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and continuous cooling. The use of continuous cooling, as 
opposed to prolonged isothermal treatments or conventional 
quenching and tempering, can significantly reduce energy 
consumption and, consequently, manufacturing costs [3].

The final properties of forged components are determined 
by both chemical composition and processing conditions. In 
particular, forming and cooling parameters are highly sensi-
tive and exert a direct influence on production robustness. 
Differences in thermal history between the surface and the 
core of the part can result in distinct microstructures, lead-
ing to gradients in mechanical properties [4]. The ability to 
correlate real-time production data with final product qual-
ity—enabling early deviation detection and providing agile, 
precise decision-making support—makes Artificial Intelli-
gence (AI) tools highly promising for the dynamic adjust-
ment of the bainitic steel forging process.

The application of AI tools has shown great potential to 
transform the industry, driving significant advances in effi-
ciency, quality, and innovation. In the context of mechani-
cal forming, AI-based models have already been developed 
to optimize processing routes [5, 6], predict failures and 
defects [7–11], and estimate material behavior under com-
plex loading conditions, capturing nonlinear relationships 

1  Introduction

Significant efforts have been made to enhance the mechani-
cal properties of forged steels intended for critical safety 
components. Among these developments are bainitic steels 
[1]. Bainitic steels combine the ideal properties of quenched 
and tempered (Q&T) steels with a shorter production route. 
Their versatility and cost-effective manufacturing have 
made them the preferred choice for structural components 
in automotive engineering. The mechanical strength and 
toughness values of bainitic steels fall within the range 
achieved by Q&T steels such as DIN 42CrMo4. Fatigue 
resistance analyses also indicate superior dynamic proper-
ties compared to Q&T steels [2].

The thermomechanical processing route for bainitic steels 
involves heating to temperatures around 1200 °C, forging, 
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between stress and strain [12–16]. AI has also been applied 
in real-time control of forming processes, especially in qual-
ity-monitored systems, where neural networks are trained 
to automatically adjust process parameters based on sensor 
data [17–19].

This study investigates the application of machine learn-
ing techniques for quality control of bainitic forged prod-
ucts, through the prediction of part hardness based on 
experimental process data. The analyzed process involves 
a low-carbon microalloyed steel with the chemical com-
position 0.18 C–1.38Mn–0.36Si–0.47Cr–0.03Mo–0.05Al–
0.04Nb–0.01Ti, which is heated to high temperatures, 
forged, and continuously air-cooled. Forging is performed 
on wedge-shaped specimens, allowing the generation of dif-
ferent combinations of thermomechanical parameters along 
the part. Data obtained through sensing and numerical simu-
lation result in a dataset with 2,955 records, used for training 
and calibrating Artificial Neural Networks (ANN), Support 
Vector Machines (SVM), and Random Forests (RF) models.

Defining a model capable of understanding the complex 
correlations between final hardness data and thermome-
chanical parameters constitutes an effective tool for process 
control in forging, enabling the identification of produc-
tion inconsistencies and the implementation of real-time 
corrections.

2  Materials and methods

This study investigates the use of machine learning tech-
niques to predict the hardness of forged products based on 
experimental data. Figure 1 schematically illustrates the 
methodology employed. The work is developed in three 
main phases, consisting of: (i) dataset creation; (ii) predic-
tion and analysis; and (iii) inference testing. Each of these 
steps is detailed below.

2.1  Dataset creation

The hardness of a hot-forged bainitic component is deter-
mined by the conditions of the thermomechanical processing 

[20]. The development of artificial intelligence (AI)-based 
tools to predict the hardness of such components requires 
the construction of a robust dataset [21, 22], capable of 
capturing the interrelationships between various thermo-
mechanical process parameters and the final hardness. To 
achieve this, it is necessary to generate a large number of 
combinations between process parameters and their corre-
sponding hardness values.

An efficient strategy to obtain different combinations of 
thermomechanical parameters and their respective hardness 
values involves forging wedge-shaped samples between 
parallel flat dies [23]. As a result, the samples undergo vary-
ing degrees of deformation along their length. The combi-
nation of experimental procedures with numerical analyses 
yields a wide range of results without the need for a large 
number of tests. This is a cost-effective and agile method for 
evaluating the effects of strain and strain rate on the micro-
structural changes that occur during hot deformation.

This approach was employed to generate the dataset used 
for training and calibrating the artificial intelligence models. 
The wedge forging process is schematically represented in 
Fig. 2. The material investigated—a microalloyed steel with 
the chemical composition 0.18 C–1.38Mn–0.36Si–0.47Cr–
0.03Mo–0.05Al–0.04Nb–0.01Ti—was forged at three dif-
ferent temperatures, after being heated in a resistive furnace 
to 1000 °C, 1100 °C, and 1200 °C. Conducting the tests at 
different temperatures aimed to increase the diversity of the 
dataset by incorporating multiple combinations of cooling 
conditions.

The selected range encompasses the typical operational 
window for heating during hot forging of microalloyed 
steels, enabling adequate capture of temperature effects on 
critical metallurgical phenomena—precipitate dissolution, 
dynamic recrystallization, and austenite grain refinement (or 
growth). This range defines the applicability domain of the 
developed models. Data points outside this domain require 
new experiments and recalibration to ensure reliable pre-
dictions. In industrial practice, operating outside this win-
dow is uncommon. Forging below 1000 °C tends to result 
in incomplete austenitization and demands higher loads, 
whereas temperatures above 1200 °C promote excessive 

Fig. 1  Methodology employed
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austenitic grain growth. Such conditions do not favor the 
formation of refined microstructures or optimized mechani-
cal properties.

Detailed technical information on the wedge forging pro-
cess, including relevant thermomechanical and operational 
parameters, is presented in Table 1. Further details on the 
wedge tests are available in [20].

During the tests, force and displacement data were 
acquired. The press displacement was monitored using a 
Linear Variable Differential Transformer (LVDT), and the 
force was measured by a load cell mounted on the lower 
table of the press. The temperature of the samples was also 
monitored using a type K thermocouple inserted into the 
core of each specimen. The signals were acquired using 
an HBM Spider 8 device and processed with the Catman 
Express software.

The force, displacement, and temperature data were used 
as input variables in the inverse analysis of the experimen-
tal procedure, performed using the QForm UK software. 

Applying the finite element method, three-dimensional 
(3D) simulations of the forging tests were carried out. The 
experimental and numerical data were complemented by 
the corresponding hardness values obtained for each wedge. 
The forged samples were sectioned, and the microhard-
ness profile was determined along the longitudinal section 
of each wedge. Each processing condition was executed in 
triplicate, and each microhardness profile was measured 
three times. Hardness measurements showed standard devi-
ations ≤ 9 HV and a coefficient of variation < 3%, with no 
statistically significant differences among replicates. The 
instrumentation met industrial precision criteria, with load 
cell and LVDT errors ≤ 0.5% FS, a Type K thermocouple 
(IEC 60584, Class 1) with ± 1.5 °C or 0.4%·T (≈ ± 2 °C in 
the range of interest), and an acquisition rate sufficient to 
avoid aliasing. Uncertainty propagation indicates typical 
prediction intervals ≤ ± 10 HV (95%) within the process 
domain, consistent with quality control in hot forging.

The dataset consisted of information on hardness, 
equivalent strain ( ϕ ), strain rate ( ϕ̇ ), initial temperature 
( ϑ i)—corresponding to the heating temperature of the 
wedges—and final temperature ( ϑ f ), referring to the tem-
perature at the end of forging, immediately after the press 
opened. In total, 2,955 records were generated. The rela-
tionship between the thermomechanical parameters and the 
hardness values is presented in Fig. 3. It is observed that 
hardness varies nonlinearly with all analyzed parameters, 
highlighting the complexity of the interactions involved in 
the hot forging process.

Table 2 presents the descriptive statistics of the dataset. It 
is important to note that the artificial intelligence (AI) mod-
els developed will be capable of predicting the properties 

Table 1  Detailed technical information on the wedge forging process
Material 0,18 C–1,38Mn–0,36Si–0,47Cr–

0,03Mo–0,05Al–0,04Nb–0,01Ti
Material Temperature 1000 °C

1100 °C
1200 °C

Heating Method Resistive furnace
Heating Time 30 min
Tool Temperature 150 °C
Lubrication Graphite-based solution
Forging Equipment Hydraulic press ( v = 5mm/s)
Height Reduction 82%
Post-Forging Cooling Continuous air cooling

Fig. 2  Forging of wedge-shaped 
samples
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variations and does not explicitly include cooling rate, 
microstructural descriptors, or physics-informed param-
eters, which limits transferability to new conditions. These 
limitations delineate the model’s applicability domain and, 
for broader use, motivate the incorporation of such descrip-
tors and calibration with additional data.

2.2  Prediction and analysis

The prediction and analysis stage was carried out through 
the development of Artificial Neural Network (ANN) mod-
els using the TensorFlow and Keras libraries, which provide 
a flexible and efficient platform for building, training, and 
validating deep learning models.

Prior to training the AI models, the dataset underwent 
a preprocessing step to ensure consistency and efficiency 
in the modeling process. Initially, all continuous attributes 
were normalized. Normalization is a fundamental step 
in data preprocessing, especially in problems involving 
machine learning algorithms. It consists of adjusting the 
variable values so that they fall within the same scale, pre-
venting attributes with larger magnitudes from dominating 
the training process [24, 25].

In this study, Min-Max normalization was used, which 
transforms each input variable value into the [0, 1] range, 
according to the following formula:

Xnorm = X − Xmin

Xmax − Xmin

of forged components produced under thermomechanical 
routes whose parameters fall within the ranges represented 
in the dataset. Manufacturing processes involving different 
conditions will require the generation of new data to expand 
the model’s coverage and, consequently, improve its accu-
racy and generalization capability.

The same reasoning applies to steel composition. Chemi-
cal variations modify the kinetics of metallurgical phe-
nomena occurring during hot forging, thereby affecting 
the properties obtained after processing. In scenarios with 
batch-to-batch compositional fluctuations, this variable 
should be incorporated into model calibration/inputs. In the 
present approach, an effectively constant composition was 
assumed; therefore, explicit inclusion of these inputs is left 
as a future extension to enhance robustness across heats.

The database construction approach was designed to be 
efficient and cost-effective. However, the limited number of 
tests imposes constraints: it does not capture batch-to-batch 

Table 2  Descriptive statistics of the dataset
Variable Mean Standard 

Deviation
Minimum Vari-

able
Strain, ϕ  [-] 1,549 0,657 0,180 2,135

Strain rate, ϕ̇
[
s−1

] 1,395 0,178 0,636 1,623

Initial temperature, 
ϑ i [◦ C]

1100 °C 81,718 1000 1200

Final temperature, 
ϑ f [◦ C]

443,7 
°C

26,695 43,9 535,8

Hardness, H [HV] 319,99 40,223 249,7 455,5

Fig. 3  Relationship between 
thermomechanical parameters 
and hardness values
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and tested: Support Vector Machines (SVM) and Random 
Forest (RF).

Support Vector Machines (SVM) are models based on 
margin maximization theory, originally designed for clas-
sification problems but adaptable to regression through the 
technique known as Support Vector Regression (SVR). SVM 
seeks to find a function that approximates the data within an 
acceptable tolerance margin while minimizing model com-
plexity [27, 28]. In this work, the RBF (Radial Basis Func-
tion) kernel was used, a function widely employed for its 
ability to model nonlinear relationships, flexibly adapting to 
the characteristics of the dataset [29]. The SVM model was 
developed with prior data normalization and hyperparam-
eter tuning through cross-validation, aiming to optimize the 
balance between bias and variance [30, 31].

Random Forest (RF), in turn, is a model based on the 
principle of ensemble learning, which consists of combin-
ing multiple decision trees to produce a more robust result 
that is less susceptible to overfitting [32–34]. In this study, 
the RF was implemented with 100 decision trees, config-
ured with depth and minimum sample parameters adjusted 
through cross-validation, aiming to optimize the model’s 
generalization.

2.3  Inference tests

To broaden the evaluation of the predictive and generaliza-
tion capability of the developed model, inference tests were 
conducted using data not included in the original training 
and validation set of the Artificial Neural Network. This 
approach aims to simulate real-world application condi-
tions, in which the model is exposed to new scenarios dif-
ferent from those previously known.

In the inference tests, the model was applied to predict 
the hardness of the investigated material after the hot forg-
ing of a connecting rod. The experimental process, schemat-
ically represented in Fig. 4, consisted of heating the material 
to 1200 °C, followed by its transfer to a hydraulic press, 
where the forging operation was performed. After the part 
was extracted, cooling was carried out continuously in air 
until room temperature.

Detailed technical information on the connecting rod 
forging process, including relevant thermomechanical and 
operational parameters, is presented in Table 3.

After forging, the connecting rods were sectioned, and 
the microhardness profile was determined along the longi-
tudinal section, as illustrated in Fig. 5.

This methodology enabled a direct comparison between 
the predictions generated by the AI model and the actual 
hardness values obtained experimentally, constituting an 
essential step to validate the effectiveness and practical 

 Where X  is the original value and Xnorm is the normal-
ized value. Xmin and Xmax correspond, respectively, to 
the minimum and maximum values observed for the vari-
able. This procedure was implemented using the MinMax-
Scaler from the scikit-learn library, which automates the 
calculation and application of this transformation to all 
selected attributes.

The normalized dataset was randomly divided, with 70% 
allocated for training and 30% for model validation. The 
random split, repeated across different runs, aims to increase 
the statistical robustness of the results, reducing the risk that 
specific patterns or anomalous distributions in a single par-
tition negatively affect the performance and generalization 
capability of the ANN.

To optimize the network weights, the Adam (Adaptive 
Moment Estimation) algorithm was chosen, widely recog-
nized for its efficiency and stability, especially in problems 
involving complex datasets and potentially non-convex loss 
functions. Adam combines the advantages of stochastic gra-
dient methods with individual adaptation of learning rates 
for each parameter, which favors faster and more reliable 
convergence [26].

The loss function chosen was the Mean Squared Error 
(MSE), due to its suitability for continuous regression prob-
lems, such as hardness prediction, and its property of more 
heavily penalizing larger errors, encouraging more precise 
model adjustments.

To avoid overfitting—a risk inherent in deep learning 
models, especially when the number of network param-
eters is high—an early stopping mechanism was imple-
mented. This procedure monitors the model’s performance 
on the validation set and automatically stops training if no 
improvement is observed after a predefined number of con-
secutive epochs, preventing the model from excessively fit-
ting the noise in the training data. The maximum number of 
epochs was set at 300, as a prudent limit that balances the 
need for adequate convergence of the ANN without incur-
ring excessive computational cost or overfitting risk.

The predictive performance of the network was evalu-
ated using three complementary metrics: the Mean Absolute 
Error (MAE), which provides a direct measure of the aver-
age absolute errors made by the model; the Mean Squared 
Error (MSE), which quantifies the average of squared 
errors, giving greater weight to more significant deviations; 
and the Coefficient of Determination (R2), which expresses 
the proportion of the total variance in the data explained by 
the model, serving as a global indicator of fit quality and 
predictive capability.

To assess the robustness and predictive capability of the 
developed Artificial Neural Network (ANN), two other mod-
els widely used in regression tasks were also implemented 
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3  Results and discussion

3.1  Database analysis

Figure 5 presents the heat map of coefficients of determi-
nation (R2), highlighting the sensitivity of hardness to the 
thermomechanical parameters of hot forging. The results 
indicate that the final forging temperature ( ϑ f ) has the 
highest univariate explanatory power for hardness (R² ≈ 
0.49), followed by the initial temperature ( ϑ i) (≈ 0.24) 
and the equivalent strain (≈ 0.22); the strain rate shows 
the lowest average association (≈ 0.12). The univariate 
screening confirms this pattern. When the four inputs are 

applicability of the developed model outside the specific 
training domain.

Table 3  Detailed technical information on the connecting rod forging 
process
Material 0,18 C–1,38Mn–0,36Si–0,47Cr–

0,03Mo–0,05Al–0,04Nb–0,01Ti
Material temperature 1200 °C
Heating Method Resistive furnace
Heating Time 30 min
Tool Temperature 150 °C
Lubrication Graphite-based solution
Forging Equipment Hydraulic press ( v = 5mm/s)
Post-Forging Cooling Contínuous air cooling

Fig. 5  Heat map of coefficients of 
determination (R2), highlighting 
the sensitivity of hardness to the 
thermomechanical parameters of 
the hot forging process

 

Fig. 4  Forging of the connect-
ing rod
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3.2  Performance of the artificial neural network

To maximize predictive capability, the ANN architecture 
was defined via hyperparameter optimization, system-
atically evaluating combinations of the number of hidden 
layers, the number of neurons per layer, and the activation 
function. Controlled searches (grid and random) were con-
ducted with cross-validation, a dedicated validation set, and 
early stopping to mitigate overfitting, using MAE, MSE, 
and R2 as selection criteria. The final topology (depth and 
width), as well as the activation function, were chosen based 
on the best validated average performance among the tested 
configurations. The resulting optimized architecture com-
prises three hidden layers with 64, 128, and 256 neurons, 
respectively (Fig. 7). ReLU (Rectified Linear Unit) was 
used in all hidden layers due to its computational simplic-
ity and its ability to alleviate vanishing-gradient issues, pro-
moting efficient and stable training.

The choice of this number of neurons and the multi-
layer structure reflects a balance between model complex-
ity—necessary to capture the nonlinear interrelationships 
between thermomechanical parameters and hardness—and 
the need to avoid overfitting, especially considering the size 
of the available dataset.

This architecture proved to be suitable for the proposed 
problem, allowing the model to efficiently learn the underly-
ing patterns in the data and to perform well in both valida-
tion and inference stages.

The input layer of the Artificial Neural Network consists 
of the four main thermomechanical parameters: equivalent 
strain, strain rate, initial temperature, and final forging tem-
perature. The selection of thermomechanical input param-
eters was guided by the intended application of the models. 
By limiting the feature vector to four variables, we aim to 
facilitate integration with consistently available data from 

considered simultaneously in a linear regression, the global 
fit explains about 70% of the variance in hardness, and the 
standardized coefficients indicate positive predominance 
of ϑ f  (β ≈ +0.55) and strain (β ≈ +0.47), with a negative 
effect of strain rate (β ≈ −0.22) and residual influence of 
ϑ i (β ≈ +0.04).

Stratification by initial temperature (Fig. 6) reveals con-
text dependence. At ϑ i = 1000◦ C, the model explains 
93.8% of the variance and hardness increases primar-
ily with strain (βz ≈ + 0.93), while strain rate and ϑ f  
act to reduce it (βz ≈ − 0.76 and − 0.32, respectively). At 
ϑ i = 1100◦ C, in contrast, ϑ f becomes the principal pos-
itive determinant (βz ≈ + 1.16) and strain rate also appears 
positive (βz ≈ + 0.43), suggesting that, within the sampled 
intermediate thermal window, the process combinations 
favored a regime in which higher ϑ f  did not degrade hard-
ness on average; strain exhibited a near-zero mean effect 
(βz ≈ + 0.02). At ϑ i = 1200◦ C, strain again plays a rele-
vant positive role (βz ≈ + 0.64), ϑ f retains a moderate posi-
tive impact (βz ≈ + 0.34), and strain rate returns to a negative 
effect (βz ≈ − 0.38).

From a metallurgical standpoint, the findings are consis-
tent with hot working of microalloyed bainitic steels. Hard-
ness is strongly influenced by refinement of the bainitic 
microstructure, which depends on the prior austenite grain 
size and deformation-induced recrystallization. Because 
recrystallization is a thermally activated process, ϑ i condi-
tions the austenitization state and the prior grain size, while 
increasing strain promotes refinement. Strain rate tends to 
reduce hardness by shortening the time available for recrys-
tallization. Despite these principles, the data show that the 
magnitude and even the sign of each parameter’s effect vary 
with the processing condition, reinforcing the need for con-
ditional (multivariate) analyses to guide operational adjust-
ments based on evidence.

Fig. 6  Standardized coefficients 
(β) from the multivariate linear 
regression of hardness as a func-
tion of strain, final temperature, 
and strain rate, stratified by initial 
temperature
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compromising computational efficiency. This approach 
aims to maximize the model’s effectiveness, ensuring robust 
and accurate learning while avoiding unnecessary complex-
ity that could lead to overfitting or the practical infeasibility 
of its application.

The model’s convergence analysis indicated a consis-
tent reduction in Mean Absolute Error (MAE) and Mean 
Squared Error (MSE) values throughout the training process, 
as illustrated in Fig. 6. Initially, a progressive reduction in 
MAE and MSE values was observed as the model adjusted 
its parameters to fit the patterns present in the training data. 
This behavior highlights the network’s learning process, 
which seeks to minimize discrepancies between predictions 
and actual values. As the iterations progressed, the errors 
converged to relatively low values, indicating that the ANN 
was learning effectively and approaching an optimal solu-
tion. Subsequently, the graphs in Fig. 8 show a stabilization 
in the error metrics, with minimal variation over the final 
epochs. This pattern suggests that the model reached a satu-
ration point, where further adjustments no longer resulted 
in significant performance improvements, characterizing 
the convergence of the training process and confirming the 
adequacy of the adopted architecture and hyperparameters.

The results obtained for the developed model demon-
strate highly satisfactory predictive performance. After 300 
iterations, the Mean Absolute Error was 1.3518 HV and the 
Mean Squared Error was 8.8448 HV2. The MAE value of 

numerical simulations and/or in-process measurements. 
Including more complex information—such as full cool-
ing-rate profiles and metallurgical variables—besides not 
being uniformly available, could reduce model robustness 
and introduce information leakage between simulation and 
measurement stages.

The output layer consists of a single neuron, whose func-
tion is to predict the corresponding hardness value for each 
specific combination of input parameters. This configura-
tion characterizes a typical regression model, suitable for 
predicting continuous variables.

The complexity of the network topology plays a fun-
damental role in its performance. The complexity study 
showed that shallower architectures exhibited higher bias 
(systematically higher errors), whereas deeper architectures 
increased cross-fold variance without robust gains in accu-
racy. Experiments with L2 regularization and dropout did not 
provide consistent additional benefits; therefore, we adopted 
the more parsimonious configuration with early stopping as 
the primary mechanism for overfitting mitigation. However, 
this significant increase in capacity also implies the need for 
greater computational resources, including processing time, 
hardware power, and often larger volumes of input data to 
ensure effective training [34].

In developing the model, an appropriate balance was 
sought between the depth and width of the network, in order 
to optimize predictive performance without excessively 

Fig. 7  Architecture of the proposed artificial neural network
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in the training set or with inherent variabilities in the forg-
ing process. However, these deviations are few and of small 
magnitude, as already evidenced by the low MAE and MSE 
values.

Figure 10 shows the analysis of the error distribution of 
the Artificial Neural Network (ANN) and reveals an approx-
imately symmetric behavior centered around zero, which is 
characteristic of a well-fitted model. The high concentration 
of errors near zero indicates that, in most predictions, the 
discrepancies between predicted and actual values were very 
small, confirming the model’s accuracy and consistency.

The presence of a smoothed curve resembling a normal 
distribution further reinforces the model’s suitability for the 
problem, suggesting that there are no systematic tenden-
cies toward overestimation or underestimation in the pre-
dictions. Moreover, the occurrence of a few outliers, with 
more significant errors located at the extremes, is natural 
in industrial processes—especially when considering the 
intrinsic variability associated with hot forging and possible 
regions of lower density in the data space.

1.3518 HV indicates that, on average, the predictions of 
the Artificial Neural Network differ by less than 2 Vickers 
hardness units from the actual values. This level of error is 
extremely low, especially considering the typical variability 
of hot forging processes and the complexity of the nonlinear 
relationships between thermomechanical parameters and 
hardness. Complementarily, the MSE value of 8.8448 HV2 
confirms the model’s accuracy, showing that significant 
deviations were rare and of low magnitude. The reduced 
MSE reinforces the model’s ability to faithfully capture the 
underlying patterns in the data, minimizing both systematic 
errors and random fluctuations.

These indicators attest to the effectiveness of the defined 
ANN architecture, as well as the adequacy of the dataset and 
the preprocessing and training procedures adopted. More-
over, the low error values suggest that the model has a high 
generalization capability.

The value obtained for the Coefficient of Determination 
(R2) was 0.994, indicating that the developed model 
is capable of explaining approximately 99.4% of the 
variance present in the hardness data, which demonstrates 
excellent predictive capability. This result confirms that 
the Artificial Neural Network was highly effective in 
modeling the complex nonlinear relationships between 
thermomechanical parameters and the resulting hardness 
of the forged material.

The graphical analysis of the relationship between pre-
dicted and actual hardness values (Fig. 9) reinforces this 
conclusion. It is observed that most points are strongly con-
centrated along the reference line (red dashed line), which 
represents the ideal match between prediction and reality. 
The distribution close to this line, with small dispersions, 
indicates that the model exhibits low systematic error and 
good generalization, even in the face of natural process 
variations.

The presence of a few slightly scattered points suggests 
occasional occurrences of higher error, possibly associated 
with regions of the parameter space with lower data density 

Fig. 9  Hardness prediction as a function of the corresponding actual 
value

 

Fig. 8  Model convergence analy-
sis through the evolution of mean 
squared error (MSE) and mean 
absolute error (MAE) as a func-
tion of the number of iterations
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3.3  Performance comparison with other machine 
learning models

The evaluation of alternative models revealed satisfac-
tory performance, although inferior to that of the Artificial 
Neural Network, as shown in Fig. 11. The Support Vector 
Machine (SVM) presented a Mean Absolute Error (MAE) 
of 2.891 HV and a Mean Squared Error (MSE) of 27.287 
HV2, with a Coefficient of Determination (R2) of 0.984. 
These results indicate good predictive capability, but with 
relatively greater error dispersion, especially considering 
the MSE value, which reflects higher sensitivity to more 
significant deviations.

The Random Forest (RF) model, in turn, achieved an 
MAE of 1.654 HV and an MSE of 34.929 HV2, with an 
R2 of 0.980. Although the mean absolute error was close to 
that of the Neural Network, the high MSE suggests a greater 
occurrence of extreme errors, which negatively impact the 
model’s overall accuracy. Furthermore, the R2, although 
high, was the lowest among the three models, indicating a 
reduced ability to explain the variability present in the data.

Although both SVM and RF proved to be suitable models 
for predicting hardness based on thermomechanical param-
eters, the ANN stood out as the most efficient and robust 
option, combining low error margins with high predictive 

The errors were classified into value ranges to quantify 
their frequency across different intervals, allowing for a 
more granular analysis of the model’s behavior. The ranges 
were defined as: < −10, −10 to −5, −5 to −2, −2 to 0, 0 to 2, 
2 to 5, 5 to 10, and > 10. Table 4 presents the distribution of 
prediction errors by interval.

The low dispersion of errors and reduced asymmetry 
highlight the robustness of the training process and the 
ability of the defined architecture to generalize well across 
different combinations of thermomechanical parameters. 
These results complement the evidence provided by the 
evaluation metrics and the coefficient of determination 
(R2), confirming the efficiency and reliability of the 
developed model.

Table 4  Number of values found by error magnitude range
Error magnitude [HV] Number of values found
<−10 3
−10 a −5 0
−5 a −2 3
−2 a 0 70
0 a 2 84
2 a 5 16
5 a 10 2
> 10 0

Fig. 11  Performance compari-
son of the investigated models 
in terms of mean squared error 
(MSE) and mean absolute error 
(MAE)

 

Fig. 10  Error distribution analysis 
of the proposed ANN
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controlling more significant errors, possibly related to spe-
cific combinations of thermomechanical parameters with 
low representation in the dataset.

The absolute error heatmap per sample (Fig. 13) provides 
a detailed comparative view of the error distribution across 
all predictions made by the three models. It is observed that 
the ANN generally presents a more homogeneous distribu-
tion of errors, with the vast majority of samples associated 
with low absolute error values, indicated by darker shades 
(deep purple). Only a few isolated points show moderate 
errors, which reinforces the robustness and predictive stabil-
ity of the model across different regions of the input space.

The SVM model, in turn, shows a higher frequency of 
moderate errors across several samples, with a more irregu-
lar and dispersed distribution. The lighter shades indicate 
the presence of multiple cases with higher errors, which 
supports the previous observation that SVM exhibited 
greater sensitivity to deviations and difficulty in generaliz-
ing adequately, especially in more complex regions of the 
parameter space.

The Random Forest (RF) model shows intermediate 
behavior: although most samples are also associated with 
low errors, there is an occurrence of extreme errors, high-
lighted by the presence of an intense yellow band corre-
sponding to an error greater than 50 HV in a specific sample. 
This isolated occurrence, although singular, significantly 

fidelity, and is therefore the most recommended for applica-
tions requiring high levels of reliability and precision.

The analysis of the relationship between predicted and 
actual values for the Support Vector Machine (SVM) and 
Random Forest (RF) models (Fig. 12) shows that both meth-
ods exhibited good predictive performance, with a strong 
alignment of points along the identity line (red dashed line), 
which represents the ideal match between prediction and 
reality. However, it is observed that the SVM model shows 
greater dispersion of points, especially in the upper hardness 
range, from approximately 375 HV. In this region, there is a 
tendency to underestimate higher hardness values, with pre-
dictions deviating further from the ideal line. This behavior 
contributes to the higher mean and squared errors observed 
for the SVM, reflecting a lower generalization capability 
compared to the other models, particularly at the extremes 
of hardness.

On the other hand, the Random Forest (RF) model 
showed a more concentrated distribution of points along the 
reference line, with smaller systematic deviations. Although 
some isolated outliers exist, mainly in the intermediate 
and upper hardness ranges, the overall dispersion is lower 
than that observed in the SVM, which is reflected in supe-
rior performance in terms of Mean Absolute Error (MAE). 
Nevertheless, the greater sensitivity to squared errors, as 
evidenced by the MSE, indicates that RF had difficulty 

Fig. 13  Heatmap of absolute error 
per sample
 

Fig. 12  Hardness prediction as 
a function of the corresponding 
actual value for the SVM and RF 
models

 

1 3



The International Journal of Advanced Manufacturing Technology

ANN offers greater accuracy at a higher computational cost, 
SVM and RF provide faster solutions, albeit less precise.

This balance must be carefully considered according to 
the specific demands of the application: if the goal is maxi-
mum precision and robustness, the ANN stands out; if, on 
the other hand, rapid implementation with acceptable accu-
racy is required, SVM and RF may be viable alternatives.

3.4  Inference tests

To validate the generalization capability and robustness of 
the developed models, inference tests were conducted using 
data that were not part of the training or prior validation. 
The performance of the models was analyzed through direct 
comparison of the predictions with the actual hardness val-
ues of forged connecting rods, as well as by evaluating the 
distribution of deviations from the expected values.

Figure 14 presents the comparison between the first 10 
predicted values and the actual values. It is observed that, 
in general, all models—Artificial Neural Network (ANN), 
Support Vector Machine (SVM), and Random Forest (RF)—
were able to approximate the actual values with reasonable 
accuracy. However, it is noted that the ANN maintains 
greater regularity, with predictions systematically closer 
to the actual values compared to the other methods, while 
SVM and RF show more noticeable deviations in some 
samples, especially in cases with higher hardness values.

The analysis of deviation distribution was carried out 
using two complementary methods: the boxplot (Fig. 15) 
and the violin plot (Fig. 16). The boxplot shows that the 
ANN has a smaller dispersion of deviations compared to the 
other models, with most errors concentrated near zero and 
few low-magnitude outliers. In contrast, both SVM and RF 
exhibit wider distributions, with a greater number of outli-
ers and more pronounced deviations, especially in the case 
of SVM, where systematically higher errors are observed in 
some cases.

increases the model’s mean squared error (MSE), indicating 
a vulnerability to outliers or to cases that are underrepre-
sented in the training set.

Overall, the heatmap reinforces the superiority of the 
ANN in the hardness prediction task, showing lower vari-
ability in errors and greater consistency compared to the 
other models. Furthermore, it highlights that although both 
SVM and RF are capable of producing acceptable predic-
tions, each presents specific weaknesses: SVM with greater 
error dispersion, and RF with sensitivity to extreme outliers.

Computational complexity is a crucial factor in selecting 
the most appropriate model, especially when considering 
practical application in industrial or research environments. 
In the present study, the Artificial Neural Network (ANN) 
required a longer training time, totaling approximately 1 
min and 25 s. This longer duration is directly related to the 
complexity of the adopted architecture, with multiple layers 
and a significant number of neurons, as well as the need 
for intensive iterative adjustments to optimize weights and 
minimize the loss function.

However, this higher computational cost is offset by the 
model’s high accuracy, which showed the best predictive 
performance among the tested approaches, both in terms of 
low error margins and high explanatory power. Thus, the 
ANN is fully justified in contexts where precision is critical 
and training time is not a limiting factor.

On the other hand, the Support Vector Machine (SVM) 
and Random Forest (RF) models showed significantly 
shorter training times, approximately 10 s and 30 s, respec-
tively. This computational efficiency makes these techniques 
advantageous in situations where rapid model deployment 
is essential or when computational resources are limited.

Nevertheless, this speed comes with lower performance 
compared to the ANN, with higher mean and squared errors, 
as well as reduced generalization capability. Therefore, the 
choice between models involves a classic trade-off between 
computational time and predictive performance: while the 

Fig. 14  Comparison between predicted and actual values for the analyzed models
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parameters obtained from experimental data and numerical 
simulations.

The Artificial Neural Network (ANN), with an archi-
tecture composed of three hidden layers (64, 128, and 256 
neurons), showed the best predictive performance, achiev-
ing a Mean Absolute Error (MAE) of 1.3518 HV, a Mean 
Squared Error (MSE) of 8.8448 HV², and a Coefficient of 
Determination (R2) of 0.994.

The alternative models, Support Vector Machine (SVM) 
and Random Forest (RF), although advantageous in terms 
of shorter training times, showed inferior performance, 
with higher mean and squared errors and lower explanatory 
power of the data.

The inference tests, conducted with data from the forging 
of connecting rods, validated the robustness and practical 
applicability of the developed model, demonstrating that 
the ANN maintained superior performance even when 
exposed to scenarios different from those used for training.

The results obtained in this study represent a relevant 
contribution to the intelligent design and control of bainitic 
steel forging processes, demonstrating the potential of 
machine learning techniques as effective tools to support 
decision-making and dynamic adjustment of industrial pro-
cesses. The developed model can assist engineers in defin-
ing the ideal thermomechanical parameters during process 
design, providing a robust predictive basis for optimizing 
operational conditions. Furthermore, its direct application 
in real-time process control enables early identification of 
production inconsistencies and agile implementation of 
corrections, contributing to continuous improvement in 
quality and efficiency.

In this context, it is also worth highlighting the possibility 
of expanding the dataset by incorporating real production 
data, which will allow the models to become even more 
accurate and better adapted to specific operating conditions, 
promoting continuous evolution in the predictive capability 
and robustness of AI-based solutions in the metal forming 
sector.
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The violin plot complements this analysis by illustrating the 
density of the deviation distributions for each model. The ANN 
shows a narrower and more concentrated distribution, rein-
forcing its ability to produce predictions with lower variability 
and higher accuracy. On the other hand, SVM and RF exhibit 
wider distributions, indicating greater variability in errors and a 
higher tendency toward significant deviations, especially at the 
extremes, with isolated cases of large errors.

These results consistently demonstrate, in line with previ-
ous analyses, that the Artificial Neural Network offers the best 
predictive performance, combining low variability, reduced 
incidence of outliers, and smaller average deviations from the 
actual values. While the SVM is efficient, it proves to be more 
sensitive to errors in certain scenarios, whereas the Random 
Forest tends to exhibit more dispersed errors and, occasionally, 
extreme deviations, as evidenced by the identified outliers.

4  Conclusions

This study investigated the feasibility and effectiveness of 
applying artificial intelligence techniques to predict the hard-
ness of forged bainitic steels, based on thermomechanical 

Fig. 16  Analysis of the deviation distribution using the violin plot

 

Fig. 15  Deviation distribution analysis using boxplot
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