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ABSTRACT
Although electric arc furnace (EAF)-based steelworks produce steel from recycled ferrous scrap and inherently implement the

concept of circularity, they are challenged to reduce their overall environmental impact, reduce CO2 emissions, and maximize

energy and resource efficiency. The paper exemplary shows how advanced digital technologies, including artificial intelligence-

based techniques, can support decarbonization and sustainability improvement of electric steelmaking. The paper presents com-

putationally efficient machine learning models estimating sterile content in different types of scrap reaching the scrap yard as well

as steel chemical composition and temperature at the exit of the Ladle furnace. The models are designed to be included in an

innovative software platform based on federated learning (FL) helping industrial staff in decision-making by estimating energy

consumption and other parameters affecting the environmental impact according to the material mix fed to the EAF. The paper

describes the rationale behind models’ design, the approach for selecting their hyperparameters, and the results achieved on data

gathered from two different steelworks, the first one exploited as reference for models’ first setup, the second one used to assess

models’ usability in the considered FL context. The performances are satisfactory in both cases, and key issues for implementation

and further improvement are discussed.

1 | Introduction

The European steel industry is facing the challenges posed by the
European Green Deal, which aims at cutting CO2 emissions by
55% by 2030 and achieving a complete reduction in net emissions
of green house gases (GHGs) by 2050. The overall goal is to
enhance energy and resource efficiency, while ensuring an inclu-
sive and sustainable growth and development of the European
society [1]. In addition, the more recent Green Deal industrial
plan targets an acceleration of the industrial transition especially
in terms of climate neutrality [2, 3]. To this aim, among other
actions, the European Union aims at increasing the circularity
of industrial processes and decreasing waste generation, by dou-
bling the use of recycled materials by 2030 to reduce primary raw

materials consumptions and related environmental impacts
[4, 5]. Electric steelworks implement the concept of circular
economy since decades, far before this concept became so popu-
lar and widely used. In effects, they recover steel from end-of-life
goods and demolition wastes by melting scrap in the electric arc
furnace (EAF) by saving approximately 72% of energy compared
to steel production from primary raw materials [6]. However, a
lot of progress can still be made, e.g., improving use of secondary
raw materials, characterization, pretreatment, and sorting of
scrap [7, 8] and used mix of primary and secondary raw materi-
als. Furthermore, the entire production process, considering the
entire value chain, can be optimized. Digital technologies,
including artificial intelligence (AI), can provide a substantial
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contribution in this sense [9–11]. For instance, advanced model-
ling techniques and optimization strategies can be combined to
support decision-making for exploitation of energy and material
streams in the industrial context [12], with consistent benefits in
terms of energy and material efficiency, such as discussed in the
exemplary works of Larsson and Dahl [13] and Fernández
Martínez et al. [14].

A comprehensive review of physics- and AI-based numerical mod-
els and related to the EAF process is provided in [15], while an
interesting numerical simulation model of scrap melting in the
EAF is discussed in [16]. A further example of efficient model
for the optimization of bulk density of shredded and hammer
milled scrap balancing productivity and metallurgical loss is pro-
vided in [17]. In particular, machine learning (ML) and deep learn-
ing (DL)-based modelling approaches are adopted in the context of
optimization problems to lower the computing effort compared to
complex physics-based models and traditional derivative-based
optimization algorithms. A representative example in this sense
is provided in [18], where DL and reinforcement learning are com-
bined to optimize maintenance in scrap-based steelmaking.

A potential barrier to the wide adoption of AI-based models is the
lack of transparency and interpretability, which can be however
mitigated by suitable solutions, such as, for instance, the
Shapley additive explanations adopted in [19] for a model estimat-
ing EAF energy consumption. Nonetheless, in the context of ML-
based process models that are suitable to the integration in
through-process optimization frameworks, solutions specifically
designed for the steel sector and conceived to be inherently trans-
ferable are still missing. Moreover, transferability of AI-based mod-
els, even if they have already been validated in another company, is
often hampered by the reluctance of companies in sharing sensitive
production data with technology providers and/or by the need to
implement costly and time-consuming ad hoc data collections.

An exemplar solution to overcome this barrier is elaborated
within the European project entitled “Data and decentralized
Artificial intelligence for a competitive and green European metal-
lurgy industry” (ALCHIMIA). This project aims at optimizing the

EAF charge mix and the entire EAF-based steel production pro-
cess by providing a platform based on federated learning (FL)
[20] and continual learning (CL) [21]. This system supports
the industrial staff in decision-making procedures by estimating
energy consumption and other parameters affecting the environ-
mental impact of the process according to the input material mix.

FL allows a server to trainMLmodels across multiple decentralized
clients that privately store their own training data, by saving
computational resources while avoiding the clients to outsource
their private data to the server [22]. So doing, many clients can train
the model in a collaborative way, underneath the central-server
orchestration while data are stored in a decentralized way.
Therefore, FL mitigates some of the major privacy issues and
reduces costs compared to conventional centralizedML approaches
[23]. FL trains models that are customized to the demands of each
steelworks in a decentralized way, contributing to the creation of
an optimized global model without creating a centralized dataset,
such as schematically depicted in Figure 1. On the other hand, CL
enables continuous improvement of ML model accuracy, ensuring
long-term resilience and continuous upgrading of the solution.

The models at the core of the ALCHIMIA platform cover all the
different stages of the production process, from the purchasing of
input materials to the exit of secondary metallurgy processes. The
present work focuses on some of these models, i.e., ensemble
models estimating the sterile content in scrap, and feed-forward
neural networks (FFNN)-based models estimating steel chemical
composition and temperature at the exit of the Ladle furnace
(LF). The capability to estimate with sufficient accuracy these
variables is fundamental for a complex through-process optimi-
zation that, for a given target product, identifies the scrap mix
minimizing the environmental impact of the production cycle
while preserving steel quality. In particular,

• Soil contamination in scrap is a major source of efficiency loss
in the EAF, as it strongly affects the metal yield of the heat. The
possibility to exploit also low quality and very contaminated
scrap is of utmost importance considering the foreseen increas-
ing trend of scrap demand linked to the decarbonization of

FIGURE 1 | Schematic representation of the federated learning approach.
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steel production processes [24], such as attested by the numer-
ous recent research activities on novel solutions also based on
DL-based image processing for automatic scrap sorting, classi-
fication, rating and purification. [8, 25–29] Therefore, an esti-
mate of soil contaminations in scrap can strongly support scrap
yard operators in improving the planning of scrap processing
and cleaning operations. This information is also fundamental
for EAF simulation and optimization. As soil contamination
depends on various factors that are difficult to model in an
analytical form, ML represents a viable solution to get a first
rough estimate of the level of sterile in a scrap lot based on
historical data.

• Steel refining in the LF is a crucial phase of steelmaking, as it
optimizes steel chemical composition and strongly affects the
physical–mechanical properties of the product. Numerous
mathematical models are available to simulate the LF process
[30], including AI-based models often focusing on specific
aspects, such as prediction of steel temperature, production
optimization, slag formation, desulphurization, and alloying
[31]. However, the ALCHIMIA platform demands for a holis-
tic and computationally efficient approach to estimate the
main aspects of quality and energy-related final outcomes
of the LF process (i.e., the steel composition and final steel
temperature) make ML the most viable solution for this task.

One of the main features of the developed models is that their
input variables are selected among data that are already available
as a standard in all electric steelworks, thus they do not need ad
hoc measuring campaigns to be tuned. In this work, the models
are trained and optimized by using industrial data from two dif-
ferent steelworks, by showing good performances that fit the pur-
pose of the considered application and by demonstrating their
full transferability, which is empowered by their design for inclu-
sion in an FL platform.

2 | Materials and Methods

2.1 | Industrial Production Process and Data

The steel production process considered in the ALCHIMIA proj-
ect is a standard electric steelmaking route as schematically
depicted in Figure 2.

For the purpose of the present work, data were provided by two
steelworks (in the following named “Steelworks A” and
“Steelworks B” for confidentiality reasons) located in two
European countries but belonging to the same multinational
steelmaking group. They produce carbon steels for a large variety
of applications ranging from billets, structural and merchant bars
to reinforcing steels, wire rods, electro-melted meses, and lattice
grids.

No grade-based selection was made on the data to be used for
model design: the data cover several months of production for
both steelworks.

In particular, the range of steel grades produced by Steelworks A
is wider compared to Steelworks B, which implies a wide range of
“recipes” and operating practices for steelmaking. For this rea-
sons, Steelworks A has been taken as a reference in the present
work, based on the consideration that having a more continuous
distribution of the data across the possible variability range of the
potential input variables of the model can be beneficial for the
generalization capability of the model, also in the perspective
of its transferability to different steelworks. Therefore, models
design and optimization, including selection of input parameters,
was carried out using only the data provided by Steelworks A,
while the data of Steelworks B were used only for retraining
and customization of the previously optimized models to assess
their actual transferability in the context of an FL approach.

For the sterile contents estimate, the industrial database coming
from Steelworks A contain data related to 14 538 scrap truckloads
including 55 features, which refer, e.g., to storage location, arrival
date, weight (entry, exit and net weight), quality, supplier, trans-
port and other information. On the other hand, the database of
Steeworks B refers to 16 369 truckloads for which 16 features are
recorded, related to material quality, storage location, arrival date
and timing weight as well as information on the supplier.

As far as the LF process is concerned, the available industrial
databases provide for each heat a set of measurements and global
features concerning timestamps and process duration, chemical
analysis of different samples of each heat, materials additions in
LF (in terms of ferroalloys, deoxidizers and slag formers), tem-
perature measurement of different samples of each heat, argon
volume consumption, electricity consumption for heating pur-
poses, total scrap weight loaded in the EAF, number of personnel

FIGURE 2 | Electric steel production chain considered in the project.
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shifts and steel family and quality. In particular, the database
provided by Steelworks A refers to more than 3000 heats, while
the database provided by Steelworks B refers to about 2700 heats.

2.2 | Ensemble Models

An ensemble method is a technique that combines the predic-
tions from multiple ML algorithms to provide more accurate pre-
diction compared to any individual model, such as schematically
depicted in Figure 3a, by de facto implementing a complex model
comprised of many (usually simpler), models named ensemble
model. In general, ensemble models are more robust and accurate
than each of the single models, at the price of a higher compu-
tational costs, as they imply training of multiple models and
management of their interactions.

In ML there are two main types of ensemble learning:

• Bootstrap aggregation, or bagging, an ensemble meta-
learning technique that trains many classifiers on different
partitions of the training data and uses a combination of the
outputs of the classifiers to form the final output for a given
input vector.

• Boosting, an approach that weights both steps of training
and prediction. During the learning phase, the boosting pro-
cedure trains a new model several times, by adjusting the
parameters of the new model based on the errors of the
so far existing boosted model. During the prediction phase,
it provides a prediction based on a weighted combination of
the outputs provided by the models.

To estimate the sterile content in scrap, both strategies were
tested via the following algorithms:

• Random forest (RF) regression, i.e., a supervised learning
algorithm belonging to the bagging category using ensemble
learning for regression: RF trees are executed in parallel, and
the result is aggregated into a global one [32].

• Gradient-boosting decision trees implemented via XGBoost
(i.e., extreme gradient boosting library), a combination of
several simple regression trees, executed sequentially in a
more robust model, so that each tree is trained on the error
residuals of the previous sequence of trees [33, 34].

Tree-based modelling methodologies are characterized by high
explainability and interpretability of the results, as they provide
a direct measure of the input feature importance and because of
their structure and the explicit feature usage in decision logic (a
tree is equivalent to a set of IF-THEN rules).

In the present work, XGBoost and RF-based models have been
developed in a Python environment using the Sklearn library. A
third version of the RF-based model has also been developed by
tuning the RF parameters via the grid-search optimization
technique.

2.3 | Feed-Forward Neural Networks

FFNNs are a class of artificial neural networks that are widely
adopted in regression and classification tasks due to their ability
to model complex, nonlinear numerical relationships by map-
ping a dataset of inputs-target pairs through a composition of
nonlinear surfaces [35]. FFNN are usually structured according
to three types of layers connected in series, as shown in Figure 3b.

• the input layer receives numerical data streams and for-
wards it to the following layer after a set of transformation
(e.g., normalization).

• A set of hidden layers, each consisting of a set of neurons,
often identical in each layer, which communicate through
a computational graph.

• A readout layer that synthetizes the output information by
calculating a set of outputs.

In an FFNN, information flows in one direction, from the input
to the readout. Each neuron performs a non-linear weighting
operation on the inputs through a so-called activation function.
The learning process is based on supervised training paradigm,
which is performed by optimization algorithm that adjusts the
trainable weights of the network to minimize an objective func-
tion. Such a learning procedure involves three phases: a forward
propagation where the network is simulated with a set of input
samples, the calculation of a function quantifying the difference
between network outputs and target values (also named loss),
and the backpropagation of errors, in which the neurons weights
are updated in the opposite direction of the gradients of the loss
function with respect to each weight. FFNN are very versatile but
need careful tuning of the hyper-parameters and large datasets to
reach good performance and are quite prone to overfitting.

With respect to other ML approaches, FFNN may perform with
higher accuracy, with low computational burden if regression
task is relatively simple. However, high accuracy is achieved
at the cost of a low level of model explainability, as NN results
are typically less interpretable.

In the present work, FFNN-based models are developed in the
Python environment through the Keras library, with Adam

FIGURE 3 | Schematic representation of (a) an ensemble model; (b) a feed-forward neural network.
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[36] optimizer implementing the learning process. The FFNNs
are implemented with ReLU activation function in the hidden
layers and a linear readout.

2.4 | Model Selection, Data Preprocessing and
Hyper-Parameter Optimization

The first stage of the work was devoted to selecting the modelling
architecture, aiming at achieving high accuracy and low compu-
tational burden. The balance between these two often counter-
acting performance indicators highly depends on the purpose of
the model in the final software implementation. Typically, very
accurate models may request higher computational burden if the
models must describe a wide set of operating conditions (i.e.,
large data distributions). Additionally, the maximum computa-
tional burden of the model must also be constrained depending
on the frequency of its inference. Within the ALCHIMIA plat-
form, scrap models are used for monitoring purposes, while
LF models are exploited within a model-based optimization sys-
tem whose purpose is optimizing the LF operations in terms of
energy and argon consumption, and added materials. The former
requires high accuracy with relaxed constraints on computa-
tional burden, due to the very low frequency of inference of
the model (i.e., one simulation for each scrap arrival). The latter
requires high accuracy and constrained real-time requirements,
with the scope of inferring a very efficient model with high fre-
quency. Additionally, also requirements on model explainability
drove the modelling selection in function of the modelling objec-
tive. In this context, for the scrap models, tree-based approaches
are adopted, as RF and XGBoost show a good trade-off between
explainability and accuracy, at the cost of higher computational
complexity. Conversely, for modelling LF operations, FFNN is
selected to achieve high predictive accuracy together with
computational efficiency, which is required for real-time imple-
mentation. Additionally, linear models trained through ridge
regression are used as a valid baseline to compare and assess

FFNN results. As FFNNs, linear models can be easily federated
and show significantly low computational burden for their infer-
ence, as required for real-time optimization approaches.

A mandatory preliminary step in the design of any ML-based
model is a careful pre-processing of the dataset that is used to
design and train the model itself. Unreliable or anomalous, also
named outliers, must be removed. Moreover, to suitably set the
models’ dimension and limit the risk of overfitting, the dimen-
sion of the input vector must be kept limited via knowledge-drive
or automatic identification of the variables mostly affecting the
target. This stage also helps gaining a deeper understanding of
the system/phenomenon to reproduce and favours model
explainability. Finally, the hyperparameters of the ML-based
models need to be optimized.

The datasets provided by both steelworks underwent the cleans-
ing stage to eliminate outliers, while model structural optimiza-
tion was carried out only using data from Steelworks A, as
already mentioned in Section 2.1.

For the estimate of the sterile content in scrap (expressed in ton),
based on the knowledge of process operators many redundant
variables were eliminated, and the following 5 variables were
selected as input:

• origin, namely the territorial reference of scrap origin;

• supplier, i.e., the provider of the scrap;

• weight, i.e., net weight of scrap, which is connected to the
weight of soil contaminant;

• month, i.e., the cardinal month of arrival of the scrap to the
scrapyard, which is considered as indicator of seasonal
information;

• scrap type, i.e. the category of scrap.

In the raw datasets, origin and suppliers are not numerical varia-
bles, thus they were translated into numbers through a hot encod-
ing methodology. Outliers’ detection was carried out by using the

TABLE 1 | Input and target variables of the FFNN-based models of related to the LF process.

Metallurgical model Thermal model

Variable Unit Variable Unit

Inputs Steel temperature at the beginning of the LF process °C Steel temperature at the beginning of the LF
process

°C

Electric energy consumption at LF MWh Electric energy consumption at LF MWh

Argon consumption Nm3 Argon consumption Nm3

Total scrap weight loaded in the EAF ton Total scrap weight loaded in the EAF Ton

Steel chemical composition at the beginning of the LF
process: [C], [S], [Mn], [Si], [P], [Ca], [Al]. [Cu], [V],

[Pb], [B], [Nb], [Sn], [Ni],
[Cr], [Mo], [Ti], [Fe] [N]

wt%
ppm

Steel chemical composition at the beginning of
the LF process in terms of [Ca], [V], [B], [Nb],

[Sn], [Ni], [Cr], [Fe]

wt%

Materials additions in the LF (all) kg Materials additions in the LF (all) Kg

Target Final steel chemical composition:
[C], [S], [Mn], [Si], [P], [Ca], [Al]. [Cu],

[V], [Pb], [B], [Nb], [Sn], [Ni],
[Cr], [Mo], [Ti], [Fe] [N]

wt%
ppm

Steel temperature at the end of the LF process °C

steel research international, 2026 5
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boxplot methodology [37]. Finally, the cleansed datasets were
divided into two subsets: the training dataset comprising 70% of
the available data, while the remaining data were used for models
testing and assessment.

For the LF process models, a first variables selection stage was car-
ried out based on the knowledge of the process operators to remove
useless, redundant, and noisy measurements, resulting in 54 signif-
icative variables. As both themodel estimating the final steel chem-
istry and the one estimating the final steel temperature learn mass
and energy balance of the process, the preliminary selected inputs
variables depict mass and energy flows characterizing the process.
Afterwards, further outliers were identified based on quartiles
selection, by using box plot methodology [37]. This led to a cleansed
database of about 2900 heats, which can be considered a medium-
sized dataset in the context of industrial and data-driven applica-
tions. To ensure a reliable and unbiased evaluation, the dataset was
divided following a two-stage splitting strategy. First, the original
dataset was randomly separated into 80% training-validation data
and 20% test data. Subsequently, the training-validation subset was
further split into 80% training data and 20% validation data. This
resulted in an overall distribution of 64% training, 16% validation,

and 20% test samples with respect to the original dataset. Such
data partition scheme is commonly adopted in ML applications
involving medium-sized datasets to maintain a statistically mean-
ingful test set and preserve adequate data availability for training as
well as similar data distribution across the partitions. The training
dataset is used in the learning stage. The validation dataset is used
to implement the so-called “early stopping” that helps to partially
overcome overfitting issues, by enhancing themodel generalization
capability. In this work, the early stopping algorithm monitors the
trend of the mean square error (MSE) evaluated on the validation
dataset with a patience of 10 epochs before stopping the training
session. The test dataset is used to evaluate the results of the vari-
able selection (if applied), the optimization of hyperparameters and
the final optimal model training.

As final steel chemical composition depends on a numerous chem-
ical reaction, the model forecasting steel chemical composition
exploits all the 54 input variables. On the other hand, variable selec-
tion was carried out to reduce the dimension of the input vector of
the model forecasting the final steel temperature. Such selection
removed several components of the starting chemical analysis,
leading to a final number of input variables equal to 42.

FIGURE 4 | Comparison of the performance of the different ensemble models to estimate the sterile contents in steel scrap assessed on the data

provided by: (a) Steelworks A, (b) Steelworks B.
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Table 1 provides the list of input and target variables of the two
LF models: these variables refer to the single heat.

The material additions differ with respect to the plant, accord-
ing to the target steel qualities produced. An exhaustive list
of ferro-alloys, deoxidizers and slag formers cannot be
reported for confidentiality reasons. Common added materi-
als used in the plants are anthracite, SiMn, FeSi, FeV, CaSi,
and CaO.

Variable selection and optimization of the FFNN hyperpara-
meters (i.e., number of hidden layers NHL, number of neurons
in the hidden layers Nn, and learning rate lr) of each LF-related
model have been carried out through Bayesian algorithms [38]
implemented in the Optuna library. To define the search range
for the optimal hyper-parameters, a manual trial-and-error meth-
odology has been followed to explore the performance of the net-
works in function of their value. This results in the following

FIGURE 5 | R2 values achieved by the FFNN-basedmodel estimating the steel chemical composition after LF on the test datasets provided by the two

considered steelworks.

FIGURE 6 | MAE values achieved by the FFNN-based model estimating the steel chemical composition after LF on the test datasets provided by the

two considered steelworks.
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plausible optimal ranges: NHL ∈ ½1, 4�, Nn ∈ ½10, 100�, lr ∈
½10− 6, 10− 3� have been considered for the optimization.

3 | Results and Discussion

The models were trained and tested using two industrial datasets
coming from two EAF-based steelworks as described in
Section 2.1 to evaluate the accuracy of the provided estimates.

To assess and compare the performance of the different models,
the following 3 indicators were adopted:

• coefficient of determination (R2), which captures the propor-
tion of the variance in a target variable y that is explained by
the model. If N is the number of data in the test dataset, μ is
the average value of the target, and ŷ is the estimate of the
target provided by the model, R2 is computed as:

R2 =
P

N
i= 1 ŷi − μð Þ2

P
N
i= 1 yi − μð Þ2 (1)

High values of R2 imply a good predictive ability of the model.

• Mean absolute error (MAE), an easy interpretable index that
measures the average error in predictions without consider-
ing their direction and is computed as

MAE=
1
N

XN

i= 1

jyi − ŷij (2)

• Root mean square error (RMSE), which is computed as

RMSE=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N

XN

i= 1

yi − ŷið Þ
2

v
u
u
t (3)

This index penalizes larger errors more than the MAE and gives
an indication of the overall variance of the forecast. Low RMSE
values indicate that the models provide stable and consistent
forecasts.

3.1 | Estimate of the Sterile Content in Scrap

Figure 4 compares the performances of the 3 models predicting
the sterile contents in scrap, i.e., XGBoost, RF, and RF optimized
via grid-search assessed on the data provided by Steeworks A and
Steelworks B.

The RF-based model optimized via grid-search shows the highest
R2 value in both cases (R2= 0.737 for Steelworks A and R2= 0.741
for Steelworks B), XGBoost slightly outperforms the baseline RF
model for Steelworks A (XGBoost leads to R2= 0.694; baseline RF
provides R2= 0.691), while the opposite situation arises for steel-
works B (XGBoost leads to R2= 0.684; baseline RF provides
R2= 0.691), but the difference between the two methods is
minimal.

In terms of MAE, for both steelworks XGBoost and RF-based
model optimized via grid-search show equivalent results
(XGBoost leads to MAE= 0.211 ton for Steelworks A and
MAE= 0.262 ton for Steelworks B; RF optimized via grid-search
providesMAE= 0.211 ton for Steelworks A and MAE= 0.259 ton
for Steelworks B), while the basic RF model provides slightly
worst performance (MAE= 0.226 ton for Steelworks A and
MAE= 0.280 ton for Steelworks B), but again the difference
between these two methods is very limited.

In terms of RMSE, the optimized RF-based model provides again
the best results for both steelworks (RMSE= 0.339 ton for
Steelworks A and RMSE= 0.584 ton for Steelworks B),
XGBoost slightly outperforms the baseline RF model for
Steelworks A (XGBoost leads to RMSE= 0.366 ton; baseline

FIGURE 7 | RMSE values achieved by the FFNN-basedmodel estimating the steel chemical composition after LF on the test datasets provided by the

two considered steelworks.
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RF provides RMSE= 0.392 ton), while the opposite situation
arises for Steelworks B (XGBoost leads to RMSE= 0.645 ton;
baseline RF provides RMSE= 0.637 ton), although the difference
is still limited.

To sum up, since contaminant presence in the scraps is a stochas-
tic multifactorial phenomenon, which effect can be partially fore-
casted, all the models show encouraging results. All models
exhibit high R2 combined with low RMSE and MAE.
Considering the complexity of the industrial sector, these model-
ling results are effective for supporting the decision-making of
scrapyard operators on the scheduling of scrap processing. The
comparison of modelling approaches shown the RF-based model
optimized via grid-search outperforms the other ones on both
datasets. Noticeably, while the observed R2 and MAE values
are comparable for both steelworks, the RMSE values for
Steelworks B are sensibly higher than the ones observed for
Steelworks A. This can be explained by the different scrap clas-
sification method used in Steelworks B, where a higher number
of scrap classes (41) are registered compared to Steelworks A (11).
Although the numbers of data provided by the two Steelworks
are similar, the higher variability of the inputs negatively affects
the performance.

3.2 | Models Related to the LF Treatment

The optimized FFNN-based model forecasting the contents of the
different chemical components in steel at the end of the LF holds
2 hidden layers with 50 and 40 neurons, respectively.

Figures 5, 6 and 7 show models performance evaluated on the
test datasets of the two steelworks in terms of R2, MAE and
RMSE, evaluated for the FFNN and linear model. In particular,
the FFNNmodel show R2> 0.9 for C, Mn, P, Cu, Pb, B, Sn, Ni, Cr,
Mo for Steelworks A while for Steelworks B R2> 0.9 for C, Mn,
Cu, B, Cr, Mo and 0.85≤R2≤0.89 for P, Sn, Ni, Mo. Overall, the
linear model performs slightly worse than the FFNN, with a
notable R2 degradation for Si, Ca, Al, and Nb, for the steelworks
A, and with a notable R2 degradation for Ca, Al, B, Nb, and Ti, for
the steelworks B. Moreover, linear model results for Sn and Ni
are slightly superior to FFNN.

For FFNNs, the highest MAE values are observed for Mn
(RMSE= 0.027 wt% for Steelworks A and MAE= 0.035 wt% for
Steelworks B), C (MAE= 0.013 wt% for Steelworks A and
MAE= 0.009 wt% for Steelworks B) and Si (MAE= 0.0125 wt%
for Steelworks A and MAE= 0.012 wt% for Steelworks B).
These are also the elements whose contents are highest in the

FIGURE 8 | Comparison of real and estimated content (expressed in wt%) of (a) molybdenum, (b) tin, (c) nickel, (d) copper in steel produced by

Steelworks A at the end of the LF process.
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produced steels. Also, the RMSE shows its highest values for Mn
(RMSE= 0.039 wt% for Steelworks A and RMSE= 0.052 wt% for
Steelworks B), C (RMSE= 0.016 wt% for Steelworks A and
RMSE= 0.012 wt% for Steelworks B) and Si (RMSE= 0.014 wt%
for Steelworks A and RMSE= 0.016 wt% for Steelworks B).

Although linear models exhibit trends similar to those observed
for FFNNs, their overall performance is generally lower, as
reflected by higher RMSE and MAE metrics for most of the ele-
ments. For Sn, Ni, and Mo, RMSE and MAE metrics are slightly
better in the case of the linear model.

Figures 8 and 9 exemplary compare the real and estimated values
of some chemical components related to Steelworks A and B in
the case of the best model based on FFNNs. The regression
straight line is also reported. The diagrams show the high gen-
eralization capability of FFNN models and the precision of the
forecasting. A clear linear trend is observed in the target vs. pre-
diction scatter plots, where data points exhibit minimal disper-
sion and remain close to the identity line, confirming the
reliability of the model and its low error magnitude. This visual
evidence is further supported by quantitative metrics, with low
RMSE and MAE values and consistently high values of R2, con-
firming the strong predictive accuracy of the model.

To sum up, the FFNN-basedmodel shows good approximation and
generalization capability. The obtained RMSE andMAE values are
low for all the variables. R2 values are high for the less reacting
components (e.g., Cu, Cr, Mo, Sn, Ni), while they are lower when
the model must reproduce complex chemical or pick-up phenom-
ena determining, for instance, the calcium and nitrogen contents in
steel. The estimation of N content can be affected also by its lower
content compared to the other considered elements. Moreover, sen-
sors sensitivity and related data reliability also impacts on the
regression task of the model for some elements such as titanium
and niobium. Additionally, since steel qualities with higher Ti or
Nb contents are less frequently produced, the results on these ele-
ments are also affected by the poorer data distribution. The same
reason is valid for the V content for the steelworks A. sulphur and
aluminium contents are well estimated for Steelwork A, while for
Steelworks B the accuracy decreases. This behaviour was expected,
as the model structure was optimized using only the data coming
from Steelworks A. Also, the additions that are made by Steelworks
B are more limited compared to Steelworks A, which implies that a
different structure of the model could better fit this specific dataset.
However, such a structure would have a lower generalization capa-
bility and, thus, is not advisable in the context of the ALCHIMIA

FIGURE 9 | Comparison of real and estimated content (expressed in wt%) of (a) molybdenum, (b) tin, (c) nickel, (d) copper in steel produced by

Steelworks B at the end of the LF process (labels are not shown on the axes for industrial confidentiality constraints).
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solution, which is conceived to gradually and continuously adapt to
the evolution of production.

Overall, linear models provide predictions comparable to FFNNs,
but with evident performance gaps. The decreased performance
observed on some of the target variables on the test database pro-
vided by Steelworks B does not represent a major obstacle to
using the model. The reason is the mechanism of CL that is
implemented within the more complex optimization platform
in which the model is included, that enables continuous refining
of the model performance. Therefore, as an initial step, the model
performance can be considered satisfactory and suitable for mon-
itoring and optimization purposes in the specific context for
which the model has been developed.

On the other hand, the optimized FFNN-based model estimating
the final steel temperature holds 2 hidden layers with 20 and 5
neurons, respectively. Figure 10 shows its performance assessed
on the test datasets of both steelworks.

Also in this case, the FFNN results are good, although the per-
formance is worse on the test datasets coming from Steelworks B
(R2= 0.385, MAE= 7.430°C, and RMSE= 9.770°C) compared to
Steelworks A (R2= 0.651, MAE= 4.910°C, RMSE= 5.800°C). In
this case, however, the discrepancy in the results is mostly
due to the difference in the cleanliness and quality of the meas-
urements of the target variable, which is lower for Steelworks B
compared to Steelworks A. However, the resulting accuracy is
still sufficient to use this model for both monitoring and control
purposes. Linear models show a significant decrease in perfor-
mance for all three metrics, highlighting the effect of nonlinear
behaviours on the thermal dynamics that are instead numerically
well represented by FFNNs.

4 | Conclusion

Holistic ML-based models are proposed to estimate the sterile
content in the scrap reaching the scrapyard as well as the steel

chemical composition and temperature at the end of the LF pro-
cess. These models are part of a digital twin of the EAF-based
steelmaking route, which is used to support process operators
in minimizing environmental and economic impacts of the
EAF-based steelmaking route, while ensuring the quality of
the steel feeding the continuous casting machine.

The models estimating the sterile contents in scrap based on
scrap origin, supplier, weight, and month of arrival in the scrap
yard show encouraging results. In particular, among the 3 tested
models, the one based on RF optimized via grid-search provides
the best results (R2= 0.737, MAE= 0.211 ton and RMSE= 0.339
ton for Steelworks A and R2= 0.741, MAE= 0.259 ton and
RMSE= 0.584 ton for Steelworks B). However, the results also
show that the scrap classification used in Steelwork A results
in significant variability in the output when applied to
Steelwork B, which in turn could affect the reliability and trans-
ferability of the models. Indeed, these models can be improved in
the future considering the stochastic nature of the presence of
these contaminants and the low number of input variables.
Computer vision-based methodologies for scrap inspection can
help improve the information conveyed by the data with a posi-
tive impact on the model performance.

The models related to the LF process are implemented via FFNNs
whose hyperparameters are optimized through Bayesian algo-
rithms and estimate of the final chemical components of the mol-
ten steel and its temperature based on initial steel temperature and
composition, electric energy and argon consumption and total
scrap weight loaded in the EAF. In particular, the model related
to the steel composition provides acceptable performances for most
components, showing R2> 0.9 for C, Mn, P, Cu, Pb, B, Sn, Ni, Cr,
and Mo for Steelworks A (whose data were used for model struc-
ture optimization), while for Steelworks B R2> 0.9 for C,Mn, Cu, B,
Cr, Mo and 0.85≤R2≤0.89 for P, Sn, Ni, and Mo. The model related
to the final steel temperature provides good results for Steelworks A
(R2= 0.651, MAE= 4.910°C, RMSE= 5.800°C), while the perfor-
mance is worse for Steelworks B (R2= 0.385, MAE= 7.430°C,

FIGURE 10 | Performance of the FFNN-based model estimating the steel temperature at the end of the LF treatment on the test datasets provided by

the two considered steelworks.
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RMSE= 9.770°C) due to the far lower cleanliness and quality of the
temperature measurements in this steelworks. This confirms that
ML-basedmodels, such as any data-drivenmodel, is sensitive to the
quality of the data that are used for its training. However, the accu-
racy of these models is still sufficient to the purpose of the present
work, as they can provide useful insights for decreasing the use of
energy and added materials.

Ongoing and future work concern improvement of models’ accu-
racy by enhancing the data collection phase and development of
other models to estimate further target variables concerning by-
products (e.g., slag) that can be included in the decision support
system to provide more comprehensive feedback and a deeper
insight on process quality, productivity and environmental
impact. The LF model will also be improved by exploiting
new data coming from the two considered steelworks and other
ones. This improvement is possible thanks, respectively, to the
CL mechanisms, which enable continuous adaptation and fine
tuning of the models, and to the FL platform, which preserves
data privacy and security while enhancing user’s experience.
One further topic to explore in future work consists in embedding
in the available CL platform the capability to self-adapt the over-
all structure of the model, i.e., its hyperparameters.
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