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individual features on the prediction of a model. As the in
uencing factors
used in the model are con�dential, only a small amount is shown in the Figure
3.9 and the remaining features are made obscure. The plot shows a distribu-
tion of SHAP values for each feature. A SHAP value for a particular feature
indicates how much this feature has contributed to a single prediction. This
value is based on the di�erence in the result between the prediction of the
model with and without that feature. On the Y-axis, each row represents a
feature. The rows are ordered from top to bottom according to their over-
all impact. The X-axis shows the range of SHAP values. A higher SHAP
value indicates a stronger in
uence of the feature on the model. The indi-
vidual points (individual "bees") correspond to a single data point and are
distributed along the x-axis. The color of the dots represents the value of
the respective feature, where red indicates high values and blue indicates low
values. A value further to the right respectively to the left of the feature
indicates whether the feature had a positive respectively negative in
uence
on the predicted value.

Figure 3.9: SHAP visualization of feature importance for sulphur.

Plotting a decision tree (Figure 3.10) from an XGBoost model provides
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insights into the structure of the tree and the decision logic. The nodes
of the tree show which features are used to make decisions. The respective
conditions at each node show which threshold values are used for the splitting.
The maximum depth of the tree influences how finely granular the model
is. A greater depth allows more complex patterns to be mapped. Under
certain circumstances, however, a tree that is too deep could pose the risk of
overfitting. The weights at the leaf nodes indicate the effect of the features
on the models. Higher values have a greater impact on the model result.
The number of certain features in a tree also gives an indication of their
importance. Features that occur more frequently are often more important for
the model. Plotting helps to understand which features the model considers
important and whether these results are meaningful.

The two visualizations were used to discuss the results with the subject matter
experts and to validate the results.

Figure 3.10: XGBoost decision tree two.

Table 3.3 shows the different model results of the created machine learning
models compared to the traditional models used in the steel mill. Detailed
results, further metrics, and true-vs-prediction plots can be found in Paper C.
The mean absolute error (MAE) and mean absolute percentage error (MAPE)
metrics were used to compare the models. The selected error metrics are easy
to interpret and cover both absolute error values (MAE) and relative error
values (MAPE). MAE is particularly suitable when all errors are equally im-
portant, as they are all penalized equally. The MAE is also robust against
outliers. MAPE allows for the comparison of model performance across differ-
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ent variables as it is based on relative values. The results of the performance
metrics show that a good match is achieved between real and predicted values.
In particular, the comparison with the values of the traditional model shows
the applicability of machine learning models.

Element MAPE TM MAPE AI MAE TM MAE AI

Cu 22.578 18.966 0.00382 0.0033
Cr 9.085 13.727 0.0054 0.0077
Ni 23.391 25.048 0.0073 0.0084
Mo 102.046 34.526 0.0056 0.0031
P 33.257 23.848 0.0045 0.0033
S 19.57 20.34 0.0035 0.003

Sn 409.631 41.371 0.0032 0.0004

Table 3.3: Performance metrics results and comparison (MAE - Mean Absolute Error,
MAPE - Mean Average Percentage Error, TM - Traditional Model, AI - XGBoost Model).

The calculations of traditional models are very complex and often take a
lot of time. Therefore, these models are often run in the background. The
calculated values are then used to make offline decisions or are used as stan-
dard values for process control. In order to be able to use the model results
in production, the development of an online model is crucial. In contrast to
traditional models, an online model offers enormous advantages. The devel-
oped online models can be used live in the process to make decisions or to
simulate in advance. Figure 3.11 shows the architecture of the deployed on-
line models on the CPU/GPU cluster. The models are to be used to calculate
the best scrap mix and for simulation. Simulations offer the possibility of
finding a cost-effective scrap mix, but, more importantly, the possibility of
finding solutions when not all scrap types are currently available. In order
to better scale the simulations and calls, each model was packed into its own
container and deployed. To ensure the functionality of the models, they are
monitored to check their performance. Listing 3.2 shows the method for pre-
dicting the expected chemical copper content at the end of the BOF process.
The method is analogous to the other six models. First, the saved model
is loaded once and stored in memory. This means that it can be accessed
quickly and the model does not have to be reloaded. The request from the
production planning system (PPS) system as JSON is read and converted
into a Pandas dataframe. The model is then called with these parameters
and the inference for the expected element content, in this example copper,
is carried out. The result is then converted back to JSON and returned.
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Figure 3.11: Overview of the online models, the connection to the production planning
system and the monitoring of the models.

Listing 3.2: Copper prediction.

# Loads the model f o r the chemica l e lement Cu

model cu = p i c k l e . load (open( ” model cu . pkl ” , ” rb” ) )

@app . route ( ”/ pred i c t cu ” , methods=[”POST” ] )

def pred i c t cu ( ) :

# reads the input data f o r the model

j s on = reques t . j s on

# bu i l d s a data frame from json data

df = pd . DataFrame ( j son )

# model p r e d i c t i on

p r e d i c t i o n c u = model cu . p r e d i c t ( df )

# re turns the p r e d i c t i on as j son

return j s o n i f y ({ ”CU p r e d i c t i o n ” : l i s t ( p r e d i c t i o n c u )} )

Many different combinations of the 92 input materials are used in pro-
duction. When observing the data matrix in Figure 3.12, it can be seen that
only a small proportion of the possible input materials are used for the pro-
duction of a melt. At most 22 different input materials were used in the
converter and at least 1 input material was added. The y-axis shows the
different materials used in the total of 119731 heats. The x-axis shows the
heats, and the black bars indicate whether the material was used in this
heat. The bar in the upper area shows how many input materials were
used in total for the respective heat. The interface for the online model
was adapted such that not all of the 96 possible input parameters always
have to be forwarded to the online model. As can be seen in the follow-
ing list, only the parameters with which the prediction is to be carried out
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need to be transferred, as visible in Listing 3.3. This simplifies the call and
reduces the amount of data to be transferred. In the background, empty
data points are filled with 0 and the inference of the models is executed.

Listing 3.3: Example JSON to call the online model.

{

"batch_id": "4711" ,

"sim_id": "4712" ,

"date": "2024 -12 -31" ,

"materials": [

{

"material_id": "mat4711",

"name": "scrap1",

"quantity_kg": 11800

},

{

"material_id": "mat4712",

"name": "scrap2",

"quantity_kg": 24400

}

],

"pig_iron_analysis": {

"elements_ppm": {

"C": 0.005,

"Si": 0.090,

"Mn": 0.011,

"P": 0.091,

"S": 0.071

}

}

}

3.1.3 Back-calculation & Process Control

For the back-calculation, the dataset (Section 2.4.1) was extended by the slag
analysis. The summarized results of the different models with and without
slag analysis are shown in Table 3.4. It should be noted that extending the
dataset has slightly improved the models. It should also be mentioned that
the better the results of the ML models are, the better the back-calculation
for the respective elements works. The entire range of input materials used
in the Völklingen steelworks and their chemical analysis is confidential. For
this reason, only calculations and analyses for selected input materials are
shown. The detailed results of the back-calculation can be viewed in Paper
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Figure 3.12: Overview of data matrix values.
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Without slag analysis With slag analysis
Dataset Target Element MAE MAPE MAE MAPE

I Cu 0.00330 0.19174 0.00327 0.18966
II Cr 0.00887 0.15789 0.00770 0.13727
III Ni 0.00839 0.25112 0.00836 0.25048
IV Mo 0.00316 0.34847 0.00314 0.34527
V Sn 0.00041 0.41466 0.00041 0.41371

VI S 0.00316 0.22148 0.00296 0.20340
VII P 0.00373 0.26542 0.00335 0.23848

Table 3.4: Performance metrics results (MAE - Mean Absolute Error, MAPE - Mean
Average Percentage Error). Adapted from unpublished Paper D.

D. In the following Table 3.5, only two examples are shown for each tramp
element. Particularly noteworthy are the input materials matMo

1 , matMo
3 ,

Input Mat. matCu
1 matCu

7 matMo
1 matMo

3 matNi
9 matNi

10 matCr
2 matCr

4 matSn
1 matSn

2 matS3 matS4 matP1 matP4

No. ex. 2067 1336 1324 1503 566 118 3523 1890 448 1864 4181 1243 3101 5338

Mean 0.427 0.032 59.479 0.231 96.583 98.595 0.393 0.165 0.123 0.006 0.051 0.134 0.012 0.007
Std. Dev. 0.017 0.009 0.789 0.014 9.863 23.013 0.020 0.007 0.007 0.000 0.004 0.004 0.001 0.001

Hist. Est. 0.406 0.065 60 0.23 99.5 99.8 0.7 0.17 0.17 0.008 0.066 0.26 0.0128 0.01

Table 3.5: Selected pairs for Cu, Mo, Ni, Cr, Sn, S, P (No. ex. - total number of
examples of the respective material, Mean - mean of the 7 medians calculated in the 7-
fold validation, Std. Dev. - standard deviation of the 7 medians calculated in the 7-fold
validation, Hist. Est. - historical estimates of the contents of the respective elements from
internal data sheets from the steel mill).

matNi
9 and matNi

10 . These are molybdenum briquettes, internal CrMo scrap,
nickel briquettes, and nickel cathodes. The content of these input materials is
very well known. The results show that the method works very well on these
materials and that the approach is valid. Materials such asmatCu

7 are class E2
scrap (thick new production steel scrap), for which the approach shows inferior
performance, naturally have a much greater variance in terms of content of
chemical elements, which is one explanation for the results. Another point is
the variance in the different chemical contents of the historical values of the
steel mill. Figure 3.13 shows a progression of the various elements in an input
material. The fluctuations are due to the mix within the scrap classes, but also
due to different suppliers. The ML models and the results of the individual
calculations can now be used to optimize the scrap mix. The specification of
the deviation is a significant advantage. Depending on the criticality of the
steel grade to be produced, a material mix with a lower standard deviation
leads to greater process reliability. The models and the back-calculation are
now carried out periodically and sent to the steelworks PPS. The values are
persisted there and used for calculations of the internal traditional models.
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Figure 3.13: Analysis samples for tramp elements of an input material.

In addition, these approximated values can now be used to provide dedicated
feedback to the scrap suppliers. This results in three different options in the
feedback loop, as described in Section 2.2.2:

1. Direct return of the melt analysis to the scrap dealer. This is possible
in the EAF process if, for example, only a certain type of scrap from a
supplier is melted down. This can then be assigned directly to the scrap
used.

2. When using unmixed scrap, the respective scrap type is only used for
melting by a dedicated scrap supplier. E.g. scrap type E6 is only taken
from supplier A in heat X.

3. When scrap classes from different suppliers are used in a heat. E.g.
scrap grade E6 is taken from supplier A, B and C in heat X.

Only in the first case, in which only one type of scrap and one supplier was
used, feedback was previously possible. In the second case, the estimated
values can now be returned to the dealer every n months. In the third case,
the estimated value is sent to all suppliers of the scrap type used every n
months.
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Conclusion

Scrap is a key secondary raw material in the decarbonization of the steel indus-
try. With the holistic system presented, an AI-supported scrap optimization
along the entire value chain from scrap arrival to the end of the converter
in the BOF (later EAF) process has been developed and implemented. This
system helps the steel industry to reduce costs, increase sustainability, and im-
prove process quality. The system has been brought to TRL-7, demonstrating
that the benefits of AI can be used on an industrial scale.

The three key components of this work are the development and implemen-
tation of the infrastructure, the development of the AI components for scrap
classification, the prediction of the chemical content and back-calculation and
the final integration and go-live. Therefore, in component I, interfaces to the
various databases, to ambient productive systems for usage, sensors, cameras
and storage systems were developed. A new standardized exchange format
(DiSC) was developed for the exchange of production-relevant data for mix-up
checks and quality control. In addition, the models were packed into contain-
ers in order to be able to deploy them in a scalable manner on a CPU/GPU
infrastructure.

In component II, the first step was to create a freely available dataset of
European scrap types using an innovative tiling approach. This dataset serves
as a basis for the development of automated scrap classification systems using
ML and computer vision approaches. The dataset includes images of steel
scrap with various degrees of corrosion, accounting for visual changes due
to oxidation under normal environmental conditions. Above all, freely avail-
able datasets are very useful for many applications and stakeholders. They
provide the basis for the development of new systems and are important for
researchers, data scientists, students, and deep learning in general. Especially
as this dataset offers an alternative to the “classic” datasets with object cat-
egories. Such datasets are often used for supervised machine learning. This
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ML technology is also widely used in industrial applications. However, there
are often no freely available datasets for industrial applications and the effort
required for annotation is high. The SSL approach shown here enables the
usage of unlabeled image data. These are much faster and easier to collect in
the process. It was shown that the SSL approach used with different augmen-
tations and only little annotated data in a simple downstream task provides
very good results. This method performs even better than models imple-
mented with supervised learning. The dataset and the developed ML models
were used to perform scrap classification and input inspection. The deployed
models are used at the steel mill station and the truck station to classify the
incoming scrap. A tile approach was again chosen for classification. This
makes it possible to classify different types of scrap on a wagon, ship or truck.
This can also be used later in the process in the scrap hall. This technique
offers a major advantage, as no semantic segmentation or instance segmen-
tation, which is significantly more expensive to train than inference, has to
be used. The component represents an important step forward as it shows
how modern AI methods, in particular self-supervised contrastive learning,
can be applied to specific industrial challenges. This is a further step towards
hyperautomation.

A prediction of the chemical content at the end of the BOF process and
the back-calculation of the chemical analysis values with regard to the input
materials was developed in component III. The prediction results based on
XGBoost have shown that it is possible to predict the chemical content based
on the standard data available before the start of the process. By comparing
the results with the historical estimates of the steel mill, it was shown that
the approach is valid. Furthermore, an online model was developed and put
into production, which is crucial for further optimization for several reasons:
(1) The online model enables a prediction to be made in real-time. Above
all, this is an advantage over traditional models. These models often take
a very long time to calculate results and are therefore only run periodically.
However, traditional models are still very good for process modeling and also
for failover for the data-driven models. (2) The efficiency of material handling
can be improved. It is possible to simulate different scrap compilations and
thus guarantee the desired quality of the steel melt. This is particularly
important as the global availability of raw materials is unpredictable, not
every scrap type is always available on scrap yards and therefore flexibility is
required. And (3) the model helps to save costs and resources. Costly testing
is avoided and the excessive use of high quality raw material can be reduced.

In the second part of Component III, a new framework for estimating
the chemical content of the respective input material was developed, which
does not require any additional sensors. XGBoost models, which were trained
with an extended dataset, serve as the basis. In addition, SHAP values, an

54



approach adapted from game theory, were calculated for the various models.
These SHAP values form the basis for the back-calculation approach and
the newly developed framework. With this method, very precise conclusions
can be drawn on the chemical content of the accompanying elements of the
materials used. The results were compared with the historical estimates of
the steelworks and the approach could thus be validated. It can be assumed
that the results correlate with the model results and that the results of the
back-calculation can be improved even further through even better prediction
models. The approach is application-agnostic and can also be used in other
areas and application scenarios.

The developed components of the holistic system show that artificial in-
telligence technologies, together with other disciplines, are able to make a
fundamental contribution to the further development and transformation of
the steel industry.
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CHAPTER 5

Future Work & Sustainability

5.1 Outlook & Future Work

AI-supported processes are still in the early stages of development and inte-
gration into steel mill processes. Therefore, there will be many opportunities
to optimize or completely change processes in the coming years. The compo-
nents developed here provide a basis for scrap optimization. However, further
interesting research questions arise from this, as well as related problems that
need to be solved. Future studies and developments could improve the steel
process or be of interest for further research:

• Research into the unique properties of scrap compared to classic object
datasets.

• Investigating the high variability of scrap in terms of sizes, shapes and
properties.

• Adapting existing deep learning models to the specific requirements of
scrap datasets.

• Use of SSL to analyze and detect surface defects in different materials.

• Use of auto-augmentation libraries to automate the process.

• Transfer of the developed SSL approach to new domains and tasks.

• Combination of the classification algorithms with other technologies
such as Light Detection and Ranging or Laser Induced Breakdown Spec-
troscopy.

• Development of an architecture for regular automated retraining of on-
line models.

57



CHAPTER 5. FUTURE WORK & SUSTAINABILITY

• Improving the traceability of scrap in the scrap yard.

• Adaptation of the approaches to the EAF or processes such as secondary
metallurgy.

5.2 Contribution to Sustainability

The system developed and presented here can have an enormous influence on
the green transformation of the steel industry towards low-CO2 steel. The
created freely available scrap dataset, the AI-supported scrap classification, as
well as the AI-supported scrap optimization and back calculation are of crucial
importance for the transformation of the steel industry towards sustainability.
In particular, the newly developed components support the UN Sustainable
Development Goals [84] (SDGs) 9, 12 and 13 (see Figure 5.1).

(a) Goal 9. (b) Goal 12. (c) Goal 13.

Figure 5.1: UN Sustainability Development Goals.

In detail, the SDGs are supported as follows:

• SDG 9 - Industry, Innovation and Infrastructure
AI and data technologies are driving innovation and creating smarter
and more efficient steel production. In particular, the developed compo-
nents contribute to smart, innovative, and efficient production processes.

• SDG 12: Responsible Consumption and Production
The optimized use of scrap promotes closed cycles, minimizes waste,
and increases resource efficiency.

• SDG 13: Climate Action
The AI-powered components help to reduce CO2 emissions through
more efficient use of recycled materials. In addition, the goal is fur-
thered by more precise data, classification, and optimization of the scrap
process.
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AI-powered steel production and the combination of different approaches
contribute to economically viable steel production and are a key factor in
achieving global sustainability goals.
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