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Abstract: Martensite start (Ms) temperature is a critical parameter in the production of parts
and structural steels and plays a vital role in heat treatment processes to achieve desired
properties. However, it is often challenging to estimate accurately through experience alone.
This study introduces a model that predicts the Ms temperature of medium-carbon steels
based on their chemical compositions using the artificial neural network (ANN) method
and compares the results with those from previous empirical formulae. The results indicate
that the ANN model surpasses conventional methods in predicting the Ms temperature of
medium-carbon steel, achieving an average absolute error of −0.93 degrees and −0.097%
in mean percentage error. Furthermore, this research provides an accurate method or tool
with which to present the quantitative effect of alloying elements on the Ms temperature of
medium-carbon steels. This approach is straightforward, visually interpretable, and highly
accurate, making it valuable for materials design and prediction of material properties.

Keywords: ANN model; Ms temperature; medium-carbon steels; alloying element;
quantitative effect

1. Introduction
Medium-carbon steels, containing approximately 0.30 wt.% to 0.60 wt.% carbon and

0.60 wt.% to 1.65 wt.% manganese, are extensively used in various structural applications,
particularly as load-bearing components [1]. It is widely utilized in large components,
forging, and automotive parts due to its balanced ductility and strength, along with good
wear resistance [2]. A significant amount of research is being conducted on these steels to
explore their performance and enhance their properties [3–5].

Martensite start (Ms) temperature is crucial for steels during the manufacturing pro-
cess, considering the significant impact of phase transformation and heat treatment on
the mechanical properties of steel [6]. Consequently, substantial progress has been made
in estimating or predicting Ms temperature by numerous researchers through numerical
methods over the years [7–28]. Many researchers have proposed at least one formula for
Ms temperature, based on their research or as an improvement to earlier formulations.
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From these studies, a generalized linear formula was derived to describe the relationship
between the Ms temperature and the chemical composition, as expressed in Equation (1).

y = θ + ∑i ωixi (1)

Here, y represents the calculated Ms temperature for the target steel. The offset
parameter θ is a constant, representing the Ms temperature of steel without any alloying
elements—essentially pure iron, derived from extrapolating the Ms temperatures of iron-
based alloys as adopted by researchers or from the databases and references they utilized.
The weight coefficient ωi for alloying element i, is adjusted iteratively to achieve the best-fit
prediction of Ms temperature as a dependent variable. The amount of the alloying element
“i” is denoted by xi.

In essence, each input xi representing the content of an alloying element is multi-
plied by its corresponding weight coefficient ωi, and the resulting products are summed
and then added to a temperature offset constant “θ”. The output y is the predictive Ms
temperature value.

Table S1 in Supplementary Materials presents the calculation formulae for Ms temper-
ature specifically applicable to medium-carbon steels. It includes 21 empirical equations
from 17 research studies, spanning from earlier works to more recent investigations. The
value of θ varies between 693 K and 834 K across different formulae. Beyond the common
linear form, some formulae incorporate unique forms or transformed terms. For instance,
Carapella’s formula includes a product formula ∏(1 − ωixi) [29]. Andrews’ formulae [11]
feature product terms Σωijxixj, and Wang et al.’s formula [26] includes the square roots of
product terms Σωij

√xixj, both of which aim to account for the co-action by alloying ele-
ments on Ms temperature. Additionally, Lee and Park’s method [25] introduces a chemical
composition independent item 11.67ln(dγ) to reflect the influence of average austenite grain
size on Ms temperature. However, as indicated by the researchers, the existing prediction
models or empirical formulae for Ms temperature are limited by the types of alloying
elements included, the range of chemical composition content, or their inability to align
with experimental results when values exceed the established ranges.

Fe-based materials have been widely studied due to their diverse applications in
structural and functional materials. For instance, Fe oxides have been explored for memory
devices due to their unique electronic properties [30], while Fe-based Heusler alloys have
shown great potential for thermoelectric energy conversion [31]. These studies highlight
the versatility of Fe-based systems in advanced technologies.

In structural materials, understanding the martensite start (Ms) temperature is crucial
as it directly influences the phase transformation behavior, microstructure, and mechanical
properties of steels. Precise prediction of Ms temperature is essential for optimizing alloy
design and tailoring mechanical performance, particularly in applications requiring a
balance between strength and toughness.

In another respect, artificial neural networks (ANN), as a kind of approach to machine
learning in artificial intelligence, have found extensive applications in various fields, es-
pecially in the era of big data at present. They could provide much more reliable results
rather than empirical methods.

This study aims to model the calculation of the Ms temperature using the ANN method
and then compare the results with those from the previous empirical formulae suitable for
medium-carbon steels. Furthermore, the quantitative effects of alloying elements on Ms
temperature will be revealed by the ANN model.
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2. Methodology and Experimental Database
The advancement of modern techniques, especially in computer science, has enabled

the processing of vast datasets that were once unmanageable. ANN modeling, a machine
learning method, is utilized across various research fields, including materials science [32],
mechanical engineering [33], architecture [34], medicine [35], and business [36], to estimate
predicted values or results, which are difficult to obtain through conventional methods.

In comparison to our prior work on the Ms temperature of high-carbon steels [37], the
construction of the ANN model in this study is similar but not identical. A typical neural
network, containing several nodes, consists of three layers: input, hidden, and output.
Each node in the input layer represents an independent variable value. The hidden layer
nodes perform computations, and the output layer nodes calculate the final output as the
dependent variable. The parameters for the input and output layers are set according to the
project requirements, while others of the model, such as the number of hidden layers, nodes
per layer, learning rate, momentum term, and iterations, are determined by the researchers’
expertise and through trial and error across different scenarios.

The ANN modeling process consists of the following steps:

1. Collection of data.

The ANN model requires a detailed description of the chemical composition of steel
sets (including ten alloying elements—carbon (C), manganese (Mn), silicon (Si), chromium
(Cr), nickel (Ni), molybdenum (Mo), vanadium (V), aluminum (Al), tungsten (W) and
copper (Cu)—which may vary depending on different cases) and their corresponding
experimental Ms temperature values. A reference search yielded a total of 1533 samples
that meet the criteria, out of which 313 sets were classified as medium-carbon steel in
accordance with the definition, as shown in Table S2 in Supplementary Materials.

2. Grouping of data.

The dataset, comprising 313 entries, was divided into two groups: training and testing,
with the ratio typically ranging from 6:4 to 8:2. Training with a higher portion can increase
the model accuracy but the selection of too large a training set may result in overfitting,
which limits the model generalizability. Therefore, a ratio of 6:4 was adopted to ensure the
model’s broad applicability, assigning sets #1 to #188 for training and the remaining sets
#189 to #313 for testing.

3. Training of ANN.

The training dataset was used to optimize the ANN configuration, minimizing devi-
ations in the untrained test data through a trial-and-error process. The process involved
selecting various hidden layers with different numbers of neurons and optimizing the
learning rate, momentum term, and number of iterations to achieve the best prediction for
unseen data. Figure 1 illustrates the entire process of trial and error for the modeling in
different parameters.

The ideal ANN model was achieved under the following conditions: two hidden layers
within 4-4 neurons, a learning rate of 0.05, a momentum term of 0.05, and 8000 iterations.
With this configuration, the model’s performance on the testing dataset resulted in a mean
absolute error (MAE) of 10.74 K, an average absolute error (AAE) of 0.76 K, a mean squared
error (MSE) of 0.00189 K2, and a mean percentage error (MPE) of 0.17%. The calculation
equations could be easily found in a statistics textbook and are listed below.

MAE =
1
n∑n

i=1|(yi − ŷi)| (2)

AAE =
1
n∑n

i=1(yi − ŷi) (3)
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MSE =
1
n∑n

i=1(yi − ŷi)
2 (4)

MPE =
100%

n ∑n
i=1

yi − ŷi
ŷi

(5)

in which n is the number of different steels for which the Ms temperature is predicted, yi is
the predictive value of the Ms temperature, and ŷi is the actual value of the Ms temperature
being predicted.
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Figure 1. Effect of various parameters on error for training, testing, and total datasets: (a) Number of
neurons in a single hidden layer, (b) Number of neurons in two hidden layers, (c) Number of neurons
in three hidden layers, (d) Learning rate, (e) Momentum term, (f) Number of iterations.

4. Correlation Analysis.

The Pearson correlation coefficient can be used to express the linear relationships
between inputs and output, as shown in the heatmap of Figure 2. The color intensity in
each square of the heatmap indicates the strength of the relationship between input and
output, facilitating the easy identification of correlations. The values are represented with
negative and positive signs to indicate inverse and direct relationships, respectively, on the
heatmap. For example, the negative values and darker color intensity for C and Ni with
experimental Ms highlight the more significant negative impact of these two elements on
the Ms temperature. Similarly, the values close to zero and the very light color intensity for
Mo in the heatmap indicate that it has a minimal effect on the Ms temperature.

The heatmap analysis illustrates the correlation between alloying elements and their
corresponding Ms temperature is not strictly linear, with significant differences. It reveals
that there is not a substantial correlation between the elemental composition and the Ms
temperature, suggesting a complicated, nonlinear relationship.
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5. Simulation and prediction using the trained ANN model.

A JAVA-based virtual alloy addition system was developed for the ANN model. This
system allowed for the straightforward prediction of the Ms temperature by inputting the
alloying contents in steel. The graphical user interface (GUI), shown in Figure 3, clearly
presents the correlation between the inputs (alloying content) and the output (predicted Ms
temperature) in a simple and visual manner. This user interface represents a knowledge
discovery in databases (KDD) model developed for predicting the Ms temperature of
medium-carbon steels based on alloy compositions. The model is powered by an optimal
ANN trained using precise synaptic weights to ensure high accuracy. By inputting the
chemical composition of elements such as C, Mn, Si, Cr, Ni, Mo, V, Al, W, and Cu within
the specified ranges, the model can predict Ms temperature with remarkable precision. The
prediction output is dynamic, allowing for infinite combinations of compositions within
the defined input ranges, making it a versatile tool for alloy design and research.

In addition to predictions, this tool offers advanced functionalities such as one-variable
and two-variable sensitivity analysis, enabling users to understand the influence of each
element on Ms temperature. It also includes features to compare predicted outputs with
training and test datasets to validate the model’s accuracy. A description of the model,
including its development methodology and features, is integrated into the interface for
user understanding. Furthermore, the tool calculates the index of relative importance
(IRI) for alloying elements, providing insight into their contribution to Ms temperature.
Overall, this predictive model is a robust and user-friendly tool designed to support alloy
development and metallurgical research.
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3. Results and Discussion
3.1. Comparisons Among the Predicted Ms Temperature Results

Eight random samples from the testing dataset, detailed in Table 1 with their chemical
compositions and corresponding experimental Ms temperatures, are selected to evaluate
the efficiency of the ANN model.

Table 1. Medium-carbon steel sets for predictive result comparisons.

Data No. C Mn Si Cr Ni Mo V Al W Cu Experimental Ms (K)

206 0.41 1.42 1.42 0.78 1.37 0.03 0 0 0 0 522
221 0.51 0.72 0.27 0.94 0.15 0.05 0.2 0 0.11 0.15 548
236 0.45 0.8 0.25 1.15 0.55 1 0.05 0 0 0 560
244 0.3 0.8 0 0.55 0.54 0.21 0 0 0 0 644
246 0.43 0.74 0 0.92 0 0 0.16 0 0 0 594
266 0.35 0.65 0.13 0.55 1.27 0 0 0 0 0 619
290 0.5 0.73 0.22 0.83 0.04 0.41 0.15 0.07 0 0 568
308 0.39 0.82 0.31 0.96 0.13 0.2 0 0 0 0.08 610

Figure 4 presents the predicted Ms temperature results for these samples using the
above-mentioned formulae and the ANN model. The results demonstrate that the ANN
model, with an AAE of 6.79 degrees and an MPE of 1.26%, outperforms the alternative
methods. The line fitting of the data points yields a Pearson correlation coefficient of 0.97,
indicating a high degree of correlation with the actual values. In addition, among the entire
set of 313 steel samples, the ANN model achieves an AAE of −0.93 degrees and −0.097%
in MPE.
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3.2. Quantitative Effect of Individual Alloying Element

The Ms temperature is predominantly influenced by the chemical composition of
steels [34,35]. From the alloying elements, Carbon content is recognized as having the most
substantial impact on the Ms temperature, as evidenced by the highest weight coefficients in
the formulae presented in Table S1 of Supplementary Materials. C is known to significantly
lower the Ms temperature by increasing the stability of austenite, while Mn addition is
noted for its effectiveness in inhibiting martensitic transformation. The individual effects
of alloying elements on Ms temperature have been acknowledged in previous studies;
however, a detailed stepwise analysis of their influence remains unexplored, as well as the
exact values of each alloying element [23,42].

The incremental quantitative effect of each alloying element on the Ms temperature
is determined by utilizing the developed ANN model. We considered steel sample #290,
with its chemical composition and experimental Ms temperature detailed in Table 1, i.e.,
Fe-0.5C-0.73Mn-0.22Si-0.83Cr-0.04Ni-0.41Mo-0.15V-0.07Al and 568 K, respectively. The
baseline Ms temperature for pure iron, assuming zero content of all alloying elements, is
predicted to be 703.0 K by the ANN model. Subsequently, the corresponding amount of
each potential alloying element was incrementally introduced into the ANN model.

This stepwise addition alters the Ms temperature progressively from the initial value
for pure iron, as illustrated in Figure 5. Furthermore, through straightforward calculations,
it is determined that the Ms temperature of medium-carbon steel sample #290 decreases by
86.5 degrees with the addition of 0.5 wt.% C. Thus, the quantitative effect of C on the Ms
temperature of medium-carbon steel #290 is −173 K/wt.%, along with the values of other
alloying elements, as shown in Figure 5, after a rough calculation. For this case, alloying
element V shows a positive effect on the Ms temperature, whereas C, Mn, Ni, Cr, Mo, Si,
and Al have a negative impact (in the order of their effect strength). The calculation process
is independent of the sequence in which alloying elements are introduced. Moreover, the
results vary from one case to another and could not be applied to a universal value across
all situations or for all samples. In short, it can provide substantial advancements in the
accuracy of materials design and manufacturing.
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Figure 5. Stepwise prediction and quantitative effect of alloying elements on Ms temperature for steel
set #290.

3.3. Varying Effect of Dual Alloying Elements

Figure 6 illustrates the Ms temperature variations by different dual alloying elements
for steel set #290, with color bands highlighting temperature differences. Figure 6a examines
the influence of C and Mn on the Ms temperature. It shows that as the amount of C and Mn
increases, the Ms temperature decreases regularly, by the evidence of the mostly parallel
contour bars. Figure 6b explores the Ms temperature variation by C versus Si. The nearly
parallel Si-axis to the contour bars indicates that the effect of C is significantly greater
than that of Si. When compared to C and Mn in Figure 6a, it demonstrates a similar Ms
temperature-decreasing behavior for Cr and Ni in Figure 6c. Additionally, W, as a strong
carbide former, exhibits its ability to increase the Ms temperature, as illustrated in Figure 6d.
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Figure 6. Ms temperature variations of steel set #290 by dual alloying additions predicted by ANN
model: (a) C-Mn; (b) C-Si; (c) Cr-Ni; and (d) W-Cu.
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4. Conclusions
In summary, the proposed virtual prediction model utilizes the ANN methodology to

predict the Ms temperature for medium-carbon steels. The effect of ten potential alloying
elements on the Ms temperature is also predicted. The ANN model predictions are in
close agreement with experimental Ms temperature values, surpassing previous empirical
formulae in accuracy and convenience. For the total 313 samples, the model exhibits an AAE
of −0.93 K and an MPE of −0.097%. Notably, the model reveals the quantitative influence of
alloying elements on the Ms temperature, marking an unprecedented finding. As previous
empirical formulae require complex calculations and are not universally applicable to all
alloying additions, the developed ANN model serves as an ideal replacement for these
formulae. This model can aid in material design, and its predictive capabilities could be
extended to a wide range of material properties in the future.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/a18020116/s1: Table S1: Calculation formulae of Ms temperature for
medium-carbon steel; Table S2: Medium-carbon steel set database. References [38–41] are cited in the
Supplementary Materials.
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