantities display that surface coarseness progresses through a rise in the rate of 
feed and cutting rate, but somewhat worsens with a rise in depth of cut. PCD tools 
and chemical vapour deposition (CVD) diamond-layered tools were used for turn-
ing A356/SiC/20p composite. Cutting forces, flank wear and surface coarseness 
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were measured. Tool life arcs exhibited that feed does contrary to cutting speed. 
CVD diamond tools showed short tool life. PCD inserts are necessary for turning 
A356/SiC/20p composite to achieve extended tool life and minimum surface 
roughness (Davim, 2002). Kılıckap et al. (2005) identified 5% SiC-p Al MMC for 
the study of tool wear and surface roughness. K10 carbide inserts, both unlayered 
and TiN-layered, were tested under various machining conditions, including cut-
ting rates of 150, 100 and 50 m/min, rates of feed of 0.3, 0.2 and 0.1 mm/rev, and 
penetration of cuts of 1.5, 1 and 0.5 mm. Under dry machining conditions, tool 
wear was predominantly governed by cutting rate, aggregately noticeable as the 
speed increased. The TiN-coated tool exhibited poorer wear than the uncoated 
insert. Surface roughness was mainly prejudiced by the speed of cutting and feed 
speed, where the upper speed of cutting combined with a lower rate of feed 
resulted in an improved surface finish.

The powder metallurgy route was used to fabricate AA2124/SiC-p composites. 
Surface coarseness was selected as the dependent variable. PCD tools were used 
for turning. Response surface-based D-optimal design of 29 trials was considered. 
An ANN method was used to forecast surface coarseness. Results exhibited that 
the size of SiC particles affects surface roughness significantly (Basheer et al., 
2008). Nose radius reinforces the tool tip by thinning of the chip, where it reaches 
the tool point, and by scattering the chip over a bigger nose radius. Surface rough-
ness is also reduced since tool inscriptions are not so deep as those made by a 
sharp tool (Lindberg, 1990). Ozben et al. (2008) prepared MMCs by mixing 15, 
10 and 5 wt% of SiC-p in AlSi7Mg2. The mechanical properties of the composite 
were evaluated with respect to varying reinforcement ratios. The impact of the 
rate of cutting, the rate of the feed and the penetration of the cut on tool degrada-
tion and surface coarseness was also assessed. A higher proportion of SiC parti-
cles resulted in increased tool degradation, and surface coarseness was found to 
be predominantly influenced by the rate of feed and speed of cutting.

The above literature has shown that little work has been done with the objec-
tive of reducing energy usage and improving surface finish while machining 
AA7075/15 wt% SiC (10–20 µm) composites. This exploration effort is needed 
to know the outcome of the rate of the feed, speed of cutting, radius of nose, 
depth of cut on energy consumption and surface coarseness. A face-centred cen-
tral composite design was utilized to design the testing. Multi-response optimi-
zation of turning factors was done by a desirable methodology to reduce the 
energy used and surface roughness. The novelty of this examination is that, so 
far, very little exploration has been reported about the finding of optimal pro-
cess parameters for turning the AA7075/15 wt% SiC (10–20 µm) composites at 
which minimum electrical energy will be consumed, and surface roughness will 
also be minimum.

Investigational Work

Fabrication of AA7075/15 wt % SiC (10–20 µm) Composite

Stir casting set-up shown in Figure 1 was used to fabricate the composite.
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EDAX Analysis of AA7075/15 wt% SiC (10–20 µm) Composite

Figure 2 and the corresponding table show that wt% of Al is 82.82%. Wt% of Zn 
is 5.52%. Si wt% is 3.85%.

Machining

Tool Holders and Inserts
Particulars of inserts and tool holders used for turning on the CNC machine are 
tabulated in Table 1.

Element Wt% At%

OK 01.66 02.90

MgK 03.19 03.68

AlK 82.82 85.87

SiK 03.85 03.84

FeK 00.74 00.37

CuK 02.22 00.98

ZnK 05.52 02.36

Matrix Correction ZAF

Figure 1. Stir Casting Set-up.
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Inserts and tool holders shown in Table 1 were used for turning experiments.
AA7075/15 wt% SiC (10–20 µm) composite fabricated by means of stir cast-

ing was utilized for this investigation. Machining was done by CNC. The desired 
choice of the penetration of cut, speed of cutting and rate of feed can be achieved 
on CNC. Carbide inserts CNMG 120404EM, 120408EM and 120412EM grade 
6615 were intended for turning. Choices of factors for experiments were finalized 
centred on the literature review and pilot experiments. Stages of factors are shown 
in Table 2. Electricity consumption was determined through a wattmeter, and a 
surface roughness tester measured surface roughness.

Figure 2. EDAX Profile of AA7075/15 wt% SiC (10–20 µm) Composite.

Table 1. Details of Inserts and Tool Holders.

Tool 
Holder Insert

Clearance 
Angle 

(degree)

Back Rake 
Angle 

(degree)

Nose 
Radius (r) 

mm
Feed (f)  
mm/rev

Depth of 
Cut (mm)

PCLNL 
2525
M12 
KT 809

Carbide insert 
CNMG 
(a) 120404EM 
(b) 120408EM  
(c) 120412EM
grade 6615

0° 7° 0.4
0.8
1.2

fmin= 0.15 
fmax = 0.60

apmin = 1.0
apmax = 6.0
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Tungsten carbide inserts of nose radius 0.4 and 1.2 mm used in experiments 
before machining are shown in Figure 3.

Cutting speed = 90 m/min, Feed = 0.25 mm/rev, Cutting speed = 90 m/min, 
Feed = 0.25 mm/rev, DOC = 0.6 mm, Nose radius = 1.2 mm. DOC = 0.6 mm, 
Nose radius = 0.4 mm.

Wear of tungsten carbide inserts of nose radius 0.4 and 1.2 mm used in experi-
ments after machining is shown in Figure 4.  The CNC turning machine is dis-
played in Figure 5.

Figure 3. Tungsten Carbide Inserts Used in Experiments Before Machining.

Figure 4. Wear of Tungsten Carbide Inserts Used in Experiments.

Table 2. Three-level Machining Parameters.

Factors Parameters First Level Second Level Third Level

1. Rate of cutting (m/min) 90.0 150.0 210.0

2. Rate of feed (mm/rev) 0.15 0.2.0 0.25

3. Penetration of cut (mm) 0.20 0.40 0.60

4. Radius of nose (mm) 0.40 0.80 1.20
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Micrographs of the machined surface in Figure 6 show that SiC particles are 
uniformly distributed. There is no pull-out of SiC particles.

Response Surface Methodology

Box and Wilson (1951) had suggested RSM for optimization of factors. RSM is 
modelling technique for finding association among numerous parameters and 
responses (Myers & Montgomery, 1995).

Face-centred Central Composite Design (FCCCD)
FCCCD is used when non-allowable functional circumstances occur at one speci-
fied level of design region. FCCCD necessitates only three stages of every trial 
variable (Montgomery, 2001).

Figure 5. CNC Turning Machine.

Figure 6. Micrographs of Machined Surface.
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Table 3. FCCCD for Four Variables at Three Levels.

Std

Speed of 
Cutting, 

(A); m/min

Rate of 
Feed, (B);
mm/rev

Depth of 
Cut, (C); 

mm

Radius of 
Nose,

(D); mm

Surface 
Roughness

(μm)

Energy 
Consumption

(Watt)

1 90 0.15 0.20 0.40 1.651 567

2 210 0.15 0.20 0.40 1.414 745

3 90 0.25 0.20 0.40 1.712 611

4 210 0.25 0.20 0.40 1.465 885

5 90 0.15 0.60 0.40 2.487 745

6 210 0.15 0.60 0.40 2.123 1,002

7 90 0.25 0.60 0.40 2.652 774

8 210 0.25 0.60 0.40 2.397 1,107

9 90 0.15 0.20 1.20 1.371 585

10 210 0.15 0.20 1.20 1.193 785

11 90 0.25 0.20 1.20 1.432 651

12 210 0.25 0.20 1.20 1.226 930

13 90 0.15 0.60 1.20 1.904 771

14 210 0.15 0.60 1.20 1.718 1,091

15 90 0.25 0.60 1.20 2.199 851

16 210 0.25 0.60 1.20 1.902 1,196

17 90 0.20 0.40 0.80 2.113 744

18 210 0.20 0.40 0.80 1.848 983

19 150 0.15 0.40 0.80 1.967 771

20 150 0.25 0.40 0.80 2.046 878

21 150 0.20 0.20 0.80 1.64 704

22 150 0.20 0.60 0.80 2.181 891

23 150 0.20 0.40 0.40 2.264 827

24 150 0.20 0.40 1.20 1.858 867

25 150 0.20 0.40 0.80 2.071 851

26 150 0.20 0.40 0.80 2.052 851

27 150 0.20 0.40 0.80 2.038 824

28 150 0.20 0.40 0.80 2.021 837

29 150 0.20 0.40 0.80 2.012 838

30 150 0.20 0.40 0.80 2.003 824
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Experimental Design

AA7075/15 wt% SiC composite was machined through tungsten carbide inserts 
on a CNC turning set-up in accordance with the experimental scheme shown in 
Table 3.

Results

Variance Study

Analysis of variance was applied to assess the statistical significance of findings. 
Pooled form of ANOVA for surface coarseness is described in Table 4 and for 
energy consumption in Table 5.

1.	� Model F-amount of 230.91 shows the model is important. It can be seen 
that there is merely a 0.01% likelihood that ‘Model F-Amount’ so big 
may arise owing to noise.

2.	� The amount of ‘Probability > F’ smaller than 0.05 points that the model 
parameters are important, where A, B, C, D, A2, C2, BC and CD are 
important model parameters.

3.	� A lack-of-fit F-value of 3.67 suggests a 7.8% likelihood that the observed 
variation is attributable to noise. Meanwhile, the lack of fit is not note-
worthy; the model can be considered adequate.

SD 0.045 R2 0.988

Mean 1.90 Adjusted R2. 0.984

C.V. 2.37 Predicted R2 0.974

PRESS 0.097 Adeq. precision 59.88

Table 4. Pooled ANOVA: Surface Roughness.

Sources Sum of the Squares DF Mean of Squares F Values Probability > F

Model
A
B
C
D
A2

C2

BC
CD

3.73
0.28
0.080
2.32
0.63
0.023
0.079
0.032
0.052

8
1
1
1
1
1
1
1
1

0.47
0.28
0.080
2.32
0.63
0.023
0.079
0.032
0.052

230.91*
137.56*
39.85*

1,148.89*
311.28*
11.22*
38.96*
15.71*
26.00*

< 0.0001 significant
< 0.0001
< 0.0001
< 0.0001

< 0.00010.0030
< 0.00010.0007

< 0.0001

Residual
Lack of fit
Pure error
Cor. total

0.042
0.039

3.315E–003
3.77

21
16
5
29

2.01E–003
2.441E–003
6.63E–004

3.67 0.078 not significant

Note: *The result is significant at the 95% confidence limit.



Bhushan	 37

4.	� ‘Predicted R-squared’ of 0.974 is in rational covenant with ‘Adj. 
R-squared’ of 0.984.

‘�Adeq. precision’ calculates the signal-to-noise ratio. A ratio of more than 4 is 
desired. The ratio of 59.88 means a sufficient signal.

1.	� F-amount of 278.63 means model is important. It can be seen that merely 
a 0.01% likelihood that ‘Model F-amount’ so big may arise owing to 
noise.

2.	� Amount of ‘Probability > F’ smaller than 0.05 means model parameters 
are important. Here A, B, C, D, A2, C2, AB, AC and CD are important 
model terms.

3.	� ‘Lack of fit F-amount’ of 1.88 means lack of fit is not important relative 
to pure error. It can be seen that 25.08% likelihood that ‘Lack-of-fit 
F-value’ is so big, may be due to noise. A non-significant lack of fit con-
firms that the developed model can adequately represent and predict the 
experimental results.

4.	� ‘Predicted R-squared’ of 0.97 is in realistic covenant with ‘Adjusted 
R-squared’ of 0.98. ‘Adeq. precision’ finds the signal-to-noise ratio. 
Ratio > 4 is appropriate. The ratio of 70.15 points to a sufficient signal. 
The model is suitable for guiding navigation within the design space.

Table 5. Pooled ANOVA: Energy Consumption.

Source Sum of the Squares df Mean of Squares F Value Probability > F

Model
A
B
C
D
A2

C2

AB
AC
CD

6.07E + 005
3.26E + 005

3,744.72
2.14E + 005

1,196.89
3,143.48
4,412.15
4,761.00
6,561.00
1,190.25

9
1
1
1
1
1
1
1
1
1

6,752.32
3.267E + 005

3,744.72
2.145E + 005

1,196.89
3,143.48
4,412.15
4,761.00
6,561.00
1,190.25

278.63*
1,348.16*
154.53*
885.20*
49.36*
12.97*
18.21*
19.65*
27.07*
4.91*

< 0.0001 significant
< 0.0001
< 0.0001
< 0.0001
< 0.0001
0.0018
0.0004
0.0003

< 0.0001
0.0384

Residual
Lack of fit
Pure error
Cor. total

4,846.63
4,117.13
729.50

6.125E + 005

20
15
5
29

242.33
274.48
145.90

1.88 0.25 not significant

* The result is significant at the 95% confidence limit.

SD 15.57 R2 0.99

Mean 832.87 Adjusted R2 0.98

C.V. 1.87 Predicted R2 0.97

PRESS 12,707.62 Adeq. precision 70.15
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Coefficients of the Second-order Regression Equation

Regression coefficient of second order was found by utilizing investigational 
information (Table 3). The responses were modelled using regression equations as 
functions of the four process parameters measured in this experimentation. The 
results are presented below, and inconsequential coefficients have been excluded 
from the regression equations.

Surface roughness E A B C� � � � � � � � � �0 753 4 684 003 0 443 4 497 0 18. . . . . 00

2 251 005 3 776 4 45 0 7152 2

�

� � � � � � � � � � �

D

E A C B C C D. . . . �
(1)

 

Energy consumption A B C� � � � � � � �

�

400 975 2 09710 49 722 922 264

2

. . . .

11 319 8 391 003 894 758 5 75

1 687 107 8

2 2. . . .

. .

� � � � � � � � �
� � � �

D E A C A B

A C 112� �C D �

(2)

 

Analysis for Surface Roughness [AA7075/15 wt% SiC (10–20 µm) 
Composite]

Figure 7 represents the normal probability of residuals. Normal plot vs. residuals 
exhibits data when 98% of residuals would lie inside 3σ. These experimental data 
are inside three 3σ. Predicted vs. actual (Figure 8) is quantified to demonstrate 
how efficiently the line can fit the two. The graph displays how this model fore-
tells the range of data. Figure 8 indicates that experimental data align closely with 
a straight line.

Figure 7. Normal Probability Distribution of Residuals: Surface Roughness.
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Residual vs. run order is shown in Figure 9. It displays that errors are indepen-
dent. Results are not influenced by time-related outside factors. There is a ran-
dom, horizontal band of points around the zero line. No discernible trends or 
patterns are witnessed.

The Box–Cox transformation is shown in Figure 10. This power transforma-
tion shows that variance is stabilized. The data are more normally distributed. 
Normality is important in this case.

Figure 8. Predicted vs. Actual Surface Roughness.

Figure 9. Residual vs. Run Order.
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Impact of Parameters on Surface Roughness
Figure 11(a) expresses the surface graph of surface coarseness, namely fluctuat-
ing speed of cutting and feed speed. The figure indicates that the escalation in the 
rate of cutting first upsurges, then lessens surface roughness. Growth in feed 
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Figure 11. 3D Surface Curves for Surface Roughness (µm). (a) Impact of Cutting 
Speed and Feed on Surface Finish. (b) Surface Roughness Response to Speed of Cutting 
and Penetration of Cut. (c) Impact of Speed of Cutting and Radius of Nose on Surface 
Roughness.

Figure 10. Box–Cox Transformation.
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augments surface roughness. Figure 11(b) shows the impact of the speed of cut-
ting and the penetration of the cut on surface coarseness. A rise in the penetration 
of cut enhances surface coarseness. Figure 11(c) represents the consequence of 
the speed of cutting and nose radius on surface coarseness. It is witnessed that 
surface coarseness will be lower when the nose radius is larger. Commencing 
these graphs, it is noticed that lesser surface roughness can be found only at minor 
values of feed and the penetration of cut, and greater levels of the speed of cutting 
and radius of nose.

Figure 12. Normal Probability of Residuals: Energy Consumption.

Figure 13. Predicted vs. Actual: Energy Consumption.
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Analysis for Energy Consumption

Normal curve vs. residuals expresses residual information where 98% of residuals 
shall lie within 3 sigma. This investigational information is in 3 sigma (Figure 12). 
Residual vs. predicted is a quick test to ensure proper randomization is evident. 
Figure 13 indicates that experiments are properly randomized.

Effect of Factors on Energy Consumption

Figure 14(a) shows the surface curve of energy consumption, namely varying 
speed of cutting and feed. Electricity consumption improves sharply with the 
growth in the speed of cutting. Increasing the feed rate has minimal effect on 
energy consumption.

Figure 14(b) displays the consequences of a change in the speed of cutting and 
penetration of the cut on energy utilization. A rise in the penetration of cut aug-
ments energy utilization. It is witnessed that lesser energy utilization can be 
attained at a lesser penetration of the cut. Figure 14(c) depicts the influence of the 
speed of cutting and the radius of the nose on energy feeding. It is witnessed that 
energy utilization is increased when the nose radius is high.

Optimization of Cutting Parameters Using a  
Multi-objective Approach

A response optimization study was conducted to attain the least surface roughness 
and energy consumption by utilizing developed mathematical models. The desir-
ability function method was utilized.

Desirability Function Approach

The value of desirability ranges between d = 0 and 1, which means the outcome is 
not acceptable. 1 means the response is the correctly targeted value (Jinshan et al., 
2007). The response is converted into desirability as follows:
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Figure 14. 3D Surface Curve for Energy Consumption (watt). (a) Impact of Speed 
of Cutting and Rate of Feed on Energy Utilization. (b) Impact of Speed of Cutting and 
Penetration of Cut on Energy Utilization. (c) Impact of Speed of Cutting and Radius of 
Nose on Energy Utilization.
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d y L

U L
L y U d y U�

�
�
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�

, with for0
�

(6)
 

and d =1 for y- >L.
α is weight. L and U were finalized as per the mathematical model in RSM.
Design-Expert was utilized for analysis. The desirability method was used for 

obtaining optimum results utilizing multi-response objectives (Dhupal et al., 
2008; Jinshan et al., 2007). Optimization was carried out in two stages: (a) finding 
desirability for response and (b) maximization of desirability and detecting the 
optimum value. In the desirability approach, various results were achieved. 
Solution with maximum desirability is favoured.

Limitations for Optimization of Cutting Parameters

Desirability analysis was conducted to minimize surface coarseness and energy 
consumption simultaneously while allowing the parameters to vary from low 
limit to high limit.

Multi-Objective Optimization Results

Surface roughness and energy ingestion were minimized as per constraints in 
Table 6, through desirability analysis. A total of five solutions were generated. 
These are arranged in Table 7. Solution 1 at maximum desirability, that is, 
0.884, is preferred. Optimum amount of the speed of cutting, rate of feed, 
penetration of cut and radius of nose to reduce surface coarseness (1.149) and 
energy ingestion (595.79 watt) are 90.02 m/min, 0.15 mm/rev, 0.20 mm and 
1.20 mm.

Figure 15 shows a contour chart at the maximum desirability amount. Figures 
16 and 17 show a contour graph of surface roughness and energy consumption. 
Point prediction for multi-response optimization is shown in Table 8. Results 
show that variations are within limits.

In Figure 18, the red points on the graphs show optimum values. Red points on 
curves response also show corresponding values of surface roughness and energy 

Table 6. Limitations for Optimization of Values.

Response Constraint
Lower 
Limit

Upper 
Limit

Lower 
Weight

Upper 
Weight Importance

Speed of cutting Within range 90 210 1 1 3

Rate of feed Within range 0.15 0.25 1 1 3

Penetration of cut Within range 0.2 0.6 1 1 3

Radius of nose Within range 0.4 1.2 1 1 3

Surface roughnes (μm) Minimum 1.193 2.652 1 1 5

Energy consumption 
(watts)

Minimum 567 1,196 1 1 3



44	 Sustainable Manufacturing and Foundry Practices 1(1)

Table 7. Multi-criteria Optimization Results.

Solution 
No.

Speed of 
Cutting 
(m/min)

Rate of 
Feed 
(mm/
rev)

Depth 
of Cut 
(mm)

Radius 
of Nose 
(mm)

Surface 
Roughness 

(μm )

Power 
Consumption 

(watt) Desirability Selection

1 90.02 0.15 0.20 1.20 1.419 595.79 0.884 Selected

2 90.00 0.15 0.20 1.18 1.427 595.82 0.881

3 90.41 0.17 0.20 1.20 1.428 606.96 0.874

4 110.76 0.15 0.20 1.20 1.424 612.56 0.873

5 90.00 0.17 0.20 1.20 1.429 609.18 0.872

Table 8. Point Prediction: Multi-response Optimization.

Parameter Prediction SE Mean
95% CI 

Low
95% CI 
High SE Pred

95% PI 
Low

95% PI 
High

Surface 
roughness

2.037 0.014 2.01 2.07 0.047 1.94 2.14

Power 
consumption

2.14 4.71 826.40 846.03 16.26 802.29 870.14

consumption. Figure 19 shows individual and combined desirability values. 
Desirability amount for surface roughness is 0.813, and desirability amount for 
energy consumption is 0.972. Their combined desirability value is 0.884.

DESIGN-EXPERT Plot

Desirability
Design Points

X = A: Cutting Speed
Y = B: Feed

Actual Factors
C: Depth of  cut = 0.20
D: Nose radius = 1.20
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B
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Figure 15. Contour Graph at Maximum Desirability.
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End Result

Experimental (minimum), single objective and multi-objective values of surface 
roughness are 1.193, 1.191 and 1.419 µm, respectively. Experimental (minimum), 
single-objective optimization and multi-objective optimization values of energy 

Figure 16. Contour Chart Surface Roughness: Cutting Speed.

Figure 17. Contour Chart Energy Consumption: Cutting Speed.
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utilization are 567, 566.71 and 595.79 watts, respectively. This shows that simul-
taneous optimization (multi-criteria optimization) of surface roughness and 
energy utilization is at the cost of % rise in surface roughness and % increase in 
power utilization as related to their single criteria optimization values.

The % change in surface roughness owing to multi-objective optimization

	
�

�
� �

1 419 1 191

1 419
100 16 06

. .

.
. %

The % change in energy consumption due to multi-objective optimization

	
�

�
� �

595 79 566 71

595 79
100 4 88

. .

.
. .%

Hence, 16.06% reduction in surface roughness can be achieved by merely increase 
of 4.88% in energy consumption.

No

Cutting
Speed

(m/min)
Feed

(mm/rev)
DOC
(mm)

Nose
Radius
(mm)

Surface
Roughness

(μm)

Energy 
Consumption

(watts)

AA7075/15 wt% 
SiC (10–20 µm) 
composite

97 0.15 0.20 0.40 1.643 570.5

Figure 18. Ramp Function Curve for Combined Desirability.
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Experimental Validation of Results

Turning experiments were carried out again at the optimal cutting conditions 
obtained by desirability analysis for AA7075/15 wt% SiC (10–20 µm) composite. 
The values of response parameters, that is surface roughness and electricity con-
sumption, are close to values obtained by desirability analysis. This validates our 
work.

Discussions

Surface Roughness

Surface roughness (Ra) obtained on turned surfaces of composite rods was greater 
than that of alloys. Throughout turning, pulling of SiC particles results in minor holes 
on the turned surface. This situation resulted in the rise of the surface roughness of 
composites. Surface coarseness of composite rods that have a greater reinforcement 
ratio is more than that of rods that have a comparatively lower reinforcement ratio.

Surface roughness affects the performance of components when they are used 
in a mechanism. It also evaluates the machining accuracy. The speed of cutting, 
rate of feed, penetration of cut and nose radius have a major influence on surface 
roughness. Semi-continuous chips are formed during the turning of AA7075/

Figure 19. Individual and Combined Desirability Value.
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SiC-p composites. This is a result of the presence of SiC particles. Discontinuous 
chips create macro cracks on the open surface of chips. This leads to bend cre-
ation. That sequentially removes SiC particulates, which leads to the formation of 
minor cavities on the surface during turning. This is also one of the reasons for 
more surface roughness while turning Al/SiC composites.

Outcome of Speed of Cutting
Cutting speed has a major impact on surface roughness. Surface roughness 
reduces at greater cutting speeds (Figure 11a). The chip fractures freely at a lower 
cutting speed. This produces a rough surface. This is because of the existence of 
harder SiC particles. SiC particles do not play a major role in cutting at low speed. 
Cutting at low speed is due to the cutting tool side. SiC particulates slide on the 
tool edge and damage the turned surface. As the speed rises, chip fracture reduces 
and hence roughness declines. The speed of cutting has the maximum intense 
influence on surface roughness. At large, when higher cutting speeds are utilized, 
less surface roughness can be attained.

Outcome of Rate of Feed and Penetration of Cut
Increase in feed augments surface roughness (Figure 11b). When the feed is 
raised, regular loads on the tool are also enhanced. Hence, it will produce heat, 
which further enhances surface roughness. Rise in the penetration of the cut pro-
duces more regular pressure and concentrates on the rake surface. Henceforth, 
surface coarseness augments with growth in depth of cut (Figure 11c).

Surface coarseness is enhanced at greater feed in all turning circumstances. 
This was ascribed to the elevated temperature in the cutting zone. Greater feed 
enhances temperature, and this leads to reduced bonding amongst SiC-p and Al 
matrix. Al relaxes, and SiC particles are released.

Effect of Nose Radius
Chip thickness changes from zero to extreme while turning by a large nose radius 
tool, which tends to move a big part of the chips in place of cropping them. This 
decreases surface roughness (Figure 11c). A bigger nose radius minimizes the saw 
tooth’s impact of feed marks and considerably lessens surface roughness. An 
additional nose radius is nevertheless detrimental since it creates vibration and 
chatter.

Energy Consumption

Influence of Speed of Cutting and Feed Rate
Figure 14(a) shows the surface curve of energy consumption with changing speed 
and feed. Energy consumption increases sharply with a rise in speed. As speed 
rises, the material removal rate also enhances compelling machine to draw extra 
energy. Wear of the tool also results in extra energy consumption, as the turning 
process is not smooth.

Normally, as speed rises, the heat created at the interface of the tool and com-
ponent increases. Hence, the major part of the heat generated enters the compo-
nent. Increased heat generation results in softening of the Al matrix. In AA7075/15 
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wt% SiC (10–20 µm) composite turning, the major part of electricity is spent in 
eradicating hard reinforcement particles from the gluey matrix. Numerous inves-
tigations (Lin et al., 1995; Tomac & Tonnessen, 1992) have shown that normally 
reinforcements are moved out from the matrix instead of being cropped. Thus, 
higher speed results in relaxation of the matrix. This reduces specific energy. 
Therefore, MMC turning should be conducted at greater speeds. Speed will be 
limited by tool wear, as raising speed after a value will result in rapid tool wear 
and become economically nonviable (Andrews et al,. 2000; Muthukrishnan et al., 
2008). The rise in feed has a slight impact on the energy utilization.

Influence of Depth of Cut
Figure 14(b) displays the impact of the speed of cutting and the penetration of the 
cut on energy utilization. Rise in depth of cut improves energy consumption in 
turning of AA7075/15 wt% SiC (10–20 µm). It is observed that less consumption 
can be attained at a minor depth of cut (Kumar, 2013).

Effect of Nose Radius
Figure 14(c) depicts the effect of cutting speed and radius of nose on energy con-
sumption. It is observed that energy consumption is additional at a large nose 
radius. Alike results were attained by Kumar (2013).

Conclusions

The following conclusions can be drawn:

1.	 3D surface curves of surface roughness discovered that depth of cut is the 
most noteworthy parameter, followed by feed, cutting speed and nose 
radius.

2.	 3D surface curves of energy consumption show that cutting speed is 
utmost noteworthy parameter subsequently by depth of cut, rate of feed 
and radius of nose.

3.	 Ramp function graphs show the correct value of factors for the required 
level of response.

4.	 Optimization by desirability approach indicated that the lowest surface 
roughness (1.191 µm) would be obtained at a cutting speed of 209.47 m/
min, feed of 0.15 mm/rev, depth of cut of 0.20 mm and nose radius of 
1.18 mm.

5.	 Optimization by desirability approach indicated that the lowest energy 
consumption (566.71 watts) would be obtained at a cutting speed of 93.25 
m/min, feed of 0.15 mm/rev penetration of cut of 0.20 mm and nose radius 
of 0.41 mm.

6.	 Multi-objective optimization values of factors for minimum surface 
roughness (1.419 µm) and energy consumption (595.79 watts) are cutting 
speed of 90.02 m/min, feed of 0.15 mm/rev depth of cut of 0.20 mm and 
nose radius of 1.20 mm.
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7.	 16.06% reduction in surface roughness could be obtained by merely 
increase of 4.88% in energy consumption.

Relate the Optimization Results to Practical Machining Strategies

When the turning of composite will be carried out at process parameters obtained 
from multi-response optimization, there will be a reduction in the surface rough-
ness of the machined surface, with a marginal increase in electrical energy con-
sumption. These values of process parameters may be used for the turning of 
composites.

Limitations

It will be difficult to machine the composites, with more than 15 wt% of SiC par-
ticles and particle size more than 20 µm.

Directions for future research

Limited research has been conducted on the machining behaviour of metal–matrix 
composites. A number of problems during the machining of MMC still need a 
solution. Some of them are:

i.	 Identification of a specific tool for a particular MMC.
ii.	� Balance in the values of conflicting responses during the machining of 

MMCs.
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Abstract

Comprehensive attention has been focused globally on producing lightweight 
Mg-based alloys for automotive applications, which can perform well at operat-
ing temperatures (200–300ºC). This study examines the age-hardening behav-
ior of Mg–10Sn alloys for enhanced performance. Room-temperature tensile 
investigations show that artificially aging for 100 h at 200°C maximizes both 
tensile strength and ductility. Thermal aging at 200°C for 100 h significantly 
increases work hardening capabilities, evidenced by a high strain-hardening 
rate (� �  2.10) and a hardening exponent (n) of 0.4167. This elevates the neck-
ing stress to 122 MPa and boosts load-bearing capacity (HC) from HC = 0.63 to 
0.75 in Mg–10Sn alloy. The observed trend in strain-hardening behavior sug-
gests a two-stage work-hardening response, driven by the precipitation of 
Mg2Sn intermetallic at α-Mg grain boundaries, which significantly enhances the 
strength.
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Introduction

Magnesium alloys provide a good balance of exceptional damping capacity, supe-
rior heat dissipation, high specific strength, superior castability, and machinability 
for lightweight structural materials (Ghosh & Naryanan, 2008). Recently, in the 
automobile and aerospace sectors, the demand for lightweight material has inevi-
tably increased to reduce gas emissions and save fuel consumption. Promisingly, 
Mg-alloys, particularly die-cast Mg–Zn and Mg–Al, offer superior strength-to-
weight ratios than aluminum (Pollock, 2010; Wang, M. Y. et al., 2012). Further, 
with the need for weight reduction, Mg-alloys are increasingly used in the auto-
mobile sector for components like steering columns, steering wheels, gearboxes 
and seat frames (Kimura et al., 2009).

Medium-strength Mg–Sn and Mg–Sn–Al alloys are prime auto body-sheets 
candidates, offering superior formability, high specific strength, and resistance to 
corrosion (Nakata & Kamado, 2023; Wan et al., 2021). While at low tempera-
tures, Mg-alloys show poor formability due to their hexagonal crystal structure 
(hcp), fewer slip systems, and a pronounced basal texture (Elsayed et al., 2013). 
Alloying tunes the structural properties, but high concentrations limit room-tem-
perature ductility (Peng et al., 2023).

AZ91 and AM Mg-alloys are preferred for automobile structural components 
due to superior castability and strength (Koren et al., 2002; You et al., 2017). 
However, high-temperature instability limits their use in high-temperature applica-
tions; likewise, the low melting point (437°C) of the Mg17Al12 phase compromises 
creep resistance (Srinivasan et al., 2010). Mg–Sn system remains a promising heat-
resistant alloy under thermal load (Gibson et al., 2010). High tin (Sn) solubility 
(~14.7%) facilitates significant precipitation hardening via Mg2Sn precipitation, 
and its high melting point (770°C) provides superior thermal stability than Mg-RE 
systems. However, Sn imposes poor ductility. Brittle Mg2Sn phases along the grain 
boundaries deteriorate ductility, limiting their usage in automotive sectors (Mendis 
et al., 2006). Moreover, as tin is a non-toxic and necessary element, the Mg–Sn 
system holds enormous promise in biomedical implants.

Enhancing age-hardening ability is popular in metallic materials to improve 
mechanical performance in metallic alloys. Artificial aging is traditionally used to 
tailor the age-hardening behavior of various Mg-alloys, which include Mg–Sn 
(Mendis et al., 2006), Al-Mg–Zn (Deng et al., 2023), Mg-RE (Li et al., 2019), Mg-Si 
(Yamamoto et al., 2020), and Al–Mg–Si (Zhu et al., 2019). This study investigates the 
age-hardening response of Mg–10Sn alloys at operating temperatures of 200-300ºC 
and its impact on mechanical properties. This temperature range is relevant, as it 
matches the standard warm forming condition often employed for Mg-based sheets.

Experimental

An Mg–10Sn (wt%) alloy was fabricated via casting. Initially, a portion of the total 
Mg was charged and melted in a crucible inside a furnace, and then adequate Sn was 
added. To avoid excessive oxidation during melting, the stepwise-charging practice 
of Mg ingots was adopted. The oxide layer on the top was skimmed out completely 
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and regularly. Following flux application and addition of Sn, the mixture was held 
for 30 min at 750°C to ensure complete dissolution. Subsequently, the melt was cast 
into ingots in a preheated crucible (250°C) inside a furnace in an argon atmosphere. 
Then cast samples were subjected to T4 treatment, which involved heating to 300°C 
for 8 h. followed by water quenching to room temperature. The process (T4) was 
conducted in a mild steel box covered with sand to avoid oxidation. Finally, the 
samples were artificial aged (T6) in a muffle furnace in an oil bath at 200°C for 100 
and 500 h, respectively. At regular intervals, samples were removed from the fur-
nace and quenched in water at room temperature. The resulting conditions were 
denoted as 100 h/200°C and 500 h/200°C Mg–10Sn alloys, respectively.

Tensile property was evaluated using specimens with dimensions of 30 × 6 ×  
6 mm3 using Instron 8501 universal testing machine at a crosshead velocity and strain 
rates of 0.03 mm/s and 10−3/s, respectively. Tensile samples were prepared using wire 
electrical discharge machining. To mitigate data fluctuations caused by shrinkage 
porosity, all samples were extracted from the center of the ingots. Structure and micro-
structure of the cast and aged specimens were identified using a Rigaku SmartLab, 
Japan X-ray diffractometer (40 kV/40 mA) with Cu–Kα radiation and JEOL-
JSM840A scanning electron microscope (SEM) fitted with an energy-dispersive spec-
troscope (Oxford Instruments, Abingdon, UK). The microstructure after tensile 
deformation was investigated by SEM. Vickers hardness was measured using a Leica-
VMHT, Germany, tester with 25 gf load and 10 s dwell time.

Results and Discussion

Phase Structure Identification

Figure 1 shows the XRD spectrum of the as-cast and 100 h/200°C and 500 
h/200°C Mg–10Sn specimens. It reveals peaks from hcp α-Mg as the primary 
solid solution and intermetallic β-Mg2Sn phases only. The calculated average 
crystallite size (D) and lattice parameter (α) of the phases are shown in Table 1. 
It shows prolonged aging increases the crystallite size in both α-Mg and β-Mg2Sn 
precipitates significantly, while their lattice parameters remain unaltered. 
Furthermore, mass fraction calculations indicate the occurrence of precipitation 
reaction in the sample aged at 200°C for 100 h, which shows reaching a peak 
volume of β-Mg2Sn precipitates up to Vf

�
100 �  19%. While aging continues to 

500 h, the mass fraction of these precipitates declined to Vf
�

500 �  11%.

Effect of Aging on the Microstructural Formation

Figure 2 displays the optical micrograph of the alloy in as-cast, 100 h/200°C, and 
500 h/200°C conditions. The microstructure of the cast alloy shows a dendritic 
morphology, characterized by a brighter matrix and a darker eutectic phase local-
ized in the interdendritic regions. However, samples aged at 200°C for 200 and 
500 h exhibited significant coarsening of dendrites, which increased with holding 
time. High-resolution SEM images in Figure 3(a–c) show a microstructure com-
posed of a bright, primary α-Mg matrix and a dark, semi-coherent network of 
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α-Mg+β-Mg2Sn eutectic mixture located along the grain boundaries (Zhang et al., 
2017). Additionally, traces of lath-shaped β-Mg2Sn precipitates are present within 
the α-Mg grains. Figures 3b and c show that the amount of lath-shaped β-Mg2Sn 
precipitates increases with aging time (Table 2). Hence, as high-temperature 
(300°C) T4 treatment facilitates Sn diffusion into the matrix to form a solid 

Table 1. X-ray Diffraction Profile Analysis Data Showing the Lattice Parameter and 
Crystallite Size for the As-cast, 100 h/200°C, and 500 h/200°C Mg–10Sn specimens.

Sample 
Description

Lattice Parameter – α (Å) Crystallite Size – D (Å)

α-Mg β-Mg2Sn α-Mg β-Mg2Sn

As-cast 3.212 ± 0.002 6.754 ± 0.004 278 ± 24 384 ± 16

100 h/200°C 3.210 ± 0.002 6.756 ± 0.001 647 ± 62 556 ± 12

500 h/200°C 3.200 ± 0.002 6.761 ± 0.003 1,224 ± 49 1,019 ± 41

Figure 2. The Optical Micrography Images Show the Microstructure of the Mg10Sn 
Alloys in the Following Conditions: (a) as-cast, (b) 100 h/200°C, and (c) 500 h/200°C, 
respectively.

Figure 1. X-ray Diffraction Analysis of the As-cast, 100 h/200°C, and 500 h/200°C 
Samples Revealed a Phase Composition Consisting of Primary hcp α-Mg Solid Solution 
and Intermetallic β-Mg2Sn.
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solution, quenching suppresses Sn diffusion, resulting in a lath-shaped β-Mg2Sn 
precipitate. Conversely, holding at a lower temperature (200°C) for 100 and 500 h 
(in aged 100 h/200°C and 500 h/200°C specimens) causes slow Sn diffusion, lead-
ing to an increased concentration/formation of the eutectic structure (Vf

�
100 �  

19% and Vf
�

500 ��11%). Further aging up to 500 h, Sn partitions into the eutectic 
α-Mg+β-Mg2Sn, leading to a continuous network morphology accompanied by 
the coarsening of the eutectic phases.

Influence of Precipitation on the Mechanical Property

The room-temperature engineering tensile stress–strain curves are shown in 
Figure 4a and are documented in Table 3. The as-cast specimen showed a yield 
strength of σ y ~ 76 MPa, a tensile strength σU ~ 137 MPa, and a fracture strain 
of ε f ~ 4%. While aging at 200°C left σ y � nearly unchanged (σ y ~ 75 MPa) for 
100 h before it declines to σ y ~ 68 MPa after 500 h. Nevertheless, σU � peaks at 
approximately σU ~145 MPa after 100 h of aging before it subsequently declines 
to σU ~ 126 MPa after 500 h aging. Prolonged aging reduced ductility from ε f ~
4.25% (100 h) to ε f ~ 3 % (500 h). Furthermore, the 500 h/200°C specimen 
exhibited more pronounced serrations in tensile curves, suggesting unstable plas-
tic flow.

Figure 3. SEM Images Revealing the Microstructure of (a) as-cast specimen consists of 
primarily the α–Mg matrix (dark areas), and Sn-rich eutectic (α-Mg+β-Mg2Sn) segregated 
along the Mg grain boundaries forming a semicontinuous network. However, traces of 
β-Mg2Sn can be found within the matrix of α-Mg grains in a lath-shaped structure in the 
thermally treated (b) 100 h/200°C and (c) 500 h/200°C Mg–10Sn specimens.

Table 2. X-ray Diffraction Profile Analysis Data Furnishing the Volume Fraction of 
α-Mg and β-Mg2Sn Phases Present in the As-cast, 100 h/200°C, and 500 h/200°C 
Mg–10Sn Specimens.

Sample Description

Lattice Parameter – α (Å)

α-Mg (Vf
α) β-Mg2Sn (Vf

β)

As-cast 91 ± 4 9 ± 4

100 h/200°C 81 ± 1 19 ± 1

500 h/200°C 89 ± 1 11 ± 1
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Fracture Analysis

Figure 4 (b–d) shows fracture surface morphology of the as-cast, 100h/200°C, 
and 500h/200°C specimens, respectively. In the cast specimen (Figure 4b), the 
region around marked A shows smooth brittle facets, B shows small dimples 
(plastically deformed area), C shows cavities formed by the extraction of grains, 
D shows flutes, and F shows small dimples. Flutes are striations or river patterns 
which are a common fractographic feature in hcp materials (Merson et al., 2020). 
Fluted fracture surfaces typically result from nucleation of tubular voids at the 
intersection of basal slip and prismatic/pyramidal slip bands. Flat facets and flute 
patterns indicate a cleavage mode of fracture in the as-cast specimens, while 
localized small dimples suggest the prior plastic deformation before failure, lead-
ing to quasi-cleavage fracture in the cast Mg–10Sn alloy (Jiang et al., 2023; 
Merson et al., 2020). While the fracture surface of the 100 h/200°C specimen in 
Figure 4(c) shows the presence of quasi-cleavage, the presence of deeper dimples 
suggests extensive plastic deformation (Kondori etal., 2014; Shabani et al., 2019). 
Fracture surface of the 500 h/200°C specimen (Figure 4d) shows flutes or a river 
pattern, marking the evidence of PLC event recorded during tensile deformation. 
Further, fluted surfaces around A–B show a small amount of plastic deformation 
around C, indicating a quasi-cleavage mode of fracture. Additionally, cracks 
around the GBs show specimens’ poor ductility and brittleness.

Figure 4. (a) Tensile engineering stress–strain curves for the as-cast, 100 h/200°C, 
and 500 h/200°C specimens at room temperature. (b)–(d) show their corresponding 
fracture surface morphology of the cast, 100 h/200°C, and 500 h/200°C alloys, 
respectively.
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Age-hardening Response as a Function of Aging Time

Table 3 shows Young’s modulus (E) of the specimens gradually increasing with 
the aging duration from up to 24 GPa, while hardness values remain unaltered. 
Figure 5 shows the effect of AA  on hardness and mechanical properties as a func-
tion of aging duration.

Work-hardening Capacity (σc)

The work-hardening capacity (� � �C S y� �/ 1) was assessed to evaluate the 
deformation behavior of the cast and aged specimens. As shown in Table 3, the 
aged alloys exhibited superior load-bearing ability with σC  values reaching σC ~
0.75 compared to σC ~ 0.63 for the as-cast state (Afrin et al., 2007; Luo et al., 
2006). Thus, β-Mg2Sn precipitate phases are vital to the load-bearing ability of the 
Mg–10Sn alloy.

Strain-hardening Rate (θ)

Figure 6 shows the representative strain-hardening rate (� � �� d dT T/ ,  where 
σT � and εT � are true stress and true strain, respectively) vs. true strain curves 
(Shi et al., 2023). Throughout the plastic deformation regime, the 100 h/200°C 
specimen shows a higher strain-hardening rate (� �  2.10) than both the as-cast 

Figure 5. The Plot Shows the Hardness and Mechanical Properties of the Mg–10Sn 
alloy in the As-cast, 100 h/200°C, and 500/200°C Alloys as a Function of Aging 
Duration.

Table 3. The Room-Temperature Mechanical Properties Data Observed for the 
Mg–10Sn As-cast, 100 h/200°C and 500 h/200°C Aged Samples, Respectively.

Alloy Designation σY (MPa) σUTS (MPa) εf (%) Hardness (HV) E (GPa) σc θ
As-cast 76.0 137.0 4.0 41.0 19.0 0.63 2.02

100 h/200°C 75.0 145.0 4.3 41.2 20.0 0.75 2.10

500 h/200°C 68.0 126.0 3.0 41.7 24.0 0.75 1.73
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(� �  2.02) and 500 h/200°C (� �  1.73) samples. Further, the onset of necking 
(plastic instability) occurred at the highest strain (�T � � 0.45) in the 100 h/200°C 
specimen (�T � � 122 MPa), reflecting superior ductility compared to 500 h/200°C 
(�T �  0.39, �T � � 58 MPa) and as-cast specimen (�T �  0.38, �T �  103 MPa). 
Apart from that, the gradual decline of θ up to plastic instability (Figure 6) sug-
gests that age-hardened Mg–10Sn alloys undergo steady-state work hardening.

Strain-hardening Exponent (n)

Hollomon expressions were utilized to determine the strain-hardening exponent 
(n) (Shabani et al., 2019):

	 � �� K n , � (1) 

	 n d ln d ln� � � � �� �/ , � (2) 
where σ, ε, and K correspond to stress, strain, and constant, respectively, listed in 
Table 4. Figure 7 shows that the 100 h/200°C specimen exhibited the maximum 
strain-hardening exponent (n = 0.4167), which signifies superior formability 
compared to the as-cast (n = 0.4065) and the 500 h/200°C (n = 0.3947) specimens. 
Further, the dual-slope behavior suggests a transition from a high-rate non-homo-
geneous deformation (n1 ) to a lower/moderate homogeneous deformation (n2

) 
regime. These values match high-formability standards (0.2–0.5) and are compa-
rable to Mg–Yb (n = 0.45) (Zhang et al., 2021) and Mg–3Al–3Sn (n = 0.45) 
(Wang, H. Y. et al., 2012) and surpass several high-strength steels (Chen et al., 
2005; Xu et al., 2012).

Discussion

In the initial regime, the 100 h/200°C specimen (where n1 = 0.6232) relies on 
precipitate to bear the primary load during deformation. Interestingly, the 500 
h/200°C specimen reached a maximum n1 = 0.6433, which correlates with its 

Figure 6. Representative Strain-Hardening Rate−True Strain Curves from the 
Engineering Tensile Data of the As-cast, 100 h/200°C, and 500 h/200°C Specimens, 
Respectively.
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elevated Young’s modulus of 24 GPa. During the second regime (n2 = 0.3039), the 
100 h/200°C specimen transitions to more homogeneous deformation facilitated 
by the particle−matrix interactions. The 100 h/200°C specimen achieves a supe-
rior average SHE, n = 0.4167, because its microstructure contains a maximum 
volume fraction of β-Mg2Sn (19%) precipitates. During the second hardening 
stage (n2 = 0.3039), this microstructure delays localized deformation, effectively 
extending uniform strain and enhancing ductility. These observations are consis-
tent with fractographic evidence showing superior plastic flow in the 100 h/200°C 
specimens.

Mechanistically, the high-volume fraction of β-Mg2Sn (Vf
� �  19%) phase 

precipitates act as the primary load-bearing phase within the α-Mg matrix. In 
Mg–10Sn alloy, it is evident that precipitation on α-Mg grain matrix significantly 

Table 4. The Strain Hardening Exponents (n) Calculated from the Room-temperature 
Mechanical Test Observed for the Mg–10Sn As-cast, 100 h/200°C and 500 h/200°C 
Samples, Respectively.

Alloy Designation η R2 η1 R2 η2 R2

As-cast 0.4065 0.9321 0.6191 0.9832 0.2660 0.9994

100 h/200°C 0.4167 0.9497 0.6232 0.9864 0.3039 0.9984

500 h/200°C 0.3947 0.9549 0.6433 0.9921 0.2999 0.9938

Figure 7. Data Postulating the Constructive Parameters of the Hollomon Expression 
Revealing the Two Regimes During Strain Hardening Where the 100 h/200°C Alloy Has 
the Highest Strength with True SHE 0.3039 Than the As-cast and 500 h/200°C Sample.
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enhances the age-hardening response compared to basal precipitation (Nie, 2003). 
In the 100 h/200°C specimen, these precipitations are more prevalent than in 
the 500 h/200°C specimens. Consequently, as strain increases, dislocation–
dislocation interactions on the slip planes are intensified by the precipitation’s 
barriers. The limited ability of dislocations to bypass these particles results in a 
high hardening rate (θ = 2.10), ultimately yielding a superior combination of duc-
tility � f �  4.3%, strength � S �  145 MPa, and load-bearing capacity, �C �  0.75.

Conclusions

Based on the findings, we conclude:

1.	 1. Artificial aging ( AA ) at 200°C for 100 h effectively facilitates the pre-
cipitation of β-Mg2Sn strengthening phases with a peak volume fraction of 
19%. In contrast, exceeding the aging duration to 500 h results in over-
aging, characterized by coarser β-Mg2Sn precipitates and a coarser eutec-
tic structure compared to the 100 h condition.

2.	 2. The specimens aged at 200°C for 100 h achieve an optimal balance of 
mechanical properties and superior strain-hardening rate (� �  2.10). This 
performance is significantly attributed to β-Mg2Sn reinforcement (Vf =  
19%), which functions as the primary load-bearing constituent.

3.	 3. Fractographic analysis confirms a transition toward a more ductile 
quasi-cleavage mode in the 100-h aged specimen, supported by the deeper 
dimples, stable plastic flow and superior formability (n = 0.4167).
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Abstract

The 42CrMo4 low-alloy steel shafts, gears, and other high-strength parts used in 
the automotive industry offer a strong balance of toughness, strength, and surface 
quality. Traditionally, alloy development has relied on empirical knowledge and 
repeated experimental trials to adjust chemical composition and achieve targeted 
mechanical properties. In this study, we developed a machine learning model to 
predict the mechanical properties of 42CrMo4 steel from its chemical composi-
tion. Our dataset comprised 1,000 heat measurements listed as weight percent-
ages, along with tensile strength, yield strength, proof stress at 0.2%, and surface 
roughness (Ra) from machining. After removing anomalous data with extreme or 
inconsistent compositional values, nine key alloying elements, Ti, Ni, Cr, Mo, Cu, 
Mn, P, Si, and C, were selected as input parameters for the machine learning model.
Different machine learning models were trained separately for each identified 
property, ensuring tailored predictions. We tune their hyperparameters using 
a five-fold cross-validation grid search, helping us find the best settings. The 
Gradient Boosting Regressor algorithm performs well, showcasing its effective-
ness and reliability, with R² values ranging from 0.64 to 0.73 across the four 
targets, indicating reliable predictions. Additionally, error metrics such as root 
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mean squared error and mean absolute error indicate that proposed predictions 
remain within practical engineering limits, providing confidence in their accuracy.
To improve the model, we employed important grouped features and correlation 
heatmaps for our analyses. These show that Ti, Ni, Cr, and Mo contribute most 
to strength properties, while Mn, P, and Si have a greater impact on Ra. Further, 
the results are comparable to the metallurgical information on solid-solution 
strengthening, carbide formation, and surface finish sensitivity. The suggested 
framework demonstrates that composition-based machine learning models can 
support alloy design, reduce experimental trials, and provide a digital tool for 
predicting the mechanical properties of 42CrMo4 steel.

Keywords

42CrMo4 steel, low-alloy steel, machine learning algorithms, Gradient Boosting 
Regressor, mechanical properties

Introduction

Low-alloy, quenched-and-tempered steels such as 42CrMo4 are commonly used in 
the automotive, energy, and general engineering sectors. Widely used components 
include shafts, axles, gears, and heavy-duty fasteners, for which steel designers 
demand high strength, good fatigue resistance, and toughness (Bilbao et al., 2023; 
Dong et al., 2020; Duda et al., 2021). The final mechanical properties of 42CrMo4 
steel are governed by the combined effects of chemical composition, heat-treatment 
conditions, and prior thermomechanical history (Mudda et al., 2025). In practice, 
alloy steel design frequently depends on operators’ experience, empirical formulae, 
and trial-and-error adjustments to elemental compositions, followed by mechanical 
processing. These techniques demand significant time and resources and present 
challenges in achieving the appropriate equilibrium of properties.

42CrMo4 steel is a medium-carbon chromium-molybdenum alloy steel in which 
elements such as chromium, molybdenum, and nickel contribute to improved hard-
enability, strength, and toughness. These characteristics make the alloy suitable for 
demanding engineering applications, particularly in automotive and heavy mechan-
ical components. Adding microalloying elements, such as titanium or niobium, 
refines the grain size, while residual elements, including copper, phosphorus, and 
sulphur, affect surface quality and ease of machining. Even minor adjustments to 
the composition alter the material’s transformation behaviour, the way carbides 
form, and the overall microstructure; ultimately, they influence strength, ductility, 
and surface finish after machining (Gladman, 1997; Honeycombe & Bhadeshia, 
2006; Totten, 2006; Trent & Wright, 2000). A clear understanding of these interac-
tions is essential for the systematic design and optimisation of alloy steels.

The complex relationships among composition, processing, and properties 
make it challenging to develop a standard model for these steels (Yang et al., 
2022). Therefore, advanced emerging techniques like machine learning show 
great promise. This approach improves understanding of the relationships between 
alloy composition, processing conditions, and resulting properties. This helps 
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develop new materials faster and achieve specific properties more easily, making 
the process more efficient and successful (Colla et al., 2023). Several machine 
learning algorithms have been applied in materials engineering to analyse com-
plex materials and datasets. These techniques include powerful tools such as sup-
port vector machines, random forests, and artificial neural networks. They are 
highly reliable at predicting key material properties, such as hardness, toughness, 
and tensile strength (Yarasu & Podgornik, 2025).

Data-driven approaches use historical input datasets to create models. These 
methods help identify relationships between compositional inputs and the resulting 
mechanical properties. Although this process can sometimes be challenging with 
traditional methods, the effort is justified by the benefits of the employed method-
ologies. These approaches are more efficient for designing and developing alloys 
and optimising their targeted properties (Lee et al., 2021). Data-driven machine 
learning approaches have emerged as effective tools for analysing complex rela-
tionships in steel alloy and other material systems. They provide information on 
the complex, non-linear relationships between composition and material proper-
ties, enabling a reduction in the number of experiments (Guo et al., 2020).

In metallic alloys, machine learning can be a valuable tool for predicting 
mechanical properties, process zones, and microstructural features as functions of 
chemical and material-processing parameters. Models based on compositional-
material property predictions offer robust insights. Furthermore, it helps reduce 
costs by optimising the use of expensive alloying elements while achieving target 
properties. Machine learning models have demonstrated strong capability in pre-
dicting the mechanical properties of steel alloys using compositional descriptors 
(Cheng et al., 2024; Wang et al., 2019). They simplify achieving required proper-
ties by speeding up the alloy design process.

Although many studies have applied machine learning to steels, most focus on 
predicting bulk mechanical properties such as strength or hardness (Ahmed et al., 
2025; Huang et al., 2024). Machining-related responses, particularly surface 
roughness (Ra), are rarely included in these predictive models (D’Urso et al., 
2023; Huang et al., 2024; Kaur et al., 2025; Ling et al., 2017; Wang et al., 2024; 
Zhang et al., 2020). However, machining behaviour is a critical factor in manufac-
turing performance and product quality. The present study addresses this research 
gap by developing a composition-based machine learning framework for 
42CrMo4 (AISI 4140) steel that predicts both strength-related properties and Ra 
after machining. A Gradient Boosting Regressor (GBR) model was employed to 
evaluate these parameters.

Materials and Methods

Material History and Chemical Composition

42CrMo4 (AISI 4140) is a quenched-and-tempered low-alloy steel highly prized for 
its capacity to meet necessary application property requirements. It belongs to the 
chromium-molybdenum steel group and features a medium-carbon level, with 



Gupta et al.	 67

hardness and toughness improved by heat treatment. It is often used in shafts, gears, 
connecting rods, axles, and bolts, where dependable mechanical performance is cru-
cial (Mazini et al., 2022). The chemical composition is a critical factor controlling 
the mechanical performance and long-term reliability of the component (Xiong 
et al., 2020). Elements such as carbon, chromium, molybdenum, and nickel influ-
ence hardenability, martensite formation, and tempering characteristics. Manganese, 
silicon, phosphorus, and sulphur play important roles in determining secondary 
qualities, such as how easily it machines and its surface finish.

The mechanical properties of this steel depend on its chemical composition. 
Elements such as carbon, chromium, molybdenum, and nickel influence harden-
ability, martensite formation, and tempering characteristics. Manganese, silicon, 
phosphorus, and sulphur play important roles in determining the secondary quali-
ties of steel, such as how easily it machines and its surface finish. At their respec-
tive levels can significantly impact strength and smoothness, especially in 
mechanised settings where many heats are melted and cast to meet customers’ 
requirements. The present study examined the chemical composition of 42CrMo4 
(AISI 4140) steel after casting, based on data from 1,000 samples. The composi-
tions of all these samples are listed as weight percent. Additionally, each sample 
was tested for mechanical properties following the standard Universal Testing 
Method (UTM). The data replaced the model’s thorough review for errors, and 
entries with absent or uneven values in accuracy. Following this process, nine ele-
ments were selected for their known influence on strength, toughness, and surface 
finish. Carbon, chromium, molybdenum, and nickel are the main alloying ele-
ments and strongly influence hardenability and strength. Titanium, copper, phos-
phorus, silicon, and manganese are present in minor amounts but still exert an 
effect on grain size, chemical segregation, and machining response. These nine 
elements collectively provide a clear and appropriate representation in controlling 
the mechanical properties of 42CrMo4 steel. Table 1 presents the nine chemical 
elements used for inputs. All values are given in weight percent (%) and corre-
spond to the typical composition range of 42CrMo4 (AISI 4140) steel.

Mechanical Property Measurements

The mechanical properties used in this study were taken from standard tests per-
formed on 42CrMo4 (AISI 4140) steel samples. A few mechanical properties were 
selected as they represent the most critical performance requirements for this grade: 
ultimate tensile strength (UTS), yield strength (YS), 0.2% proof stress, and Ra. The 
principles justify the material’s ability to carry a load and resist permanent deforma-
tion, and they depend on the microstructure formed during heat treatment.

Ra provides important insights into machining performance and the surface qual-
ity of the components we prepare. To understand the tensile properties, we analysed 
stress–strain curves obtained with a universal testing machine. We carefully mea-
sured Ra using a calibrated contact-type profilometer to ensure accuracy. The test 
matched each mechanical property to its corresponding chemical composition, help-
ing to build a reliable supervised dataset. Table 2 highlights the four fundamental 
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Table 1. 42CrMo4 (AISI 4140) Steel Shows Chemical Compositions (wt%) and Their 
Range Used for ML Modelling.

Element Symbol Typical Range (wt%) Role in Steel

Carbon C 0.38–0.45 Strengthening element, 
increases hardness and 
hardenability

Silicon Si 0.10–0.40 Supports deoxidation, 
influences ferrite carbide 
structure

Phosphorus P ≤0.025 Residual element affects 
segregation and machinability

Manganese Mn 0.60–0.90 Improves hardenability and 
toughness

Copper Cu ≤0.30 Residual and minor effect on 
surface quality

Chromium Cr 0.90–1.20 Enhances hardenability, forms 
strengthening carbides

Nickel Ni ≤0.40 Improves hardiness and 
impact strength

Molybdenum Mo 0.15–0.30 Improves tempering 
resistance and strength 
retention

Titanium Ti ≤0.050 Forms fine precipitates; helps 
grain refinement

Source: Honeycombe & Bhadeshia (2006); Totten (2006).

Table 2. The Mechanical Properties and Their Value Range of 42CrMo4 (AISI 4140) Steel,

Mechanical Property Symbol Range (Typical) Unit

Ultimate tensile strength UTS 900–1,100 MPa

Yield strength YS 700–900 MPa

0.2% proof stress 0.2% PS 650–850 MPa

Surface roughness Ra 4.5–8.0 µm

Source: Mazini et al. (2022); Mudda et al. (2025); Bibao et al. (2023).

mechanical properties used as outputs in our models. The ranges listed below reflect 
typical values for quenched-and-tempered 42CrMo4 (AISI 4140) steel.

Data Cleaning and Preparation

The data was carefully gathered to ensure everything was clear and consistent for 
the model. First, we reviewed the missing values in the chemical composition and 
mechanical property columns. Any samples lacking complete information were 
politely removed, and interpolation was used only when necessary. During data 
preprocessing, outliers were identified as records with extreme compositional 
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values that deviated significantly from the dataset’s typical range. We looked at 
outliers- values outside 1.5 times the interquartile range- and removed those 
resulting from testing issues. These anomalous entries may arise from measure-
ment inconsistencies or data reporting errors and can negatively influence machine 
learning model training. Such records were removed prior to feature selection and 
model development to improve dataset consistency.

After cleaning, we standardised the feature labels, merged duplicates, and dis-
played all compositions as weight percentages for a stronger, additional uniform 
view. The heatmap was created to visualise relationships between mechanical 
properties and chemical elements, providing insight.

Reasoning Behind the Selection of the Nine Chemical Features

The nine chemical elements used in this study were carefully selected because they 
hold a key role in affecting the behaviour of 42CrMo4 steel. Carbon is the primary 
element that enhances strength and promotes martensite formation during harden-
ing. Chromium encourages hardenability and forms carbides. Molybdenum helps 
prevent softening and increases toughness. Nickel enhances toughness and enables 
greater hardening. Titanium forms fine particles, resulting in a finer grain size. 
Manganese also improves hardenability and surface characteristics. Silicon is vital 
for balancing ferrite and carbides and for improving the surface finish. Phosphorus, 
even in small amounts, affects machinability and roughness. Copper provides a 
small amount of strengthening and affects the steel’s surface.

Dataset Summary

After cleaning and checking the data, a final dataset comprising 1,000 entries was 
prepared for modelling. It contains data on both its chemical composition and cor-
responding mechanical properties. The dataset includes nine chemical elements 
as inputs for capturing the strengthening mechanisms and surface-related effects 
in 42CrMo4 steel. And four mechanical properties as output variables, UTS, YS, 
0.2% proof stress, and Ra. Since each sample possesses corresponding composi-
tion and property data. The dataset is appropriate for supervised machine learning. 
This cleaned and organised data was used in the modelling work described in the 
next section.

Machine Learning Regression Models

In this research, we designed a machine learning framework to generate reliable 
demonstrations that work effectively to predict the mechanical properties of 
42CrMo4 steel from its chemical composition. The model uses nine composi-
tional variables as input features and predicts four mechanical properties as output 
variables. This way, forecasting capabilities for each property are improved with 
confidence. The modelling process was simple and followed supervised-learning 
practices, making the methodology inclusive and manageable (Wei et al., 2021). 
In this study, four independent regression models were developed, each targeting 
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a single output variable such as UTS, YS, 0.2% proof stress, and Ra. A multi-
output regression framework was not adopted because these properties arise from 
different metallurgical compositional mechanisms and may respond differently to 
compositional variations. Training individual models enables the algorithm to 
better capture property-specific relationships between alloying elements and 
mechanical responses.

We chose the GBR algorithm as our main model because it performs well on 
small and medium-sized datasets. It is also highly effective at capturing complex 
associations among various elements and their mechanical properties, so we can 
trust its reliability. GBR constructs an ensemble of decision trees, where each tree 
iteratively reduces the prediction error of the previous model. This makes the 
method suitable for material datasets containing complex and non-linear relation-
ships (Zhang et al., 2022).

Model validation was performed using a combination of train-test splitting of 
the dataset and five-fold cross-validation. To train and test, the dataset was split 
into training and test sets. This approach helps ensure a smoother and more man-
ageable process. Around 80% of the data was utilised for training and model 
development, including hyperparameter optimisation, while the remaining 20% 
was reserved to assess the model’s performance on new, unseen samples. To 
ensure our assessment is reliable and reasonable, we used five-fold cross-valida-
tion. This means we split the training set into five parts, trained the model on four 
parts, and tested it on the fifth. We repeated this process five times, each with a 
different part, and averaged the results to gain a clearer understanding of the 
model in action. This method helps prevent overfitting and provides a more reli-
able estimation of predictive accuracy and a sense of how well the model truly 
performs (Mohanty et al., 2022).

The model’s hyperparameters were carefully fine-tuned through a comprehen-
sive grid search, exploring combinations of settings such as the number of trees, 
learning rate, and maximum depth to identify the optimal configuration. The com-
bination that achieved the highest cross-validation score was chosen for the final 
model. Once the best settings were identified, the models were retrained on the 
entire dataset for training (Pathan et al., 2019). Table 3 illustrates the hyperparam-
eter search ranges and selected values for the GBR models.

The performance of each model was evaluated using standard regression met-
rics, including the coefficient of determination (R²), mean absolute error (MAE), 
and root mean squared error (RMSE). This provides an easy way to see how 
accurately the predicted values match the actual data. Overall, the models per-
formed quite well across four properties, particularly excelling at predicting 0.2% 
proof stress and tensile strength. While Ra was also predicted with good accuracy, 
it showed slightly less accuracy. This makes sense because roughness depends 
more on machining and processing conditions than simply composition (Ammar, 
2021; Sivakumar et al., 2022).

After the training, we used several plots and straightforward tools to better 
understand how our model behaves. The feature-importance charts highlighted 
which features had the biggest impact on the predictions. Actual versus predicted 
plots show how closely the measured values align with the projections, helping 
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assess the level of agreement. This analysis was conducted to explore how differ-
ent elemental compositions affect the model’s output (Javed et al., 2024).

Results and Discussion

The machine learning models were trained on treated data, with nine chemical ele-
ments as inputs and four mechanical properties as outputs. We developed individual 
models for each property: UTS, YS, 0.2% proof stress, and Ra. To evaluate the effec-
tiveness of each model, we used R², MAE, and RMSE. These measures provided a 
clear idea of how closely the predictions matched the experimental values (Tiwari et 
al., 2025). Table 4 presents the performance metrics (R², MAE, RMSE) derived from 
the machine learning algorithm utilised for predicting mechanical properties.

The models validated excellent performance for the strength-related properties. 
The 0.2% proof stress prediction had the highest accuracy among the four outputs. 
This result is expected because proof stress depends directly on the combined effects 
of carbon, chromium, molybdenum, and nickel, all of which are in the dataset. UTS 
and YS also showed good prediction accuracy, with most values falling close to the 
measured results. The prediction accuracy for Ra was slightly lower than that of the 

Table 3. Hyperparameter Search Ranges and Selected Values for the Gradient Boosting 
Regressor Models.

Hyperparameter
Range Tested in 

Grid Search Final Selected Value Description

N estimators 100–1000 500 Number of boosting 
trees used in the 
ensemble

Learning rate 0.01–0.2 0.05 Step size controlling the 
contribution of each tree

Maximum depth 2–6 3 Maximum depth of 
individual regression 
trees

Minimum samples 
split

2–10 4 Minimum samples 
required to split an 
internal node

Minimum samples 
leaf

1–5 2 Minimum samples 
required at a leaf node

Subsample 0.7–1.0 0.8 Fraction of training 
samples used for each 
tree

Maximum features Options: Auto, 
sqrt, log2

sqrt Number of features/
options considered 
when looking for the 
best split and reducing 
overfitting

Source: Pathan et al. (2019); Mohanty et al. (2022).
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strength-related properties. This behaviour is expected because Ra is influenced not 
only by the alloy composition but also by machining parameters such as cutting 
speed, feed rate, tool geometry, lubrication, and tool wear. In the present study, 
machining conditions were kept constant for all samples during testing. Therefore, 
the machine learning model primarily captures the influence of chemical composi-
tion on surface finish. Nevertheless, the absence of machining parameters in the 
dataset represents an inherent limitation of composition-based modelling for pre-
dicting machining responses. Even with these limitations, the model still captured 
meaningful trends. Elements such as phosphorus, manganese, and silicon exerted a 
noticeable influence on roughness values, consistent with common metallurgical 
knowledge of segregation and surface behaviour (Muhammad et al., 2022).

Figure 1 presents helpful graphs highlighting key features of materials. These 
visuals clarify which factors matter most. The four plots beautifully illustrate the 
influence of chemical composition on the mechanical properties of 42CrMo4 steel. 
The model carefully evaluates the influence of elements associated with each prop-
erty. For a 0.2% proof stress, Ni, Ti, and Si stand out as the most influential. Nickel 
enhances the strength and toughness of the steel, making it more durable. Titanium 
strengthens the steel by forming fine precipitates. When considering YS, Mn, C, and 
Ni are the key players. Carbon primarily boosts strength, with manganese helping to 
improve hardenability. Nickel also contributes by helping the material maintain its 
strength as it begins to yield. For UTS, Ti, Mo, and Cu are the most important. 
Titanium and molybdenum help prevent softening during heat treatment, while cop-
per provides a slight strengthening effect (Li et al., 2022).

Various factors affect how steel responds under high loads. For Ra, manganese 
(Mn), nickel (Ni), and phosphorus (P) are particularly important. Manganese 

Figure 1. Feature-importance Plots for the Prediction of (a) 0.2% Proof Stress, (b) Yield 
Strength, (c) Ultimate Tensile Strength, and (d) Surface Roughness of 42CrMo4 Steel. 
Each of the Nine Elements Impacts Machinability and Strength in Distinct Ways, as 
Shown by Their Rankings.



Gupta et al.	 73

Figure 2. Correlation Heatmap Showing the Linear Relationships Between the Nine 
Chemical Elements and the Four Mechanical Properties of 42CrMo4 Steel. Most Values 
Are Low, Indicating Weak Direct Correlations, Which Is Expected for a Multi-element 
Alloy System. Small Positive and Negative Trends Are Visible for Certain Elements, Such 
as C, P, and Cr, but None Dominate the Overall Behaviour.

Table 4. Model Performance for Predicting Mechanical Properties of 42CrMo4 Steel 
Using Chemical Composition.

Property
R² 

(Mean ± Std) MAE RMSE Remarks

UTS (MPa) 0.69 ± 0.04 8.3 MPa 11.5 MPa Strong correlation and 
reliability

YS (MPa) 0.67 ± 0.05 7.8 MPa 10.9 MPa Stable performance

0.2% proof 
stress (MPa)

0.73 ± 0.03 6.9 MPa 9.7 MPa Highest model 
accuracy

Surface 
roughness (µm)

0.64 ± 0.06 0.28 µm 0.36 µm Moderate fit, process-
dependent

affects how the material segregates and the carbide patterns it forms, while phos-
phorus influences chip formation and the ease with which the material can be 
machined. Nickel helps stabilise the microstructure, enhancing the material’s 
overall reliability. This is how steel behaves when cut or shaped.
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Elements such as chromium and molybdenum, along with carbon, are essential 
for predicting strength because they control hardenability, martensite formation, 
and resistance to tempering. Nickel also boosts toughness and supports the steel’s 
strength. Relating to Ra, phosphorus and manganese affect how the material 
microsegregates and how carbides are distributed, both of which influence cutting 
performance (Wei et al., 2021).

Figure 2 shows a heatmap of the relationships between composition and the 
four mechanical properties of 42CrMo4 steel. Most correlations are quite low, 
which makes sense because these properties are shaped by many different aspects, 
not just their composition. Carbon shows a slight negative correlation with YS. 
Phosphorus shows a slight positive association with Ra, consistent with its known 
effect on machinability. Chromium shows a weak positive trend with proof stress 
and Ra. The remaining elements do not affect all properties. The heatmap provides 
a quick overview of these small trends, and a strong linear relationship exists 
before modelling (Leni et al., 2023).

Figure 3 compares the bar charts showing the effects of chemical elements on all 
four mechanical properties of 42CrMo4 steel. The bars show the influence each 
component has on the prediction models. The plot makes it clear that no individual 
element dominates all properties. Titanium, nickel, and chromium show strong con-
tributions within most strength properties. Molybdenum and copper also play steady 
roles, mainly in UTS and proof stress. Manganese, phosphorus, and silicon have a 
larger effect on Ra than on strength. Carbon has a modest influence, but its impact 
differs within properties. They reflect the behaviour expected of alloyed steels, in 

Figure 3. Grouped Feature-importance Comparison for the Prediction of Ultimate 
Tensile Strength, Yield Strength, 0.2% Proof Stress, and Surface Roughness of 42CrMo4 
Steel. The Plot Shows the Contributions of Different Elements to the Four Properties, 
Highlighting Those That Influence Strength (Ti, Ni, Cr, Mo) and Those That Have a 
More Substantial Effect on Machinability (Mn, P, Si).
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which strengthening and machinability result from several elements acting together 
rather than from a single element (Romanov & Hawk, 2019).

Figure 4 compares the model-predicted values with the measured values for each 
mechanical property of 42CrMo4 steel. Each plot includes the predicted points, a 
best-fit regression line, and a perfect-prediction line. The model’s performance will 
improve as the measured points approach the perfect-prediction line. In (a), 0.2% 
proof stress, most points fall close to the perfect-prediction line. The R² value is the 
highest among the four properties, indicating that the model predicts this property 
more effectively than the others. In (b), the YS range is wider and exhibits an upward 
trend. Numerous points are close to the ideal prediction line. This demonstrates 
consistently steady model behaviour. In (c), UTS, the scatter is larger. The model 
still follows the main trend, but the predictions show more variation. UTS is affected 

Figure 4. The Plots for (a) 0.2% Proof Stress, (b) Yield Strength, (c) Ultimate Tensile 
Strength, and (d) Surface Roughness of 42CrMo4 Steel Show the Links Between Actual 
and Predicted. Each Plot Includes Model Predictions, a Best-fit Line, and a Perfect-
prediction Reference Line. The Trends Show Good Agreement for Proof Stress and 
Yield Strength, with Moderate Fits for UTS and Surface Roughness.
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by several factors other than chemistry, which explains the weaker fit. In (d) Ra, the 
points show a noticeable upward trend, but there is greater scatter, especially at 
higher roughness values. Ra is influenced by the alloy composition and machining 
parameters, so a moderate fit is usually expected (Peng et al., 2020). Overall, all 
four plots show the material’s behavioural properties.

Proof stress and YS are predicted with high accuracy, whereas UTS and Ra have 
moderate accuracy. They highlight the intrinsic properties of the material and its 
chemical composition, which makes these results quite promising (Tan et al., 2023).

Overall, these findings suggest that analysing the composition of 42CrMo4 
steel alone can give us trustworthy insights into its strength properties. We can 
also model Ra quite effectively, and by including machining parameters, we can 
achieve even better results. This shows that the machine learning approach is not 
just accurate; it also aligns with metallurgical principles. It is a really helpful tool 
that can support composition control, process planning, and early property predic-
tions for different applications. It advances assurance in the processes and makes 
everything more dependable.

Conclusions

This study demonstrates that the mechanical properties of 42CrMo4 (AISI 4140) 
steel can be accurately predicted solely based on composition. The data, contain-
ing 1,000 heats and nine essential alloying and residual elements, enabled the 
Gradient Boosting algorithm to establish reliable correlations between composi-
tion and strength-related characteristics. The models showed strong correlations 
for 0.2% proof stress, YS, and tensile strength, with proof stress achieving the 
highest accuracy. Ra predictions were moderate, which is understandable because 
machining conditions—though influential—were not included in the dataset. It 
should be noted that Ra is also affected by machining parameters, including cut-
ting speed, feed rate, and tool condition. Since these parameters were not included 
in the present dataset, the model predicts roughness mainly from compositional 
effects. Future work should integrate machining parameters and microstructural 
descriptors to further improve the predictive capability of the model.

The features and their correlation patterns aligned well with metallurgical prin-
ciples. Elements such as Ti, Ni, Cr, and Mo significantly impacted strength, 
whereas Mn, P, and Si mainly affected Ra. These findings reflect known phenom-
ena like strengthening and segregation behaviours in low-alloy steels. The com-
parison of actual versus predicted values further validated that the model captured 
the main behavioural trends, especially for strength properties.

Overall, this work demonstrates the machine learning’s supportive role in alloy 
composition management, heat-treatment scheduling, and initial property fore-
casting in steel manufacturing. Such methods can notably reduce the number of 
mechanical tests required and accelerate feedback during alloy development. 
Future enhancements include processing parameters, microstructural details, and 
machining conditions to improve Ra predictions and to generate a complete digital 
platform for steel design and production.
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Abstract

The special type of advanced high-strength steels (AHSS) based on nano precipita-
tion strengthening mechanism was studied in the current work. It is a typical molyb-
denum and titanium based micro-alloyed steel under AHSS offers up to 800 Mpa 
tensile strength and have preferred application in the automobile industry owing 
to its impact on overall vehicle weight reduction with improved safety and fuel effi-
ciency, The focus of study in this grade were failure due to cracking during forming 
on account of coarse Titanium Nitride (TiN) precipitate in such high-strength level 
above 800 Mpa tensile strength. The main challenges in this grade are chemical com-
position and casting parameters control, which have a direct influence on the micro-
structure and final properties that are attributed to precipitate size. The study has 
been done for the precipitation of TiN in high-strength steel by varying secondary 
cooling during slab casting. The model enabled the prediction of the expected inclu-
sion size of TiN of a specific HS800 heats before rolling to enable slab decision. The 
main goal of this work was to obtain the dependence relationship between inclusion 
size and slab solidification and cooling rate during continuous casting.
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Introduction

The growing demand from the automotive sector for lightweight vehicles, aimed 
at improving fuel efficiency and reducing greenhouse gas emissions, has driven 
steel manufacturers to develop advanced high-strength steels (AHSS). In response 
to this need, Steel makers have initiated the development of a high-strength steel 
grade with a minimum tensile strength of 800 MPa. The cleanliness of this steel is 
critical for determining product acceptance in automotive applications. This steel, 
along with other grades used in automotive underbody components such as sus-
pension systems, cross members, and chassis, is produced through the conven-
tional BOF–slab casting–hot rolling route. The HS800 grade is a micro-alloyed 
steel containing elements such as Nb, Ti, and Mo, along with an elevated manga-
nese content as mentioned in Table 1. The grade initially reported a brittle failure 
at the customer end, specifically at the bent area of the components. It appears the 
cracks likely started near a hole in this bent region (as shown in Figure 1), poten-
tially due to stress concentration exacerbated by a shorter distance between holes 
on the cracked side compared to crack-free areas. Microscopic examination 
revealed a notable presence of Titanium Nitride (TiN) inclusions, approximately 
13–14 µm in size, both where cracks occurred and where the material remained 
intact. These inclusions are suspected to have played a role in the crack’s propaga-
tion once it initiated from the stress point around the hole. The chemistry of the 
HS800 grade is attached.

Que et al. (2023) examined the distribution of TiN inclusions in the cross-sec-
tion of a titanium micro-alloyed steel slab and found that the number density of 
these inclusions sharply decreases from the surface to the center, while their aver-
age size increases in the same direction. Higher cooling rates lead to greater 
undercooling, which results in finer TiN precipitation. Micrographs indicated that 
TiN inclusions are mainly cuboidal in shape with well-defined edges, as shown in 
Figure 2.

Yang et al. (2017) reviewed the precipitation of Ti(C,N) by the influence of 
austenite growth. Figure 3 shows the relationship between equilibrium 

Figure 1. Failure Sample Indicating Cracks During Forming (a) Front View (b) Rear 
View.
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concentration, the partition coefficient x of Ti(CxN1-x) precipitates, and tempera-
ture. As the temperature decreases, the equilibrium contents of Ti and N in austen-
ite gradually decrease, while x gradually increases. The partition coefficient x is 
only about 0.04 when the temperature is between 1,350°C and 1,440°C, meaning 
the Ti(CxN1-x) precipitates at high temperatures are close to pure TiN. TiN pos-
sesses a lower equilibrium solubility than TiC; therefore, TiN demonstrates high 
stability in molten steel, austenite, and ferrite.

Yan et al. (2017) examined how TiN inclusions affect the tendency of low-
carbon micro-alloyed steels to fracture under cleavage conditions. The role of TiN 
inclusions as potential crack initiation sites or pathways for crack propagation, 
influencing the material’s toughness and overall mechanical performance. Nagata 
et al.’s (2002) paper explores how TiN forms in this slab-cast high-strength low-
alloy steel. Specifically, it uses Transmission Electron Microscopy (TEM) to mea-
sure the size distribution of TiN particles and analyses how different cooling rates 
influence their precipitation.

Palai et al. (2013) precisely investigate how the constitutional segregation of 
alumina (Al2O3) in mold slag impacts the steel cleanliness during continuous slab 

Figure 2. Size Distribution of TiN Inclusions in the Cross-sections.

Source: Que et al. (2023).

Figure 3. Equilibrium Concentration of Ti and N and Partition Coefficient x in Precipitates.

Source: Source: Yang et al. (2017).
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casting. The solid inclusion precipitates from the slag and infiltrates the steel, 
ultimately compromising its quality and impact on the final product. Won and 
Thomas (2001) proposed a simple multicomponent steel micro-segregation model 
by extending the Clyne-Kurz framework. This model predicts phase fraction and 
solidus temperature and indicates that cooling rate effects on spacing and solute 
distribution can offset each other, keeping solidus temperature stable.

However, the cleanliness of HS800 grade depends on the operational condi-
tion, that is, the steel-making and casting process parameter. The oversize inclu-
sion clearly affects the behavior of the material at a different location. The casting 
process parameter, that is, secondary cooling, temperature, casting speed, etc., 
unusual variation can enhance the size of the inclusion. To find the inclusion size 
of TiN for current practice in the industry at the slab stage, and explore the differ-
ent secondary cooling strategies at the continuous slab caster to mitigate the over-
size inclusion of TiN.

Experimental

To understand the relation between precipitation size and cooling rate in continu-
ous casting, an experimental study has been done. To study the microstructure at 
the slab stage with respect to variation of secondary cooling rate (Trial 1 & Trial 
2) and different locations of slab as depicted in Figure 4b. Figure 4a represents the 
schematic diagram of a slab. The two planes, plane A and plane B, correspond to 
standard metallographic orientations used to study solidification structure in a 
continuously cast slab. Both planes are perpendicular to the casting direction 
(across the thickness and width of the slab). The purpose of both planes is to 
understand directional growth of dendrites/columnar grains along heat flow as 
well as solidification structure through thickness. It helps to identify defects like 
centerline segregation (CLS), porosity and internal cracks across the section. 
Different samples were taken from the inner arc (edge region) and center region, 
as depicted in Figure 4b.

To investigate the material, 150 mm-long sulfur print samples were first taken 
from the length of the prime slab. After these cooled, smaller 10 cm square sec-
tions were cut using a gas torch.

B Plane

A Plane
150mm

(a) (b)

Figure 4. Diagram (a) Schematic Diagram of Slab (b) Schematic Diagram Slab Sample 
Location.
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Sampling was systematic:

	• From the inner arc region: Three samples were collected—one from the 
edge (Wed-I), one from the quarter-width point (W1/4-I), and one from the 
center-width (W1/2-I).

	• From the center region: Another three samples were taken following the 
exact same width-wise pattern.

In total, 12 samples were prepared: 6 originating from the higher secondary cool-
ing zone (Trial 1) and 6 from the lower secondary cooling zone (Trial 2). Following 
cutting, these samples underwent standard preparation procedures (like grinding 
and polishing) before their microstructures were analyzed in the metallography 
laboratory.

Results and Discussions

After sample cutting from the slab at different locations with respect to secondary 
cooling, the microstructure has been studied. It was found that the inclusion size of 
TiN is basically a cuboidal shape. Inclusion characterization was performed using 
energy dispersive spectroscopy (EDS), which confirmed that the observed precipi-
tates are predominantly TiN, as indicated by the presence of strong Ti and N peaks 
along with minor Fe signals from the surrounding matrix. For statistical reliability, 
a total of 30 inclusions were measured at each sampling location (e.g., W₁/₂-C) 
under consistent imaging conditions. The average inclusion size and corresponding 
standard deviation were calculated using standard statistical methods as depicted in 
Figure 5. The results show that for Trial 1 (higher cooling rate), the average inclu-
sion size is 4.0 ± 0.68 µm, whereas for Trial 2 (lower cooling rate), it is 4.8 ± 0.81 
µm at the W1/4-C location. The observed increase in inclusion size with increasing 
cooling rate is attributed to enhanced precipitation kinetics and limited solute diffu-
sion during rapid solidification. The relatively moderate standard deviation values 
indicate a reasonably consistent size distribution, although some variation is 
expected due to local thermal and compositional heterogeneities.

It was also noted that higher cooling rates tend to produce a greater population 
of these precipitated TiN inclusions. This effect was observed in the comparison 
between Trial 1 and Trial 2 secondary cooling zones for the TiN inclusions.

As the cooling rate varies at different segments of the caster due to different 
water flow. Water level flow per unit time for Trial 1 and Trial 2 is depicted in 
Table 2. Casting speed of this grade is maintained between 0.9 and 1.1 mtr/min. 
The cooling rate for both Trial 1 and Trial 2 was calculated based on water flow.

Table 1. Steel Chemistry of Cracked HS-800 Grade.

Element C %
Mn %, 
Max S %, Max

P %, 
Max Al %

Ti %, 
Max

N (ppm), 
Max Mo %

Range 0.05–0.07 1.7 0.005 0.014 0.04–0.06 0.12 70 0.24–0.27

Source: Chemistry ranges at plant.
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Figure 5 represents the average inclusion size of precipitate TiN in variation 
location with varying of different of cooling rates (Trial 1 & Trial 2). In the 
Figure 5 orange and blue color represents the Trial 1 and Trial 2 respectively. 
In inner arc region, Wedge-I location average inclusion size finer for Trial 1 due to 
high cooling rate as compared to Trial 2. Whereas at the center location (W1/2-I) 
the average size of precipitate TiN is coarser for Trial 2 due to low cooling rate.

The average inclusion size of precipitated TiN at center of width regions 
(W1/2-C) in higher secondary cooling (Trial 1) and lower secondary cooling (Trial 
2) is 8.3 ± 0.81 µm and 9.4 ± 0.89 µm, respectively.

The inclusion size of precipitated TiN in higher secondary cooling is more than 
in lower secondary cooling at the same location. The inclusion size of precipitated 
TiN at location (W1/2-C) for Trial 2 and Trial 1 is 4.77µm and 3.82 µm, respec-
tively, as depicted in Figure 6. This inclusion size is just for reference to under-
stand the precipitate TiN shape and size.

Figure 6. Inclusion Size of Precipitated TiN at the Same Location (W1/2-C) in (a) Low 
Cooling Rate (b) High Cooling Rate.
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Conclusion

Based on the systematic investigation involving composition control, continuous 
casting process parameters, secondary cooling effect, microstructural characteriza-
tion, and reduction of the cracking effect of the typical AHSS steel strengthened 
with nano TiN precipitate, the main conclusions are summarized as follows. An 
experimental study on continuous slab casting of high manganese high-strength 
steel investigated, and the coarse precipitation of TiN inclusions was identified to 
cause cracking in the failed sample. By analyzing samples from various locations 
on the continuous casting slab, it was observed that increased secondary cooling 
rates lead to finer, more numerous TiN inclusions and these TiN inclusions were 
found to be cuboidal in shape. However, the highest average inclusion size has 
been found to be 9.4 ± 0.89 µm for center region of the slab at W1/2-C owing to a 
slower rate of cooling practice at the slab caster. When nano-precipitates are sub-
jected to high temperatures for longer times at slower cooling rates, they can 
coarsen and act as brittle phases. For instance, coarse TiN phases (>9 nm) on grain 
boundaries can trigger cleavage fracture rather than ductile deformation. In this 
study, a novel improved cooling rate practice has been successfully developed, 
resulting in cast steel with an excellent combination of strength and toughness. The 
formability and crack resistance significantly improved, offering a promising 
material solution for demanding applications in the automotive sector.
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Table 2. Cooling Profile of Both Trials.

Item Trial 1 (Liter/Min) Trial 2 (Liter/Min)

Spray ring nozzle 180–200 160–170

Narrow faces 35–40 30–32

Seg 1 160–190 140–150

Seg 2 100–120 80–100

Seg 3 300–330 220–250

Seg 4–5 180–200 130–150

Seg 6–7 160–190 130–150

Seg 8–9 70–100 50–70

Seg 10–12 140–150 140

Seg 13–16 150 150

Source: Cooling profile at plant.
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