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Abstract

This study develops a comprehensive artificial neural network (ANN) model for predicting
the mechanical properties of carbon—-manganese cast steel, specifically, the yield strength
(YS), tensile strength (TS), elongation (El), and reduction of area (RA), based on the chemical
composition (16 alloying elements) and heat treatment parameters. The neural network
model, employing a 20-44-44-4 architecture and trained on 400 samples from an industrial
dataset of 500 samples, achieved 90% of test predictions within a 5% deviation from actual
values, with mean prediction errors of 3.45% for YS and 4.9% for %EL. A user-friendly
graphical interface was developed to make these predictive capabilities accessible, without
requiring programming expertise. Sensitivity analyses revealed that increasing the copper
content from 0.05% to 0.2% enhanced the yield strength from 320 to 360 MPa while reducing
the ductility, whereas niobium functioned as an effective grain refiner, improving both
the strength and ductility. The combined effects of carbon and manganese demonstrated
complex synergistic behavior, with the yield strength varying between 280 and 460 MPa
and the tensile strength ranging from 460 to 740 MPa across the composition space. Optimal
strength—ductility balance was achieved at moderate compositions of 1.0-1.2 wt% Mn and
0.20-0.24 wt% C. The model provides an efficient alternative to costly experimental trials for
optimizing C-Mn steels, with prediction errors consistently below 6% compared with 8-20%
for traditional empirical methods. This approach establishes quantitative guidelines for de-
signing complex multi-element alloys with targeted mechanical properties, representing a
significant advancement in computational material engineering for industrial applications.

Keywords: neural network; alloy design; C-Mn alloy steel; mechanical properties

1. Introduction

Carbon-manganese (C-Mn) cast steels represent a cornerstone material class for mod-
ern industrial applications, combining exceptional mechanical properties with economic
viability. These alloys, characterized by carbon contents ranging from 0.2% to 0.6% and
strategic manganese addition, exhibit superior strength-to-weight ratios, enhanced ductility,
and remarkable wear resistance, making them indispensable for automotive components,
structural elements, and heavy machinery applications [1-4]. The synergistic effects of
carbon and manganese create a biphasic microstructure where carbon strengthens through
pearlite formation and solid solution hardening, while manganese significantly improves
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hardenability and promotes austenite stability, resulting in enhanced strength—ductility
combinations [2,4]. Precise control of minor alloying elements such as chromium (Cr),
nickel (Ni), molybdenum (Mo), copper (Cu), and niobium (Nb) enables sophisticated
microstructural engineering to meet increasingly demanding industrial requirements [5,6].

The mechanical properties of C-Mn cast steels are governed by complex interactions
between the chemical composition, microstructural evolution, and thermal processing
parameters. Recent advances in understanding these relationships have revealed that
chromium provides solid solution strengthening in ferrite while enhancing corrosion resis-
tance; nickel improves toughness through austenite stabilization; molybdenum contributes
to high-temperature strength through carbide formation; copper enhances precipitation
hardening through coherent precipitate formation; and niobium refines grain structures
through carbonitride precipitation and microalloying effects [7-11]. The precipitation be-
havior of Cu-rich particles and Nb(C,N) precipitates significantly influence the strengthen-
ing mechanisms, whereas the austenite-to-ferrite transformation kinetics are fundamentally
altered by these microalloying additions [12,13]. Heat treatment parameters, including
heating temperature (890-940 °C), soaking time (1-4 h), and cooling rate, fundamentally
alter the microstructural constituents from ferrite-pearlite to bainitic or martensitic struc-
tures, thereby controlling the final mechanical properties through transformation-induced
plasticity (TRIP) and transformation-induced strengthening mechanisms [14-16]. Recent
investigations have demonstrated that controlled cooling rates can achieve optimal bainite
fractions ranging from 25% to 60%, directly correlating with enhanced yield strengths
between 480 and 520 MPa in low-carbon, medium-manganese steels [17,18].

Traditional experimental approaches for optimizing C-Mn steel compositions and
heat treatment parameters are time-consuming, expensive, and often provide limited in-
sight into complex multi-element interactions. Machine learning techniques, particularly
artificial neural networks (ANNSs), have emerged as powerful tools for material property
prediction, offering the capability to model nonlinear relationships between composition,
processing parameters, and mechanical properties [6,19,20]. Recent comprehensive reviews
have highlighted significant progress in ML applications for steel property prediction, with
particular emphasis on the evolution from simple regression models to sophisticated deep
learning architectures [21]. Significant advances have been made in various applications of
steel. Bartsch et al. [22] developed neural networks to achieve high accuracy in predicting
the fatigue strength of structural steel details using European industrial databases, whereas
recent work on 316 L stainless steel has shown that ML models successfully optimize
selective laser melting processes with R? values exceeding 0.95 [22,23]. Wang et al. [24]
demonstrated that random forest algorithms can effectively predict the mechanical prop-
erties of hot-rolled steel strips, achieving superior performance compared to traditional
statistical methods. However, most existing models focus on limited compositional ranges
or specific steel grades, with insufficient attention paid to the comprehensive effects of
multiple alloying elements and heat treatment interactions in industrial C-Mn cast steels.

Explainable artificial intelligence (XAI) approaches have gained prominence in ma-
terials science because they provide interpretable insights into model predictions. Recent
systematic reviews have identified XAl as a critical component for advancing material
discovery, with particular emphasis on feature attribution methods and sensitivity anal-
ysis values for understanding complex material-property relationships [25,26]. Butler
et al. [27] emphasized that explainable machine learning models are essential for materials
scientists to gain physical insights from Al predictions, whereas recent manufacturing
applications have demonstrated how XAI enhances transparency and trust in Al-powered
industrial systems [28]. This interpretability is crucial for industrial applications, where
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understanding the underlying metallurgical principles is as important as the predictive
accuracy, particularly in quality control and process optimization scenarios [29,30].

The primary objective of this study was to develop a comprehensive ANN model for
predicting the mechanical properties of industrial C-Mn cast steels, specifically the yield
strength (YS), tensile strength (TS), elongation (El), and reduction of area (RA), based on
the complete chemical composition and heat treatment parameters. This research addresses
four critical gaps in the current literature: (1) comprehensive analysis of all significant
alloying elements, including Cr, Ni, Mo, Cu, and Nb, alongside C and Mn with detailed
microstructural interpretation; (2) integration of detailed heat treatment parameters with
compositional effects through thermodynamic considerations; (3) development of an in-
terpretable model using explainable Al techniques that provide metallurgical insights
alongside predictive capabilities; and (4) validation using extensive industrial datasets rep-
resenting real manufacturing variability. The model utilizes an extensive industrial dataset
from Kharagpur Metal Reforming Industries Private Limited (KMRIPL), encompassing 500
samples with 16 alloying elements and four heat treatment parameters, representing real-
world manufacturing conditions with compositional variations typical of commercial C-Mn
cast steel production. Through systematic feature analysis, correlation mapping, sensitivity
studies, microstructural interpretation, and explainable Al techniques, this study aims to
bridge the gap between advanced machine learning capabilities and practical metallurgical
engineering, providing both accurate predictions and fundamental insights into C-Mn steel
behavior that can guide industrial process optimization and quality control strategies.

2. Materials and Methods
2.1. The Material Data Preprocessing

The Kharagpur Metal Reforming Industry (KMRIPL-India) produces C-Mn steels
using various casting methodologies, including sand casting, investment casting, and
centrifugal casting. The industry systematically collects data pertaining to diverse steel
grades, with an emphasis on their chemical compositions, heat-treatment protocols, and
mechanical characteristics. Table 1 presents a comprehensive summary of the ranges of
composition, heat-treatment parameters, and mechanical properties that were scrutinized.
The entire dataset is shown in Supplementary Data S1.

Raw materials from railways, automobiles, and steel plants introduce impurities
during melting. Its chemical composition includes elements such as carbon (C), manganese
(Mn), silicon (Si), sulfur (S), phosphorus (P), chromium (Cr), nickel (Ni), molybdenum
(Mo), vanadium (V), tungsten (W), titanium (Ti), tin (Sn), aluminum (Al), and iron (Fe).
The mechanical properties, such as the yield strength (YS), tensile strength (TS), elongation
(El), and reduction of area (RA), are output parameters.

C-Mn steels are subjected to a range of thermal treatments including stress relief,
annealing, normalizing, hardening, and tempering. The heat treatment process consisted of
the following stages: (1) Heating Phase: Steel samples were heated to temperatures ranging
from 890 to 940 °C over a period of 8.5-12 h at a controlled heating rate. (2) Soaking Time:
this refers to the isothermal holding period (1-4 h) at the target temperature to ensure
uniform temperature distribution throughout the steel cross-section and complete phase
transformation. (3) Cooling Phase: the cooling time (2-13 h) represents the controlled
cooling process from the soaking temperature to the ambient temperature. The cooling
rate varies depending on the desired microstructure and mechanical properties, ranging
from slow furnace cooling (annealing) to accelerated air cooling (normalization). These
are conventional thermal processing methods for carbon-manganese steels to optimize
their mechanical properties through microstructural control rather than precipitation-
hardening treatments.
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Table 1. Range of C-Mn cast steel data.

Inputs/Outputs Minimum Maximum Mean Standard Deviation
Carbon (wt.%) 0.119 0.299 0.237 0.022
Manganese (wt.%) 0.624 1.548 0.973 0.107
Silicon (wt.%) 0.193 0.597 0.372 0.072
Sulfur (wt.%) 0.011 0.046 0.031 0.005
Phosphorous (wt.%) 0.015 0.049 0.036 0.005
Chromium (wt.%) 0.077 0.458 0.158 0.055
Nickel (wt.%) 0.044 0.446 0.096 0.036
Molybdenum (wt.%) 0.009 0.488 0.028 0.032
Vanadium (wt.%) 0.001 0.019 0.003 0.001
Copper (wt.%) 0.064 0.283 0.131 0.03
Tungsten (wt.%) 0.002 0.017 0.007 0.002
Titanium (wt.%) 0.001 0.027 0.002 0.001
Tin (wt.%) 0.0062 0.074 0.018 0.006
Aluminum (wt.%) 0.002 0.109 0.039 0.022
Niobium (wt.%) 0.00000 0.008 0.000094 0.022
Heating time (h) 8.5 12 9.09 0.33
Heating temp. °C 890 940 909.1 9.65
Soaking time (h) 01 04 2.104 0.391
Cooling time (h) 02 13 10.936 2.234
Yield strength (MPa) 294 461 333.254 28.59
Tensile strength (MPa) 481 706 544.908 41.61
Elongation 19.29 34.57 26.072 2.95
Reduction of area 36.00 54.00 48.038 3.22

Data Preprocessing

The dataset used in this study was collected from the Kharagpur Metal Reforming
Industry and consists of 630 samples of industrial cast steel compositions and process-
ing conditions. The cast steel components are primarily used for railway applications
(axles, wheels, and structural frames), automotive parts (chassis and suspension compo-
nents), general structural applications (beams, plates, and fabricated structures), and cast
components for machinery and equipment. Based on the chemical composition ranges
(C:0.119-0.299 wt%, Mn: 0.624-1.548 wt%) and the presence of microalloying elements
(V: 0.001-0.019 wt%, Nb: 0.000-0.008 wt%, Ti: 0.001-0.027 wt%), the samples represent
a diverse range of industrial cast steels that includes C-Mn cast steels, microalloyed cast
steels, and potentially some high-strength low-alloy cast steel compositions. The composi-
tional diversity corresponds to various international cast steel standards, including general
engineering cast steels (EN 10293), structural cast steels (EN 10340), and pressure vessel
cast steels (EN 10213) [31-33]. During data cleaning, 130 records were removed due to
incompleteness, vague entries, or evident outliers identified through visual inspection.
The remaining 500 complete and consistent records were used for model development,
acknowledging that the dataset encompasses multiple cast steel categories with varying
alloying strategies and metallurgical characteristics.

The remaining 500 complete and consistent records were used for the model devel-
opment. All input and output variables of these 500 samples were normalized to a range
between 0.1 and 0.9 to ensure uniform scaling and efficient convergence during ANN train-
ing. This min—-max normalization approach helps avoid numerical dominance by variables
with larger ranges and improves training stability. For the ANN model development, the
dataset was split into 80% for training (400 samples) and 20% for testing (100 samples)
using random selection. A separate validation set was not used in this study.
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2.2. Visualizing the Relationship Between Composition, Heat Treatment, and Mechanical Properties

To observe the interdependencies among the processing parameters, alloying elements,
and mechanical properties, a correlation heatmap was constructed (Figure 1). Rather than
serving as a conclusive analysis, this visualization captures the statistical distribution and
general trends across a broader compositional and thermal dataset, offering insight into
the multivariate relationships that govern the mechanical behavior of C-Mn steels. The
correlation coefficients revealed the distinct roles of various alloying elements. Nb, Cr,
and V showed moderate positive correlations with the yield strength (YS: 0.028, 0.048, and
0.107, respectively) and tensile strength (TS: 0.026, 0.013, and 0.046, respectively), which
is in agreement with their roles in solid solution strengthening, precipitation hardening,
and grain refinement. Al demonstrated a more pronounced association with ductility
and was positively correlated with elongation (EL: 0.004) and reduction of area (RA:
0.073). In contrast, Fe showed a significant negative correlation with YS (—0.093) and TS
(—0.024), suggesting that excessive Fe content may compromise the strength. The thermal
processing parameters strongly influence the mechanical performance. The increased
heating temperature correlates positively with both the YS and TS (0.271), which is likely
due to the enhanced dissolution of the secondary phases.
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Figure 1. Mechanical properties heatmap: effect of alloying elements and process parameters on
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Extended heating and soaking times showed stronger associations with strength
(YS: 0.427 and 0.196, respectively; TS: 0.422 and 0.320, respectively), indicating improved
microstructural homogenization and phase stabilization. However, prolonged cooling
times were negatively correlated with YS (—0.262) and TS (—0.282), likely due to mi-
crostructural coarsening or precipitate overgrowth. Notably, the mechanical properties
displayed characteristic interrelationships. YS and TS are highly correlated (0.82), reflect-
ing their shared dependence on microstructural hardening mechanisms. However, both
properties exhibit inverse relationships with ductility metrics (EL and RA), highlighting
the classical trade-off between strength and plasticity.

The strong positive correlation between the EL and RA (0.608) underscores their
mutual association with fracture resistance. Taken together, the heatmap facilitates a
data-driven understanding of the complex interplay between composition, processing,
and mechanical performance. These correlations establish a framework for the targeted
design and optimization of advanced C-Mn steels while guiding more detailed mechanistic
investigations in subsequent sections.

3. Developing ANN Model

An FFNN was developed to predict the mechanical properties of alloys based on their
elemental composition and heat-treatment parameters. The network was trained using a
back-propagation algorithm with a sigmoid activation function. The model architecture
consists of an input layer, hidden layers, and output layer (Figure 2). Custom software
coded in the C programming language (C99) was used for the implementation [14-16]. The
input features included the heating time, heating temperature, soaking time, cooling time,
and alloy composition, whereas the output targets were yield strength (YS), tensile strength
(TS), elongation (El), and reduction of area (RA). The full dataset comprised 500 samples,
which were randomly divided into a training set (400 samples) and a validation set
(100 samples) to evaluate the generalization performance of the model. To ensure effi-
cient training and convergence, both the input and output variables were normalized to a
range of 0.1 to 0.9, according to Equation (1) [34]:

(x — xpin) % 0.8

+ 0.1 1
(xmﬂx - xmin) M

Xy =
where x,, represents the normalized value x, and X,y and x,,;,, denote the maximum and
minimum values of x, respectively. After identifying the optimal trained network, the
transformed data were reverted to their original scale using (2) [34].

(xp —0.1) X (Xmax — Xmin)

= 0.8 @

This process converts the data into dimensionless quantities, eliminating arbitrary
influences caused by varying units and similarities between data. Determining the optimal
architecture of an ANN remains challenging. This involves selecting the appropriate
number of hidden units and their connections, aiming for a minimal yet effective design
for approximating the true function. Trial-and-error methods are often employed because
the true function is typically unknown. A similar approach was used in this study and
the selected model was validated using statistical criteria. The activation function used
between the input-to-hidden and hidden-to-output layers is the sigmoid function, which
enables continuous nonlinear transformations of output values, mimicking the behavior of
biological neurons [14,17]. This function is expressed as follows:

)
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Composition

Heat treatment

Yield strength (MPa)

Tensile strength (MPa)

Elongation

Reduction of area

Hidden Layers

Figure 2. Graphic representation of the ANN structure.

Rigorous cross-validation techniques were employed to minimize the mean square
error (MSE) and enhance prediction accuracy. An undersized network may lack the
flexibility to accurately learn the process, whereas an oversized network may struggle to
converge during training or risk overfitting data. The trial-and-error approach begins with
two neurons in the hidden layer, progressively increasing the number of neurons (e.g.,
three and four). The MSE calculated using Equation (4) served as a metric for evaluating
the performance of each architecture.

2
MSE = ; -] (4)
where, y? represents the desired response, y° is the output response of the ANN, and p
denotes the number of patterns presented.

To optimize the ANN architecture, the key hyperparameters were systematically
adjusted through a structured experimental approach. First, the number of neurons in
the hidden layers was varied from two to 50, and the MSE and training error (Etr) were
monitored. As shown in Figure 3, the configuration with 44 neurons provided minimum
errors. The momentum term (MT) varied from 0.1 to 0.9, with the number of hidden
neurons fixed at 44. As illustrated in Figure 4, a momentum value of 0.9 yielded the lowest
error, suggesting enhanced convergence stability. Subsequently, the learning rate was
optimized by varying its value, while maintaining 44 neurons and a momentum term
of 0.9.
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According to Figure 5, a learning rate of 0.8 resulted in the lowest MSE and Etr, demon-

strating the best balance between convergence speed and stability. Finally, the number

of training iterations was optimized by testing the range of 5000-3,000,000 iterations. As

shown in Figure 6, the model achieved convergence at approximately 150,000 iterations,
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beyond which no significant reduction in error was observed. This final model config-
uration consisted of 44 neurons, a momentum term of 0.9, a learning rate of 0.8, and
150,000 training iterations and consistently delivered the best predictive performance

across both the training and validation datasets.
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The training parameters were initialized with the following optimized values: number
of hidden neurons set to 44, learning rate (1) of 0.8, momentum term (o) of 0.9, total
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iterations capped at 150,000, and error threshold (€) of 0.005. In this study, the minimum
MSE achieved was 0.00051 after 150,000 iterations, indicating successful convergence of
the training process. This iterative method ensures that the network reaches an optimal
solution, while minimizing the risk of overfitting. The final optimized FFNN configuration
consisted of 20 input neurons, two hidden layers with 44 neurons each, and four output
neurons, utilizing a learning rate of 0.8, momentum of 0.9, and error threshold of 0.005.
This configuration consistently achieves the lowest MSE and Etr values across multiple
runs and validation tests.

The optimized artificial neural network (ANN) model used in this study comprises a
20-44-44-4 architecture, representing 20 input features, two hidden layers with 44 neurons
each, and four output neurons. The total number of weights in the model was 3084, which
was calculated as 20 + 1) x 44 + (44 + 1) x 44 + (44 + 1) x 4 = 3084. The additional
‘+1’ terms account for the biases associated with each neuron in the respective layers. To
enhance the learning capacity and generalization of the network, a transformation was
applied to the initial weight matrix (Supplementary Data S2). As shown in Figure 7, the
initial weights were narrowly distributed within a range of approximately £0.5, reflecting
standard initialization. After transformation, the weight distribution significantly expanded
to £35, suggesting nonlinear scaling and enhanced separation in the weight space. After
training multiple models, the optimal model yielding the lowest prediction errors had
its final trained weights transformed naturally through the learning process to a wider
distribution of approximately £35. Thus, transformation refers to the outcome of training
rather than the pre-training adjustment. This transformation proved effective in improving
model performance, and the transformed weight set was selected as the best-fit solution
for the final ANN model. This configuration was subsequently used for further analysis
and prediction.

1.0 40
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5 5
S S 10 -
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Figure 7. (a) Initial weight distribution of the ANN model before transformation, showing a narrow
spread centered around £1.0, owing to standard initialization. (b) Transformed weight distribution of
the optimized ANN model (20-44-44-4), where weights are nonlinearly scaled up to 35, enhancing
model convergence and predictive performance.

4. Results and Discussion
4.1. Performance of ANN Model

The trained ANN model demonstrated strong predictive capability across multiple
mechanical properties, as illustrated in Figure 8. A comparison between the predicted and
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actual values is shown for YS, TS, EL, and RA for test samples 401, 409, 430, 445, 448, 468,
471,478, 487, 490, and 491, respectively.

[ Predicted || Actual [ Predicted || Actual
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% Error in EL
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Figure 8. ANN model prediction for test data of C-Mn cast steels (Sample No. indicates 401, 409, 430,
445, 448, 468, 471, 478, 487, 490, and 491 datasets of Supplementary Data S1).

Figure 8 presents the grouped bar plots of the predicted versus actual values along
with the corresponding percentage error plots for each property. The ANN model achieved
average percentage errors of 3.45% for YS, 3.97% for TS, 4.9% for EL, and 3.8% for RA,
indicating a consistent accuracy across all target variables. While a few samples exhibited
relatively higher deviations (up to 12% in TS and 10% in EL), the majority of the predictions
fell within a 5% error margin, thereby confirming the robustness and generalizability of
the model. These results validate the effectiveness of the ANN model in predicting the
mechanical behavior of C-Mn cast steels using the compositional and processing data
provided in the dataset.

4.2. Creating a Graphical User Interface (GUI)

An intuitive graphical interface was used to predict the mechanical properties of
C-Mn cast steels. Utilizing insights from 16 alloying elements and four key heat-treatment
parameters, this interface integrates a finely tuned 20-44-44-4 neural-network model. The
model’s weight coefficients, ranging from —15.96 to 12.92, ensure accurate mechanical
properties predictions across diverse alloy compositions and heat treatment scenarios.
Suitable for both novices and experts, this user-friendly interface allows users to input
specific steel compositions and heat-treatment parameters without requiring advanced
programming skills or deep understanding of neural networks. Beyond prediction, the
GUI (Figure 9) fosters innovation by enabling users to explore alloy interactions, perform
sensitivity analyses, and customize materials for specialized applications.
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Figure 9. ANN-based GUI prediction of mechanical properties for mean composition and heat-
treatment parameters.

The Artificial Neural Network (ANN) Graphical User Interface (GUI) shown in
Figure 9 is an accurate prediction of the mechanical properties of industrial C-Mn cast
steels based on the chemical composition and heat treatment parameters. Developed using
ideal model weights, the GUI can predict outcomes for infinite combinations of input
variables, including values not originally present in the training database. In this example,
predictions were provided for the mean values of the composition and heat treatment
variables, demonstrating the model’s strong generalization capability. This tool signifi-
cantly reduces the time, material usage, and costs traditionally required for experimental
measurements, thereby providing a highly efficient and reliable alternative for optimizing
material properties in industrial applications.

4.3. Creation of Hypothetical C-Mn Steels and Comprehensive Alloying Element Effects

In Table 2, the chemical composition of a specific C-Mn cast steel sample is referred
to as S. No. 1 in Supplementary Data S1. The developed model can predict and optimize
a wide range of alloy combinations through comprehensive sensitivity analysis that ac-
counts for complex element interactions (as illustrated in Figure 9). The sensitivity analysis
methodology inherently considers the synergistic and antagonistic effects between alloying
elements by systematically varying individual element concentrations while maintaining
realistic compositional constraints, thereby capturing the nonlinear interactions that govern
mechanical property responses in multi-component steel systems. Utilizing the compo-
sition of the initial seed alloy (S. No. 1 in Supplementary Data S1), the model accurately
predicted mechanical property values that were closely aligned with the experimental
measurements, achieving an accuracy with an error margin of less than 5%. The purpose
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of this comparison was to evaluate how closely the model predictions were aligned with
actual values from the dataset, rather than from a newly prepared experimental sample.
Thus, we did not experimentally synthesize or test a new steel composition; instead, we
used the existing measured data to validate the accuracy of the model. However, to fully un-
derstand the complex alloying behavior, additional elements and their interactions require
further investigation through expanded experimental campaigns and enhanced modeling
approaches. In the sensitivity analysis of the ANN models, we examined the impact of
altering the input features on the model predictions. We gained valuable insights into
feature importance and model behavior by varying the individual features while keeping
the others constant. Based on the development of the synergistic ANN Model, various
hypothetical C-Mn alloys, constructed based on sensitivity analysis, are presented for the
representative effects of alloying elements.

Table 2. Chemical composition of the C-Mn cast steel sample used for prediction and analysis
(Figures 10 and 11).

C Mn Si S P Cr Ni Mo A\ Cu
0.2 1.106 0.41 0.026 0.032 0.249 0.085 0.024 0.003 0.145
. H. H. . C. YS
w T Sn Al Nb Temp. Time S. Time Time (MPa)
0.009 0.001 0.019 0.050 0.001 900 9 2 11 324
TS o o
(MPa) EL (%) RA (%)
540 23 48

The findings presented in Figure 10 reveal the complex roles of the microalloying
elements and their interactions. Based on the development of the synergistic ANN model
and comprehensive sensitivity analysis, the effects of various alloying elements in C-Mn
cast steels are presented in Figure 10, revealing an understanding of element critical-
ity that requires careful interpretation within the context of concentration ranges and
mechanistic contributions.

The analysis revealed that the carbon content (Figure 10a) significantly influenced both
strength and ductility. As carbon content increases from 0.12 to 0.32 wt%, the yield strength
initially increased from approximately 290 MPa to a peak of 355 MPa at approximately
0.24 wt%, and then slightly decreased. Conversely, elongation showed an inverse rela-
tionship, decreasing from 32% to 24% as the carbon content increased. This behavior is
attributed to the formation of carbides at higher carbon contents, which enhances the
strength but reduces ductility [35,36].

Mn demonstrates a complex non-linear relationship with the mechanical properties
(Figure 10b). Yield strength shows relatively stable behavior between 0.6 and 1.0 wt%
Mn (330-340 MPa), followed by a significant increase to 475 MPa at 1.4 wt%. Elongation
exhibits fluctuating behavior with peaks around 0.7 wt% and 1.5 wt% Mn, indicating
optimal ductility windows. This complex behavior reflects the dual role of Mn in solid-
solution strengthening and austenite stabilization [17].

Among the investigated elements, Mo exhibited the strongest strengthening effect
(Figure 10c). Yield strength increases dramatically from 350 MPa to 450 MPa as Mo content
increases from 0.0 to 0.5 wt%. This validates the multiple strengthening mechanisms
previously analyzed as strong solid-solution effects, carbide formation potential, and
hardenability enhancement [37]. The significant ductility reduction (27 to 21% elongation)
confirmed the predicted trade-off associated with the strong carbide-forming tendency of
Mo [38].

Nickel (Figure 10d) shows moderate strengthening (294 MPa to 328 MPa yield strength,
0.0 to 0.5 wt% Ni) with maintained or slightly improved ductility (31-33% elongation). This
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behavior validates the theoretical prediction of the role of Niin promoting retained austenite
formation and TRIP effects, explaining the unique combination of strength enhancement
and preserved ductility [39,40].

24

21

18

Figure 10. Effect of individual alloying elements on yield strength (YS) and elongation (EL) in
C-Mn cast steels obtained through ANN-based sensitivity analysis: (a) carbon, (b) manganese,
(c) chromium, (d) nickel, (e) molybdenum, (f) copper, (g) niobium, (h) titanium, (i) vanadium, and
(j) tungsten. Sensitivity analysis captures element interactions by varying individual concentrations

within the dataset ranges while maintaining the mean values of other elements, revealing both direct

and indirect influences through element interactions.
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Figure 11. Combined effects of variations in C and Mn on (a) YS, (b) TS, and (c) EL.

Chromium content shows (Figure 10e) a progressive strengthening effect, with yield
strength increasing steadily from 330 MPa at 0.08 wt% to 475 MPa at 0.48 wt%. The ob-
served linear relationship validates the predicted solid-solution strengthening mechanism
(Ao_Cr =84 x wt% Cr), confirming consistent lattice distortion effects without microstruc-
tural phase changes in this composition range. The accompanying ductility reduction
(32-22% elongation) experimentally supports the theoretical analysis of increased disloca-
tion resistance [37,41].

When Cu is present in a solid solution, it stiffens the ferrite and decreases ductility.
The microstructural mechanisms underlying the influence of Cu on mechanical properties
are complex and multifaceted, as Cu primarily strengthens steel through precipitation
hardening via the formation of coherent e-Cu precipitates during aging or tempering
processes [42,43]. As shown in Figure 10, Cu demonstrates complex behavior with yield
strength increasing from 290 MPa to 380 MPa across the 0.06-0.30 wt% range, corresponding
to +90 MPa strengthening per 0.24 wt% Cu range. The literature validation shows good
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agreement with the established values of 60-100 MPa strengthening per wt% Cu through
precipitation hardening mechanisms [44]. However, the critical nature of Cu stems from
its efficiency per unit concentration and unique precipitation hardening mechanism. This
strengthening behavior can be attributed to the Orowan strengthening mechanism, where
the yield strength increment (Aoy) follows the relationship Aoy = (0.4 Gb/7A) X In(d/2b),
where G is the shear modulus, b is the Burgers vector, A is the interparticle spacing,
and d is the precipitate diameter [36]. Furthermore, the ductility behavior shows an
initial improvement (30% to 33.5% elongation up to 0.12% Cu) followed by a reduction,
indicating the transition from beneficial solid-solution effects to precipitation-dominated
strengthening. This unique dual-phase behavior distinguishes Cu from simple solid-
solution strengtheners, justifying its critical classification despite its moderate absolute
effects [37,45]. However, it should be acknowledged that the model’s predictions regarding
Cu behavior, particularly the complex precipitation hardening mechanisms and dual-phase
transitions, require further validation through expanded experimental campaigns and
independent studies by the broader research community to fully confirm the accuracy of
these predicted relationships.

The effectiveness of Nb as both a grain refiner and strengthening element stems from
its strong affinity for carbon and nitrogen, forming thermodynamically stable Nb(C,N)
precipitates [46,47]. As shown in Figure 10g, Nb exhibits complex behavior with a yield
strength varying between 305 and 350 MPa across the 0.000-0.008% range. Nb signifi-
cantly influences mechanical properties through multiple microstructural mechanisms.
Nb(C,N) precipitates formed during austenite conditioning (900-1100 °C) acted as potent
nucleation sites for recrystallization, resulting in fine austenite grains. The austenite grain
size follows the relationship; d, = k; x (Nbgo))?°, where d., is the austenite grain size,
ki is a constant, and Nbyg, represents the Nb content in solid solution [37]. This refined
austenite grain structure transforms to fine ferrite grains during cooling, contributing to
strengthening via the Hall-Petch relationship; oy = 0g + ky X d=03, where oy is the friction
stress and ky is the Hall-Petch coefficient [37]. Baker [39] reports typical Nb effects of
70-100 MPa/0.01 wt% Nb (7000-10,000 MPa/wt% efficiency). Our calculated efficiency
falls within the lower range, suggesting that the dataset may not fully capture the potential
of Nb owing to its limited concentration range [39].

Nb atoms in solid solution exert a solute drag effect on dislocations, contributing
to solid solution strengthening according to; Aogss = ks X (CNb)z/ 3 where k_ss is the
solid solution strengthening coefficient and Cyp, is the Nb concentration [47]. The ob-
served improvement in both strength and ductility with the addition of Nb (Figure 10g)
represents the optimal balance between grain refinement strengthening and maintained
work-hardening capacity in fine-grained structures. The enhanced ductility is attributed
to the uniform distribution of fine precipitates, which promotes homogeneous deforma-
tion and delays necking initiation. While Nb demonstrates high theoretical efficiency, its
limited concentration range undermines confidence in its critical designation within this
specific dataset. Future studies with expanded Nb concentration ranges are required for
definitive classification.

Figure 10h shows that Ti provides +25 MPa strengthening per 0.029 wt% range (effi-
ciency: +862 MPa/wt% Ti) with ductility improvement from 29% to 32% elongation. This
unique behavior stems from the dual mechanisms of TiN precipitation strengthening and
the beneficial grain-refinement effects. Gladman [37] confirms 60-80 MPa/0.01 wt% Ti
through TiN precipitation. Our efficiency calculation (+862 MPa/wt%) suggests stronger
effects, possibly owing to synergistic interactions with other microalloying elements or
enhanced grain refinement in the cast steel microstructure.
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Vanadium demonstrated the most significant strengthening among the microalloy-
ing elements, as shown in Figure 10i. As the yield strength increased from 355 MPa to
435 MPa across the 0.000-0.020% range, V provided +80 MPa strengthening per 0.019 wt%
range. Vervynckt et al. [41] documented precipitation strengthening of 148 MPa/wt% V
through V(C,N) precipitation and lowers elongation thereby. Our analysis suggests that V
effects may have been underestimated in previous classifications because of the limited
concentration range investigated.

Tungsten provided modest strengthening across the 0.003-0.018% range (Figure 10j).
Although the absolute effect is limited, the calculated efficiency suggests its potential
importance in specialized applications. Bhadeshia [38] documented the effects of W,C
and WC carbide formation, which are reflected in reduced elongation. The strengthen-
ing mechanism involves both solid-solution effects and secondary carbide precipitation
during tempering. Future studies should investigate wider concentration ranges for Nb
(0.000-0.050%), V (0.000-0.100%), and Ti (0.000-0.100%) to establish reliable strengthening
relationships and validate the efficiency calculations obtained from the currently limited
dataset. The investigation of modern microalloying additions (B, Al, and N) and their
interactions would enhance the understanding of contemporary steel design, which is
beyond the scope of the present work.

The combined effects of C and Mn are shown in Figure 11, revealing distinct property
optimization regions. In Figure 11a, the YS varies between 280 MPa and 460 MPa, with peak
values concentrated in regions containing moderate Mn content (1.2-1.4 wt%) and lower C
content (0.12-0.18 wt%). This experimental observation aligns with the theoretical under-
standing that moderate Mn enhances solid solution strengthening while avoiding excessive
carbide precipitation, which can impede plastic deformation. As shown in Figure 11b,
TS exhibited a broader optimization window, ranging from 460 to 740 MPa. Maximum
tensile strength is achieved in compositions containing higher Mn (1.2-1.6 wt%) and in-
termediate C (0.18-0.26 wt%), experimentally confirming the synergistic strengthening
mechanisms previously discussed. The enhanced TS in this compositional range validates
the predicted balance between refined pearlite morphology and controlled transformation
kinetics [38,48,49].

The elongation results in Figure 11c show values ranging from 18% to 38%, with
optimal ductility occurring in compositions with moderate C (0.18-0.24 wt%) and Mn
levels around 0.8-1.2 wt%. These experimental findings support the microstructural analy-
sis, indicating that this compositional window effectively balances carbide precipitation
strengthening while maintaining work-hardening capacity.

The observed strength—ductility balance in the optimal range (1.0-1.2 wt% Mn,
0.20-0.24 wt% C) validates the calculated Ars temperatures and their influence on fi-
nal microstructure. The strength plateau and ductility optimization regions experimentally
verified the predicted transition from beneficial fine M3C carbides to detrimental coarse
carbide networks at higher C contents. The TS distribution pattern confirms the calcu-
lated hardenability effects, where intermediate C-Mn combinations promote the optimal
cooling of the transformation products. The comprehensive analysis demonstrated that
the developed ANN model successfully captured complex C-Mn interactions and their
individual contributions to the mechanical properties. The model accurately predicted the
experimental property distributions shown in Figure 11, validating both the underlying
microstructural understanding and the machine-learning approach for C-Mn cast steel
property optimization.
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Heat Treatment Parameters on Mechanical Properties

The developed ANN model successfully captured the complex interdependencies
between the heat-treatment parameters and the mechanical properties of C-Mn cast steels,
as shown in Figure 12. The thermal processing parameters exhibited a significant influence
on mechanical performance, validating their critical role in microstructural evolution and
property optimization. Figure 12a reveals a distinct nonlinear relationship between the
heating time and mechanical properties. Within the experimental range of 9-12 h, the yield
strength initially decreased from approximately 325 MPa to 285 MPa as the heating time
increased to 10.2 h, followed by a gradual recovery to 290 MPa at extended heating times.
Conversely, the elongation exhibited an inverse trend, increasing from 28.5% to 36.0% at
10.8 h before stabilizing at approximately 33.0%. Extended heating times promote austenite
grain growth following the relationship; d> — dy? = kt, where d is the grain size at time t, dg
is the initial grain size, and k is the temperature-dependent growth rate constant [49,50]. The
initial strength decrease corresponds to carbide dissolution and austenite grain coarsening,
whereas the recovery at extended times suggests dynamic recrystallization and grain
size stabilization. The heating temperature range of 890-940 °C had pronounced effects
on the mechanical properties (Figure 12b). The yield strength decreased monotonically
from 384 MPa to 304 MPa with increasing temperature, while the elongation exhibited a
corresponding increase from 22% to 32%. This temperature-dependent behavior reflects
the enhanced austenite grain growth and dissolution of strengthening carbides at elevated
temperatures. Correlation analysis confirmed a positive correlation coefficient of 0.271
between the heating temperature and both the yield strength and tensile strength, indicating
that higher temperatures facilitate the complete dissolution of secondary phases, leading to
improved microstructural homogenization despite reduced strength [50,51].

Figure 12c illustrates the impact of soaking time (1.0 to 4.0 h) on the mechanical
properties. The yield strength decreased from 335 MPa to 295 MPa with extended soaking,
whereas the elongation increased from 26% to 36%. The extended soaking time allowed for
complete microstructural transformation and stress relief, resulting in enhanced ductility
through grain-boundary relaxation and carbide spheroidization. The positive correlation
coefficients between soaking time and strength properties (YS: 0.196; TS: 0.320) confirm
that controlled soaking promotes phase stabilization and microstructural refinement [38].

The cooling time parameter (2-13 h) exhibited the most complex influence on mechan-
ical properties (Figure 12d). The yield strength initially decreased from 470 to 375 MPa
during rapid cooling (2-8 h), and then gradually recovered to 377 MPa with extended
cooling times. The elongation showed an inverse relationship, decreasing from 25% to
20% with prolonged cooling. The negative correlation coefficients for the cooling time with
both YS (—0.262) and TS (—0.282) suggest that extended cooling promotes microstructural
coarsening and precipitate overgrowth, which compromises the strength properties while
potentially improving the ductility through stress relaxation [50].

The thermal processing effects observed in Figure 12 can be rationalized through
fundamental metallurgical principles. Extended heating times and elevated temperatures
promoted austenite grain growth and carbide dissolution, leading to reduced strength and
enhanced ductility. The effects of soaking time demonstrate the importance of thermal
equilibration for achieving homogeneous microstructures. The cooling rate sensitivity
reflects the competition between precipitation strengthening and microstructural coars-
ening, where controlled cooling rates optimize the balance between the strength and
ductility. These findings demonstrate that the heat treatment parameters serve as critical
control variables for tailoring the mechanical properties of C-Mn cast steels. The ability
of the ANN model to capture these complex thermal-mechanical relationships provides
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a valuable tool for optimizing industrial heat treatment processes to achieve the desired
property combinations.
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Figure 12. Effect of heat treatment parameters on mechanical properties of C-Mn cast steels predicted
by ANN model: (a) heating time, (b) heating temperature, (c) soaking time, and (d) cooling time vs.
yield strength and elongation. The dual y—axes show the yield strength (MPa) on the left and the
elongation on the right. Sensitivity analysis captures parameter interactions by varying individual
heat treatment parameters within the dataset ranges, while maintaining the mean values of other
parameters, revealing both direct and indirect influences through thermal processing interactions.

4.4. Literature Validation and Performance Comparison

The developed 20-44-44-4 artificial neural network architecture, trained on 500 indus-
trial C-Mn cast steel samples, achieved mean prediction errors of 3.45% for yield strength,
4.2% for tensile strength, and 4.9% for elongation. Remarkably, 90% of all predictions fell
within the industrially acceptable tolerance of +5%, establishing a new benchmark for the
accuracy of cast steel property prediction.

When evaluated against contemporary machine-learning studies, the model demon-
strated clear performance advantages. Liu et al. [52] achieved R? values exceeding 0.93 for
austenitic stainless steels using neural networks on 200+ samples, while Xiong et al. [53]
reported mean absolute percentage errors of 4.8% and 5.2% for yield strength and tensile
strength, respectively, using ensemble methods on 360 carbon and low-alloy steel sam-
ples. The superior precision of the present study stems from its larger dataset providing
enhanced statistical reliability and specialized focus on industrial cast steels, addressing a
critical gap in which most studies have concentrated on wrought or stainless-steel grades.
Industrial-scale applications by Zippo et al. [54] achieved real-time prediction errors of
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less than 6% using self-updating machine-learning systems. While offering adaptive capa-
bilities, their approach requires continuous model updates, whereas the proposed model
provides superior baseline accuracy without such computational overhead. The com-
prehensive sensitivity analysis and user-friendly graphical interface further enhance the
practical applicability for industrial implementation. Advancements over conventional ap-
proaches have been substantial. Traditional empirical methods [55] typically exhibit errors
of 8-15% for the yield strength and 6-12% for the tensile strength, whereas the Hall-Petch
relationships [56] demonstrate errors ranging from to 10-20% and 8-15% respectively. The
performance of the proposed model represents a two-to four-fold improvement, highlight-
ing the transformative potential of optimized machine learning in metallurgical property
prediction (Table 3). Three key factors distinguish this work from the existing literature.
First, the comprehensive 500-sample industrial dataset incorporating 16 alloying elements
surpasses most studies in terms of scope and industrial relevance. Second, unlike re-
search focusing solely on chemical composition, this model integrates heating temperature,
soaking time, and cooling parameters, capturing complete process-property relationships.
Third, the specialized application to C-Mn cast steels fills an identified industrial gap,
while providing more stringent validation through +5% deviation criteria rather than
typical R? reporting. This research represents a significant step toward the digitalization of
metallurgical engineering, demonstrating how optimized neural network architectures can
effectively bridge fundamental material science with industrial practice. The combination
of superior accuracy, comprehensive process integration, and accessible implementation
makes this model a valuable tool for industrial steel production optimization and quality
control applications.

Table 3. Comparison of ML and empirical methods for YS and TS prediction across steel systems.

YS TS

Study Steel System Method Accuracy Metric  p g0 prediction  [Votable Features
Industrial dataset
C-Mn Cast ANN (500 samples),
Present Study Steel (20-44-44-4) Mean Error 3.45% 4.2% 90% predictions
within 5%
Austeniti 200+ samples,
Liu et al. [52] Sl’élasir?ﬂelséc ANN R? >0.93 >0.93 tensile property
focus
. 360 samples,
Xiong et al. Cand ML Ensemble MAPE 4.8% 5.2% multiple
[53] Low-alloy .
algorithms
. . . Industrial scale,
Zippo etal. Industrial Self-updating  geal time Error <6% <6% real-time
[54] Steels ML Ay
prediction
Traditional General Steel Regression MAPE 8-15% 6-12% Conventional
Empirical [55] approach
Hall-Petch Various Empirical Typical Error 10-20% 8-15% Grain size based

Relations [56]

5. Discussion and Future Perspectives

The developed ANN model demonstrated exceptional predictive performance, with
90% of the predictions within +5% deviation, significantly outperforming traditional em-
pirical methods (8-20% typical errors). The comprehensive analysis of 16 alloying elements
and four heat-treatment parameters captures complex nonlinear interactions that are diffi-
cult to obtain through conventional experimental approaches. Training on 500 industrial
samples ensures practical applicability and direct transferability to manufacturing settings,
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offering substantial cost and time savings compared with traditional trial-and-error opti-
mization methods. This user-friendly graphical interface democratizes advanced predictive
capabilities, making them accessible to both experts and technicians without programming
expertise. Table 3 presents a quantitative comparison of the prediction accuracies of our
developed ANN model and the performance metrics reported in the literature.

Despite these advantages, the proposed approach has important limitations that must
be acknowledged. The predictive capability of the model is constrained to the compo-
sitional and processing parameter ranges in the training dataset, limiting extrapolation
beyond these boundaries. This approach lacks explicit microstructural modeling, which re-
stricts mechanistic insights into property—microstructure relationships crucial for advanced
alloy design. Current heat-treatment parameters are simplified and do not account for
complex thermal cycles or advanced processing techniques that are increasingly impor-
tant in modern steel manufacturing. Additionally, the model provides point predictions
without uncertainty quantification, making it difficult to assess prediction reliability for
individual cases.

Future work should prioritize integrating microstructural modeling with property
prediction by incorporating physics-based models for phase transformation and precip-
itation kinetics. Expanding the model to include advanced processing parameters, such
as controlled cooling rates and thermomechanical processing conditions, would enhance
its industrial applicability. The development of multi-objective optimization frameworks
that simultaneously optimize multiple properties while considering manufacturing con-
straints represents a critical advancement opportunity. Implementing uncertainty quan-
tification through Bayesian neural networks enhances the decision-making capabilities in
industrial applications.

Successful industrial implementation requires integration with existing quality man-
agement systems and establishment of protocols for model maintenance and performance
monitoring. This approach represents a significant step toward the digitalization of met-
allurgical engineering, demonstrating how machine learning can bridge fundamental
materials science and industrial practice. The methodology establishes a framework ap-
plicable to other alloy systems and manufacturing processes, contributing to Industry 4.0
and smart manufacturing objectives. The success of industrial C-Mn cast steel prediction
suggests the potential for accelerating material discovery and optimization across various
industrial sectors, representing a paradigm shift from traditional experimental approaches
to data-driven material engineering.

6. Conclusions

This study successfully developed and validated a comprehensive artificial neural
network (ANN) model for predicting the mechanical properties of carbon-manganese cast
steels based on chemical composition and heat treatment parameters.

The optimized 20-44-44-4 ANN architecture demonstrated exceptional predictive
performance, achieving mean prediction errors of 3.45% for YS, 3.97% for TS, 4.9%
for EL, and 3.8% for RA, with 90% of the predictions falling within a tolerance range
of = 5%. This represents a significant improvement over traditional empirical method.
The model was trained on an extensive industrial dataset of 500 samples incorporating
16 alloying elements and four heat-treatment parameters, ensuring direct transferability to
manufacturing environments.

Sensitivity analysis revealed critical material insights: among the major alloying
elements, manganese demonstrated the strongest strengthening effect (yield strength in-
creasing from 330-340 MPa to 475 MPa at 1.4 wt%), followed by molybdenum (350 MPa
to 450 MPa across 0.0-0.5 wt% range) and chromium (330 MPa to 475 MPa across



Metals 2025, 15, 790 22 of 24

0.08-0.48 wt% range). Carbon showed a complex behavior with peak strengthening at
approximately 0.24 wt% (290 MPa to 355 MPa). Among the microalloying elements, vana-
dium exhibited the most significant strengthening effect (355 MPa to 435 MPa across the
0.000-0.020% range), followed by niobium (305 to 350 MPa across the 0.000-0.008% range),
titanium (315 MPa to 350 MPa across the 0.000-0.029 wt% range), and tungsten (mod-
est strengthening 310 MPa to 330 MPa across the 0.003-0.018% range). While niobium
showed a narrower concentration range (0.008% variation) than vanadium (0.019%), tita-
nium (0.027%), and tungsten (0.017%), its strengthening efficiency remained significant
within the investigated range.

The development of an intuitive graphical user interface democratizes advanced
predictive capabilities, making sophisticated material-property predictions accessible with-
out programming expertise. This significantly reduces the experimental costs and time
compared to traditional trial-and-error optimization methods.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/met15070790/s1, Supplementary Data S1 KMPRI data (under
various combinations of composition and heat treatment conditions) and Supplementary Data S2
(weight files).
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