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Abstract: This paper introduces an innovative approach that enables automated and precise prediction of the
steel’s chemical composition based on the desired Jominy curve. The microstructure, and in fact the presence
of martensite, is decisive for the hardness of the steel, so the study considered the occurrence of this phase at
particular distances from the quenched-end of the Jominy sample. Steels for quenching and tempering and
case hardening were investigated. With representative collected dataset of hardness values from quenched-
end of Jominy specimen, microstructure and chemical composition of steels, the complex regression model was
made using supervised artificial neural networks. The balance between cost and required hardenability can be
achieved through optimizing the chemical composition of steel. This model of designing steel with required
hardenability can be of great benefit in the mechanical engineering and manufacturing industry. The model is
verified experimentally.

Keywords: hardenability; chemical composition; microstructure; artificial neural networks

1. Introduction

The selection of steel for the specific machine parts, tools or constructions is preceded by the
definition of the required properties. The required properties of steels, such as hardenability, are
achieved by a specific chemical composition and manufacturing process. For machine parts and tools
during material production process it would be very beneficial if according to the required
hardenability chemical composition of steel is known.

Hardenability is defined as the ability of ferrous alloys to acquire hardness after austenitization
and quenching. This includes the ability to reach the highest possible hardness and hardness
distribution within a cross section [1]. The maximum hardness of heat-treated steel depends
primarily on the carbon content. Alloying elements have little effect on the maximum hardness, but
they significantly affect the depth to which this maximum hardness can be developed. Thus, one of
the first decisions to be made is what carbon content is necessary to obtain the desired hardness. The
next step is to determine what alloy content will give the proper hardening response in the section
size involved [2].

Jominy and Boegehold developed the end-quench hardenability test that characterizes the
hardenability of a steel from a single specimen in the year 1938 [3]. It is still used worldwide and
known as Jominy test and is part of many standards such as EN ISO 642: 1999, ASTM A255 and JIS
G 0561 [4-6]. The result of Jominy test is the Jominy curve, which shows the measured hardness
values at different distances from the quenched-end. Chemical composition of steel, as mentioned,
has significant influence on the hardenability and thus numerous attempts have been made to
characterize the hardenability from its chemical composition. An accurate model to calculate the
hardenability (Jominy curve) in an early stage of the steel production could result in control of
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hardenability of the final product. Grossmann characterized hardenability by defining ideal critical
diameter as the largest diameter of a cylindrical specimen which transforms into at least 50% of
martensite when quenched with an infinitely large cooling rate at the surface [7]. In his later work,
Grossmann proposed multiplying coefficients for alloying elements for calculation of the critical
diameter [8]. Numerous studies followed trying to characterize the hardenability from its chemical
composition [9-18].

Nevertheless, the relationship between the chemical composition of steel and the resulting
values obtained after the Jominy end-quench test, and via versa, cannot be defined, precise enough,
by any mathematical function. More complex regression analysis is necessary. Developments in
computers and software have positioned artificial neural networks at the forefront in technical
science in general, including material science [19-24].

Deep learning is a powerful tool for finding patterns in multi-dimensional data. Deep learning,
as a subset of machine learning, uses algorithms such a computer can learn from empirical dataset
by modelling nonlinear relationships between the material properties and influencing factors [25].
Artificial neural networks (ANNSs) are widely used in modeling steel and metal alloy issue due to
their efficiency in handling regression tasks. ANNs are characterized by their ability to learn from
labeled dataset and are, therefore, well suited for supervised learning applications. The creation of
representative dataset is crucial for development of an effective model based on artificial neural
networks [26,27].

Designing the chemical composition of the steel having the required properties is the crucial task
from the manufacturing point of view. Knowing the required hardenability for machine parts or tools
enables designing the steel with optimal chemical composition. Such a steel will have adequate, for
particular application, hardenability. Quenching and tempering of steels with insufficient
hardenability, regarding its application, does not provide appropriate hardness in deeper layers and
can cause functional problems. Excessive hardenability indicates usage of surplus of alloying
elements and thus increasing the cost (Figure 1).

Excessive

Hardenability

Required Adequate
Hardenability Hardenability

Insufficient
Hardenability

Figure 1. Required hardenability of the machine part vs. adequate hardenability of steel.

The content of alloying elements should not be higher than necessary for ensuring adequate
hardenability.

In this paper an innovative approach is introduced that enables automated and precise
prediction of the steel’s chemical composition based on the Jominy curve respecting microstructure
at different distances from the quenched-end of Jominy specimen. Steels for quenching and
tempering and case hardening were investigated. It is known that during the Jominy test, areas closer
to the quenched-end are cooled faster. The result is that different microstructures are achieved at
different distances from quenched-end of Jominy specimen. Steels with different chemical
compositions can achieve the same microstructure (e.g. 99.9% martensite) but due to the different
chemical composition (primarily carbon content) hardness values will be different [1,28]. It implies
that hardness values are the result of microstructure as well as chemical composition. Considering
minimization of possible errors in the input data regarding microstructure, the presence of martensite
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was considered. The limit is set at 50% of martensite in the microstructure. Hardness is dependent
primarily on carbon content and values of hardnesses are known for different carbon content and
different ratio of martensite in the microstructure [29,30]. Some authors successfully use following
relation to calculate hardness with 50% of martensite in the microstructure regarding achieved
maximum hardness [31,32]:

HRCs0%m= 0.73 - HRCimax (1)

The research included supervised learning of artificial neural networks so that the dataset was
structured in such a way that between the predictors (hardnesses in Rockwell hardness scale C - HRC
and microstructure, at specific distances from quenched-end of Jominy specimen) and responses
(chemical compositions of 7 alloying elements, renumerate alloying elements) excellent relations
were established. Through collecting data, modeling and optimizing regression models, the optimal
artificial neural network model for designing chemical composition of steel is established.

2. Materials and Methods

2.1.  Analysis of Dataset

In this research, steels for quenching and tempering and case hardening were investigated, from
standards EN 10083-2, EN 10083-3, EN 10084 and similar [33-35]. Dataset consisted of Jominy curves,
presented as the consecutive hardness values at 13 distances from the quenched-end of Jominy
specimen and wt% content of alloying elements C, Si, Mn, Cr, Ni, Mo and Cu. It was assumed that
the heat treatment of steel for the collected data is made under standard conditions that confirm to
ASTM standard [5]. The grain size according to ASTM scale is 7. The dataset contains data of
hardnesses (Rockwell hardness scale C - HRC) at distances of 1.5, 3, 5, 7, 9, 11, 13, 15, 20, 25, 30, 40
and 50 mm from quenched-end of Jominy specimen (Table 1).

Table 1. Ranges of predictor parameters (HRC) used to model chemical composition of steels.

HRCi5 HRCs HRCs HRC7 HRCoHRCi11 HRCis HRC1s HRC20HRC2s HRC30 HRCa0 HR Cso
Min. 64.5 64 63 61 60 595 59 58 57 56 54 51 44
Max. 385 36,75 26 21,5 20,5 19 18 17 15 13 12 11 10

Dataset also contains information on the percentage of mass concentration of the seven alloying
elements, namely C, Mn, Si, Cr, Ni, Mo and Cu. Complete homogeneity of the steel is not realistic to
expect. Small deviation in homogeneity can significantly affect the microstructure distribution along
the Jominy specimen. The presence of martensite was considered. The limit is set at 50% of martensite
in the structure. Ratio of hardness of steel with 50% martensite in the microstructure and 99% of
martensite in the microstructure for different carbon content is shown in Figure 2 [29].

0.80
0.78
0.76
0.74
0.72
0.70
0.68
0.66

Ratio M50 / M99

0.1 0.2 0.3 0.4 0.5 0.6

Carbon wt%

Figure 2. Ratio of hardness of steel with 50% martensite in the microstructure and 99% of martensite
in the microstructure for different carbon content.
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For calculating the hardness value with 50% martensite (HRCso%m), according to maximum
hardness, HRCnmax it is used following relation:

HRCs0%m= k - HRCmax
2)

Where k is function of carbon wt%. For the distances on Jominy specimen with values of
hardness greater than k - HRCmax, value 1 is assign (more than 50% of martensite is presented in the
microstructure). For the hardnesses lower than k - HRCmax, value 0 is assign (less than 50% of
martensite is presented in the microstructure). The explained procedure was performed on 470
different steels. Example of predictors for steel 42CrMo4 is shown in Table 2 and in Figure 3.

Table 2. Predictors for one observation (steel 42CrMo4).

Mis Ms Ms M- Mo Mn Mais M1 M2 Mazs Mzo Mwo Moo
1 1 1 1 1 1 1 1 0 0 0 0 0

Jominy curve for steel 42CrMo4

30

Hardness, HRC

10

0 e & @ ¢ ¢ 0 0 L 2 L ] L ] L ] L ]
35 7 9111315 20 25 30 40 50
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Figure 3. Predictors of steel 42CrMo4 (hardnesses and microstructures).

Response for the same steel is shown in Table 3.

Table 3. Responses for steel 42CrMo4 (chemical composition).

Mn Si Cr Ni Mo Cu
0.4 0.7 0.2 1.01 0.16 0.16 0.2

The dataset is divided into two different subsets: a training set, which is used to determine the
model parameters, and a separate test dataset (validation set). The training set is used for model
parameterization, while the validation was used as an independent dataset for evaluating the model’s
performance. Data partitions are done in MATLAB, using the cupartition function. A typical
application of this function is holdout validation, where the dataset is partitioned into a training set
and a test set. It generates a random, non-stratified partition for holdout validation on a dataset. The
proportion of observations assigned to the test set is set to 5%, while the remaining data form the
training set [36].

The training dataset must be a representative sample of the data. The Kolmogorov-Smirnov (KS)
test is used to evaluate the goodness of fit of the training and test dataset [37]. It checks whether the

distribution of the training and test sets vary significantly. Results of Kolmogorov-Smirnov test are
presented in Table 4 and Table 5.

Table 4. Kolmogorov-Smirnov test results od goodness of fit of the training and test dataset.
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Features HRCi15 HRCs HRCs HRC’HRCoHRC11 HRC1s HRCis HRC20 HRC2s HRC30 HRCa0 HRCs0
KS -test

value 0.152 0.163 0.166 0.127 0.093 0.090 0.147 0.161 0.157 0.132 0.132 0.167 0.147
p-value 068 06 057 086 099 099 0.72 061 064 082 084 057 0.73

Table 5. Kolmogorov-Smirnov test results od goodness of fit of the training and test dataset.

Features Mis Ms Ms M7 Moy Mn Mais Mais M2o Mb2s Mso Mao Mso
KS -test value 0 0 0.018 0.106 0.071 0 0.001 0.037 0.031 0.027 0.044 0.037 0.009
p-value 1 1 1 0.96 1 1 1 1 1 1 1 1 1

We conducted Kolmogorov-Smirnov (KS) tests for each feature at a 5% significance level to
assess the similarity of feature distributions between the training and test datasets. The KS test values
were calculated for the features of hardness (HRC) and microstructure at specific distances from
quenched-end of Jominy specimen. The obtained KS test values are between 0.09 and 0.167 for
hardness and between 0 and 0.161 for microstructure. In addition, p-values were calculated for each
test, in range from 0.57 and 0.99 (hardness) and 0.96 and 1 (microstructure), indicating no substantial
evidence to reject the null hypothesis of similarity between the distributions. These results that model
is likely to generalize well to the unsee test dataset (Figure 4).
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Figure 4. Training and test dataset’s split distribution

2.2. Experimental Setup

For regression, Machine Learning and Deep Learning Toolbox from MATLAB R2023b is used.
To train neural network regression models Regression Learner App is used. For protecting
overfitting, 10-fold cross-validation during the training is used. Training and test phase of model
development are done for each of seven alloying elements separately. Training is done by using five
deferent architectures of artificial neural networks: ‘trilayered’, ‘bilayered’, ‘narrow’, ‘medium” and
‘wide’ neural network as well as optimized neural network. The architectures of neural networks are
as follow:
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. trilayered [10, 10, 10], with ReLU activation function;
e Dbilayered [10, 10], with ReLU activation function;

e narrow [10], with ReLU activation function;

e  medium [25], with ReLU activation function;

e  wide [100], with ReLU activation function.

The architecture and activation function of Optimized neural networks vary.

The model with the smallest test root mean square error (RMSE) is evaluated as the best model
because low RMSE can ensure that the selected model generalizes well to a new dataset. In addition
to RMSE, mean square error (MSE), mean absolute error (MAE), and coefficient of determination (R?)
are used to evaluate the model during the test performance analysis.

3. Results

In order to select the best-performing model for prediction chemical composition of steel, this
paragraph offers a thorough overview of model evaluation and selection, performance analysis and
training. The training was done separately for each chemical element. Thus, all the neural networks
have input layer with 26 nodes (13 hardnesses at distances of 1.5, 3, 5, 7, 9, 11, 13, 15, 20, 25, 30, 40 and
50 mm from quenched-end of Jominy specimen and 13 values that indicate presence of martensite,
higher or lower than 50%) and output layer with 1 node (chemical element).

3.1. Experimental Results Analysis

3.1.1. Experimental Result Analysis for Carbon

The artificial neural network models are placed in the table according to the lowest RMSE (Table

6).
Table 6. Results after training for carbon with six different architectures of ANNS.
) RMSE R? MAE MSE
Model Architecture - :
Train Test Train Test Test Test
Narrow NN 26-10-1 0.0204 0.0108 0.973 0.994 0.0093 0.0001

Bilayered NN 26-10-10-1 0.0191 0.0114 0.976 0.994 0.0085 0.0001
Trilayered NN  26-10-10-10-1  0.0218 0.0140 0.969 0.991 0.0111 0.0002

Medium NN 26-25-1 0.0200 0.0199 0.974 0.981 0.0137 0.0004
Wide NN 26-100-1 0.0292 0.0290 0.945 0.959 0.0164 0.0008
Optimizable

NN 26-4-4-14-1 0.0232 0.0307 0.965 0.954 0.0202 0.0010

The Narrow Neural Network model has the best results (with one hidden layer with 10 nodes).
For that model, the predicted response vs. the experimental data, for each observation (from the
training dataset), is shown in Figure 5. For the same model, the predicted response vs. the
experimental unseen data (the test dataset) are shown in Figure 6. In Figure 6 relation between
residuals (difference between predicted response and experimental data) and true data are shown
too. The best neural network model shows excellent results with very low RSME, as well as extremely
high R? (close to 1).
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Predictions: model 2.1 (Narrow Neural Network)
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Figure 5. Performance evaluation of Narrow Neural Network on training dataset.
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Predictions: model 2.1 (Narrow Neural Network)
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Figure 6. Performance evaluation of Narrow Neural Network on test dataset.

3.1.2. Experimental Result Analysis for Manganese

The artificial neural network models for manganese are placed in Table 7 according to the lowest
RMSE as well.

Like the results for carbon, the Narrow Neural Network model has the best results. The
predicted response vs. the experimental data, for each observation (from the training dataset), is
shown in Figure 7. For the same model, the predicted response vs. the experimental unseen data (the
test dataset) are shown in Figure 8. In Figure 8, the relation between residuals and true data are shown
too. The best neural network model shows good results with relatively low RSME, as well as with
satisfying R2.

Table 7. Results after training for manganese with six different architectures of ANNs.

. RMSE R? MAE MSE
Model Architecture - -
Train Test Train Test Test Test
Narrow NN 26-10-1 0.1870 0.1122 0.485 0.823 0.0915 0.0126

Trilayered NN  26-10-10-10-1  0.1930 0.1163 0.451 0.810 0.0827 0.0135
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9
Wide NN 26-100-1 0.2084 0.1251 0.361 0.780 0.0885 0.0157
Optimizable
NN 26-3-1 0.1637 0.1362 0.605 0.739 0.1188 0.0186
Medium NN 26-25-1 0.2110 0.1665 0.344 0.610 0.1222 0.0277

Bilayered NN 26-10-10-1 0.2389 0.1918 0.160 0.482 0.1092 0.0368
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Figure 7. Performance evaluation of Narrow Neural Network on training dataset.
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Predictions: model 2.1 (Narrow Neural Network)
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Figure 8. Performance evaluation of Narrow Neural Network on test dataset.

3.1.3. Experimental Result Analysis for Silicon

The artificial neural network models for silicon are placed in Table 8 according to the lowest
RMSE as well.

According to the given criterion (lowest RMSE), Optimizable Neural network is placed in first
row (Table 8). However, predicted values of this model are concentrated around the mean value of
trained dataset. Due to that, the best model is chosen the Narrow Neural Network model. For that
model, the predicted response vs. the experimental data, for each observation from the training
dataset, is shown in Figure 9. For the same model, the predicted response vs. the experimental unseen
data is shown in Figure 10. In Figure 10, the relation between residuals and true data are shown too.

The Narrow Neural Network has very low RSME, so one can conclude that the model is very
good. At the same time, the coefficient of determination R? is negative. By the definition, coefficient
of determination can be negative, but it shows that the regression performed poorly, even worse
when the regression model explains none of the variability of the response data around its mean [38].
Nevertheless, residuals in Figure 10 show very small figures. It means that predicted values are
similar to the experimental data and that predicted data for silicon are within the given steel standard.
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Table 8. Results after training for silicon with six different architectures of ANNSs.
. RMSE R2 MAE MSE
Model Architecture - :
Train Test Train Test Test Test
Optimizable
NN 26-5-1 0.0426 0.0342 -0.011 -0.072 0.0258 0.0012
Narrow NN 26-10-1 0.0515 0.0371 -0.476 -0.262 0.0279 0.0014
Bilayered NN 26-10-10-1 0.0645 0.0401 -1.317 -0.474 0.0317 0.0016
Trilayered NN  26-10-10-10-1 0.0717 0.0428 -1.864 -0.678 0.0333 0.0018
Wide NN 26-100-1 0.0757 0.0510 -2.192 -1.387 0.0392 0.0026
Medium NN 26-25-1 0.0622 0.0630 -1.152 -2.642 0.0405 0.0040
Predictions: model 2.1 (Narrow Neural Network)
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Figure 9. Performance evaluation of Narrow Neural Network on training dataset.
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Figure 10. Performance evaluation of Narrow Neural Network on test dataset.

3.1.4. Experimental Result Analysis for Chromium

The artificial neural network models for chromium are placed in Table 9 according to the lowest
RMSE as well.

According to the given criterion, Bilayered Neural network model is chosen as the best (neural
network with two hidden layers with 10 nodes each). For that model, the predicted response vs. the
experimental data, for each observation from the training dataset, is shown in Figure 11. For the same
model, the predicted response vs. the experimental unseen data is shown in Figure 12. In Figure 12,
the relation between residuals and true data is shown too.

The Bilayered Narrow Neural Network has relatively low RSME and very good the coefficient
of determination R2 (close to 0.9).

Table 9. Results after training for chromium with six different architectures of ANNs.

RMSE R2 MAE MSE
Train Test Train Test Test Test
Bilayered NN 26-10-10-1 0.1609 0.1168 0.748 0.896 0.1047 0.0824

Model Architecture
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Optimizable
NN 26-219-1 0.1308 0.1377 0.834 0.856 0.0939 0.0886
Trilayered NN 26-10-10-10-1  0.1518 0.1400 0.776 0.851 0.0963 0.1009
Wide NN 26-100-1 0.1539 0.1447 0.770 0.841 0.1033 0.0839
Narrow NN 26-10-1 0.1433 0.1748 0.800 0.767 0.1006 0.1310
Medium NN 26-25-1 0.1814 0.2039 0.680 0.684 0.1196 0.1304

Predictions: model 2.4 (Bilayered Neural Network)
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Figure 11. Performance evaluation of Bilayered Neural Network on training dataset.
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Figure 12. Performance evaluation of Bilayered Narrow Neural Network on test dataset.

3.1.5. Experimental Result Analysis for Nickel

The artificial neural network models for nickel placed in Table 10 according to the lowest RMSE.

According to the given criterion, Trilayered Neural network model is chosen as the best (neural
network with three hidden layers with 10 nodes each). For that model, the predicted response vs. the
experimental data, for each observation from the training dataset, is shown in Figure 13. For the same
model, the predicted response vs. the experimental unseen data is shown in Figure 14. In Figure 14,
the relation between residuals and true data is shown too.

The Trilayered Narrow Neural Network has relatively low RSME and very good the coefficient
of determination R? (close to 0.9). For most of the dataset, residuals are lower than 0.2 with one
relatively high exception (0.6).

Table 10. Results after training for nickel with six different architectures of ANNSs.

RMSE R2 MAE MSE
Train Test Train Test Test Test
Trilayered NN 26-10-10-10-1 0.2998 0.1590 0.660 0.899 0.0933 0.0253

Model Architecture
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Bilayered NN 26-10-10-1 0.3476 0.2386 0.544 0.771 0.1416 0.0569

Optimizable

NN 26—1 0.2800 0.2450 0.704 0.759 0.1451 0.0600
Wide NN 26-100-1 0.3841 0.2715 0.443 0.704 0.1524 0.0737
Narrow NN 26-10-1 0.3537 0.3381 0.527 0.541 0.1986 0.1143
Medium NN 26-25-1 0.4303 0.3608 0.301 0.477 0.2241 0.1302

Predictions: model 2.5 (Trilayered Neural Network)
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Figure 13. Performance evaluation of Trilayered Neural Network on training dataset.
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Figure 14. Performance evaluation of Trilayered Narrow Neural Network on test dataset.

3.1.6. Experimental Result Analysis for Molybdenum

The artificial neural network models for molybdenum are placed in Table 11 according to the
lowest RMSE as well.

According to the given criterion, Optimizable Neural network model is chosen as the best
(neural network with two hidden layers, first with 295 nodes and second with 5 nodes). For tha0t
model, the predicted response vs. the experimental data, for each observation from the training
dataset, is shown in Figure 15. For the same model, the predicted response vs. the experimental
unseen data is shown in Figure 16. In Figure 16, the relation between residuals and true data is shown
too.

The Optimizable Narrow Neural Network has very low RSME and weakly the coefficient of
determination R2. For most of the test dataset, residuals are lower than 0.1.

Table 11. Results after training for molybdenum with six different architectures of ANNs.

RMSE R2 MAE MSE
Train Test Train Test Test Test

Model Architecture
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g‘l’\lumlzable 2629551 0611 00570 05160 0613 00442 0.0033
Trilayered NN 26-10-10-10-1 0.0871 0.0634 0.0147 0.521 0.0417 0.0040
Bilayered NN 26-10-10-1 0.2185 0.0682 -5.1983 0.445 0.0461 0.0047
Narrow NN 26-10-1 0.0798 0.0701 0.1732 0.415 0.0591 0.0049
Wide NN 26-100-1 0.1012 0.0832 -0.3292 0.176 0.0558 0.0069
Medium NN 26-25-1 0.1009 0.1070 -0.3205 -0.364 0.0787 0.0115
Predictions: model 3 (Optimizable Neural Network)
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Figure 15. Performance evaluation of Optimized Neural Network on training dataset.
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Figure 16. Performance evaluation of Optimized Narrow Neural Network on test dataset.

3.1.7. Experimental Result Analysis for Copper

The artificial neural network models for copper are placed in Table 12 according to the lowest
RMSE as well.

According to the given criterion (lowest RMSE), Optimizable Neural network is placed in first
row (one hidden layer with 260 nodes). For that model, the predicted response vs. the experimental
data, for each observation from the training dataset, is shown in Figure 17. For the same model, the
predicted response vs. the experimental unseen data is shown in Figure 18. In Figure 18, the relation
between residuals and true data are shown too.

The Optimizable Neural Network has very low RSME, while the coefficient of determination R2
negative which shows that regression performed poorly. Nevertheless, residuals in Figure 18 show
very small figures (lower than 0.1). It means that predicted values are similar to the experimental
data.

Table 12. Results after training for copper with six different architectures of ANNS.

Model Architecture RMSE R2 MAE MSE
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Train Test Train Test Test Test
g‘l’\lumlzable 26-260-1 00442 00020 01505 00331 00297  0.0013
Narrow NN 26-10-1 00613 00038  -0.6341 00452 00433  0.0036
Medium NN 26-25-1 00659 00043  -0.8875 00462 00443  0.0042
Trilayered NN 26-10-10-10-1  0.0536  0.0029  -0.2493 00394  0.0516  0.0049
Wide NN 26-100-1 00741 00055 -1.3885 00500  0.0562  0.0052

Bilayered NN 26-10-10-1 0.0738 0.0055 -1.3784 0.0457 0.0639 0.0098

Predictions: model 3 (Optimizable Neural Network)
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Figure 17. Performance evaluation of Narrow Neural Network on training dataset.
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Figure 18. Performance evaluation of Optimized Narrow Neural Network on test dataset.

3.1.8. Comparison of Predicted and Experimental Data

Predicted and experimental data for five different steels are given in Table 13. Steel C60E is
chosen from EN 10083-2:2006 standard (Steels for quenching and tempering) as non-alloy steel. Alloy
steels 41Cr4 and 46Cr2 are steel grades chosen from standard EN 10083-3:2006 (Steels for quenching
and tempering). Steel 17CrNi6-6 is the steel grade chosen from standard EN 10084:2008 (Case
hardening steels). Steel 65Mn4 is chosen as a steel grade which is not part of any standard. That steel
shows relatively high values of hardness close to the quenched-end of Jominy specimen. The
hardness declines after distance of only 7 mm from quenched-end of Jominy specimen, which can be
characterized as low hardenability.

For each of those steels, according to the steel grades, minimum and maximum values for
defined chemical elements are given too. Predicted values for chemical elements, for all steels, are
within the limits defined by the steel grades.

Table 13. Predicted vs. experimental data for content of chemical elements.

Steel C60E 41Cr4 46Cr2 17CrNi6-6 65Mn4
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Pred. vs.exp.values 063 061 043 043 044 043 017 015 0.66 0.67

€ Steel grade limits 057-0.65 038 045 042-050 0.14-02  0.6-07
Pred. vs.exp.values (079 0.69 0.63 072 064 075 053 053 113 1.01
Mn Steel grade limits 0.6-0.9 06-09 050-080 05-0.9 09-1.2
_ Pred.vs.exp.values 026 024 027 027 020 026 027 022 025 0.32
1 sieel grade limits 0-0.4 0-0.4 0-0.40 0-04  025-0.50
Pred.vs.exp.values (019 031 099 1.09 042 047 14 142 0.02 0.09
CT Steel grade limits 0-04  09-12  04-06  14-17 N/D
_ Pred.vs.exp.values 012 011 017 015 029 040 145-145 0.12 0.07
NU Sieel grade limits 0-04 N/D* N/D* 14-17 N/D*
Pred. vs.exp. values 0,02 0.03 0.16 006 001 0.04 055 004 0.03 0.02
Mo Steel grade limits 0-0.1 N/D* N/D* N/D* N/D*
Pred. vs.exp.values 019 019 0.18 016 019 017 015 017 0.19 0.15
Cu Steel grade limits N/D* N/D* N/D* N/D* N/D*

* N/D not defined limits within the steel grade.

4. Discussion

The given results for investigated alloying elements can be divided into three groups. The first
group includes carbon, manganese and chromium. These elements are mandatory for almost all steel
grades within the standards EN 10083-2, EN 10083-3, EN 10084 [33-35]. Results for these elements
show excellent parameters: root mean square error (RMSE) and coefficient of determination (R2).
Residual tests show very small differences between predicted and experimental values.

The second group includes nickel and molybdenum. Root mean square error for molybdenum
is very little and residual test for that element show values lower than 0.1%. Root mean square error
for nickel is also little, while coefficient of determination is 90%. Both of elements are mandatory for
some steels grades within the researched standards. To improve the model more nickel and
molybdenum steels (steels within which nickel and molybdenum are important alloying elements)
should be included.

The third group includes silicon and copper. For all steel grades silicon is defined with
maximum of 0.4%, while copper is not mandatory for any steel grade within the investigated
standard [33-35]. RMSE for both elements show very good results. On the other side, the coefficient
of determination is even below zero for silicon and close to 0 for copper. Silicon is not a carbide former
and has small influence on hardenability. In low concentrations silicon is primarily used as a potent
deoxidizer [29]. Only significant increase in mass content up to 0.75% enhances the hardenability [39].
Investigated steels have less than 0.35% of copper. Such a little amount of copper has little or no effect
on hardenability.

5. Conclusions

The paper presents models of neural networks for designing chemical composition of steels for
heat treatment. Neural networks models were developed based on 470 data that included the
consecutive hardness values at 13 distances from the quenched-end of Jominy specimen and wt.%
content of alloying elements C, Si, Mn, Cr, Ni, Mo and Cu. Complex regression analysis included
presence of 50% of martensite in the microstructure.

Knowing the required hardenability of the machine part or tool is key prior to selection of
material. To meet required hardenability, the optimal design of the chemical composition of the steel
is necessary. Customers are often forced to choose a steel of a specific steel grade that can provide
such hardenability. Often, that steel grade can have an excessive hardenability than required, which
unnecessarily leads to a greater use of alloying elements. It is therefore important that the chemical
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composition should be designed according to the customer’s requirements, to obtain the required
hardenability and relatively low production costs.

Developed artificial neural network models can be successfully used to predict the chemical
composition of steels for heat treatment according to known curvature of Jominy curve. Predicted
values for all seven chemical elements are close to experimental values and within the limits defined
by the steel grades. To design any artificial neural network a relatively large number of experimental
data is required. With additional experimental data, for nickel and molybdenum steels especially,
used for learning and testing neural networks, proposed models can be further improved.
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