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Summary

English – Steel production is essential for modern construction and manufacturing, but it is also
resource-intensive and responsible for a substantial share of global CO2 emissions. Increasing the
use of recycled steel scrap is therefore an important route toward more circular and lower-emission
steel production. However, scrap streams often contain individual pieces with highly variable chemical
compositions. When these compositions are not controlled, residual and alloying elements can ex-
ceed the limits of high-grade steel recipes, causing scrap to be down-cycled into lower-value products
or diluted with primary raw materials.

Recent developments in sensor-based sorting technologies, such as LIBS, XRF, and XRT, make it
increasingly possible to determine the material type, mass, and elemental composition of individual
scrap pieces. Yet, this detailed piece-level information is not fully used in conventional sorting systems,
which often classify scrap into broad material categories. This thesis addresses that gap by developing
and simulating a recipe-based scrap sorting decision layer that allocates individual scrap items to steel
recipes according to their chemical compatibility and economic value.

The proposed system uses a buffer of scanned scrap items and evaluates combinations of these items
against chemical constraints derived from European Steel Standards. A scrap heap is considered
feasible when the mass-weighted average composition of all selected items satisfies the lower and
upper elemental limits of a target steel recipe, while also respecting a maximum heap capacity. The
allocation problem is highly combinatorial, because many scrap items must be evaluated against many
possible recipes. Therefore, several heuristic algorithms were developed and compared, including
single-run greedy, multi-pass greedy, multi-start greedy, and variants with local search.

The simulation framework was implemented using synthetically generated scrap data based on steel
composition ranges, because large-scale public datasets with piece-level scrap compositions are not
available. System performance was evaluated using item conversion, mass conversion, heap utilisa-
tion, and economic value. These indicators were used to compare algorithmic performance and to
assess the effect of key system parameters, such as buffer size, heap capacity, and the number of
available heaps.

The results show that greedy heuristic methods are suitable for the proposed sorting decision layer. In
particular, the multi-pass greedy algorithm provided the best balance between solution quality and com-
putational efficiency. Multi-start and local-search variants achieved only limited additional performance
improvements while requiring substantially more computation time. The buffer size analysis showed
that performance improves strongly at small buffer sizes, but that gains diminish beyond approximately
700-1000 scrap items. A buffer size of 1000 items was therefore selected as a stable baseline.

Further simulation experiments showed a clear trade-off between mass conversion, heap utilisation,
and economic value. Increasing heap capacity and the number of heaps generally improves mass
conversion and value creation, but can reduce heap utilisation because larger heaps become harder
to fill completely within chemical constraints. A balanced operating region was found around seven
heaps with a heap capacity of 12000 kg, achieving approximately 78% mass conversion and 89%
heap utilisation while maintaining strong economic performance.

Overall, this thesis demonstrates that recipe-based scrap sorting is a promising strategy for increas-
ing the value recovered from steel scrap. By combining sensor-based item characterisation, recipe
constraints, and scalable allocation algorithms, scrap sorting can shift from broad classification toward
value-oriented recipe allocation. Although the model relies on synthetic data and assumes accurate
sensor measurements, it provides a practical blueprint for future decision-support systems in high-
grade scrap-based steel production.
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Nederlands – Staalproductie is essentieel voor moderne bouw en productie, maar is ook grondstofin-
tensief en verantwoordelijk voor een aanzienlijk deel van de wereldwijde CO2-uitstoot. Het vergroten
van het gebruik van gerecycled staalschroot is daarom een belangrijke route naar meer circulaire staal-
productie met lagere emissies. Schrootstromen bestaan echter vaak uit afzonderlijke stukken met sterk
variërende chemische samenstellingen. Wanneer deze samenstellingen niet worden gecontroleerd,
kunnen residuele en legeringselementen de grenswaarden van hoogwaardige staalrecepten overschri-
jden. Hierdoor wordt schroot vaak gedowncycled naar producten met een lagere waarde of verdund
met primaire grondstoffen.

Recente ontwikkelingen in sensor-gebaseerde sorteertechnieken, zoals LIBS, XRF en XRT, maken
het steeds beter mogelijk om het materiaaltype, de massa en de elementaire samenstelling van indi-
viduele schrootstukken te bepalen. Deze gedetailleerde informatie op stukniveau wordt echter nog niet
volledig benut in conventionele sorteersystemen, die schroot vaak indelen in brede materiaalklassen.
Deze thesis richt zich op deze leemte door een recept-gebaseerde beslislaag voor schrootsortering
te ontwikkelen en te simuleren, waarmee individuele schrootstukken worden toegewezen aan staalre-
cepten op basis van chemische geschiktheid en economische waarde.

Het voorgestelde systeem gebruikt een buffer met gescande schrootstukken en beoordeelt combi-
naties van deze stukken aan de hand van chemische beperkingen uit Europese staalnormen. Een
schroothoop wordt als haalbaar beschouwd wanneer de massa-gewogen gemiddelde samenstelling
van alle geselecteerde stukken voldoet aan de onder- en bovengrenzen van de elementen binnen
een doelrecept, terwijl ook de maximale hoopcapaciteit wordt gerespecteerd. Het toewijzingsprobleem
is sterk combinatorisch, omdat veel schrootstukken moeten worden beoordeeld voor veel mogelijke
recepten. Daarom zijn verschillende heuristische algoritmen ontwikkeld en vergeleken, waaronder
single-run greedy, multi-pass greedy, multi-start greedy en varianten met local search.

Het simulatiekader is geïmplementeerd met synthetisch gegenereerde schrootdata op basis van staal-
compositiebereiken, omdat grootschalige openbare datasetsmet schrootsamenstellingen op stukniveau
niet beschikbaar zijn. De systeemprestaties zijn geëvalueerd met itemconversie, massaconversie,
hoopbenutting, en economische waarde. Deze indicatoren zijn gebruikt om algoritmische prestaties
te vergelijken en om het effect van belangrijke systeemparameters te beoordelen, zoals buffergrootte,
hoopcapaciteit en het aantal beschikbare hopen.

De resultaten laten zien dat greedy heuristische methoden geschikt zijn voor de voorgestelde beslis-
laag. Met name het multi-pass greedy algoritme biedt de beste balans tussen oplossingskwaliteit en
rekenefficiëntie. Multi-start- en local-search-varianten leveren slechts beperkte extra prestatieverbe-
teringen op, terwijl zij aanzienlijk meer rekentijd vereisen. De analyse van de buffergrootte laat zien
dat de prestaties sterk toenemen bij kleine buffers, maar dat de meerwaarde afneemt vanaf ongeveer
700-1000 schrootstukken. Daarom is een buffergrootte van 1000 stukken gekozen als stabiele basis-
configuratie.

Verdere simulatie-experimenten laten een duidelijke afweging zien tussen massaconversie, hoopbe-
nutting en economische waarde. Het vergroten van de hoopcapaciteit en het aantal hopen verbetert
over het algemeen demassaconversie en waardecreatie, maar kan de hoopbenutting verlagen doordat
grotere hopen moeilijker volledig te vullen zijn binnen de chemische beperkingen. Een gebalanceerd
werkgebied werd gevonden rond zeven hopen met een hoopcapaciteit van 12000 kg, waarbij ongeveer
78% massaconversie en 89% hoopbenutting werd bereikt, terwijl sterke economische prestaties be-
houden bleven.

Deze thesis toont aan dat recept-gebaseerde schrootsortering een veelbelovende strategie is ommeer
waarde uit staalschroot terug te winnen. Door sensor-gebaseerde karakterisering op stukniveau, re-
ceptbeperkingen en schaalbare toewijzingsalgoritmen te combineren, kan schrootsortering verschuiven
van brede classificatie naar waarde-gerichte recepttoewijzing. Hoewel het model gebaseerd is op syn-
thetische data en uitgaat van nauwkeurige sensormetingen, biedt het een praktische basis voor toekom-
stige beslissingsondersteunende systemen voor hoogwaardige schroot-gebaseerde staalproductie.
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1
Introduction

Steel is an essential material for modern infrastructure, transport, energy systems, and manufacturing,
but its production remains highly resource- and emission-intensive. The World Steel Association [1]
reported 1885 million tonnes of crude steel production in 2024, more than twice the 850 million tonnes
produced in 2000. At the same time, steel production is responsible for approximately 8% of global CO2

emissions, with primary steelmaking from iron ore accounting for the majority of these emissions [2].
Increasing the use and value of recycled steel scrap is therefore an important route towards reducing
the dependence on virgin raw materials and making secondary steelmaking more competitive. In the
EU, steel scrap already represents a substantial share of steel production, with the proportion of steel
scrap used in relation to crude steel production reported at 56% [3]. However, using more scrap is
not only a matter of quantity, but also of quality and allocation: scrap must be sorted and combined in
such a way that it can satisfy the chemical requirements of valuable steel grades. This thesis therefore
investigates how sensor-based composition data can be translated into recipe-based sorting decisions
that increase the value recovered from scrap steel.

1
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1.1. Background and motivation
One of the most effective strategies to reduce the environmental footprint of steel production is to
increase the use of recycled steel scrap. Unlike many other materials, steel can be recycled repeatedly
without losing its fundamental mechanical properties [1]. The use of steel scrap reduces the need for
primary raw materials and can substantially lower energy consumption and CO2 emissions compared
with primary steel production [3, 4]. Therefore, scrap-based steel production plays an important role in
the transition towards a more circular and low-carbon steel industry.

However, the value of scrap depends strongly on its chemical composition. Scrap streams originate
from a wide range of products and end-of-life applications, which results in large compositional variation
between individual scrap pieces [5]. Residual or tramp elements such as copper and tin, as well as
alloying elements such as chromium when present in unsuitable steel grades, can limit the range of
steel grades that can be produced from recycled material [4]. If these elements exceed the allowable
composition limits, scrap may need to be diluted with primary raw materials or down-cycled into lower-
value steel products [6].

The motivation of this thesis is therefore not only to increase the amount of steel scrap used, but also
to increase the value recovered from it to make recycled steel economically more competitive with
primary steelmaking from mined raw materials. Sensor-based scrap analysis offers the possibility to
measure composition before melting, but this information must still be translated into sorting decisions.
This creates the need for a recipe-based approach in which scrap pieces are combined so that their
mass-weighted average composition satisfies the chemical limits of valuable steel grades.

1.2. Research gap
Recent advances in sensor-based scrap analysis have made it increasingly feasible to determine the
elemental composition of individual scrap pieces. Handheld XRF and LIBS systems can support ma-
terial characterisation in scrap-yard environments [7], while automated XRF and LIBS-based systems
have shown potential for composition-based and alloy-level sorting of post-consumer metal scrap [8,
9]. These technologies can provide detailed information that could be used to improve the utilisation of
scrap in steel production.

Despite these technological developments, the available compositional information is not yet fully ex-
ploited at the system level. Industrial scrap sorting commonly relies on broad material classes, origin,
or standardised scrap categories, meaning that only partial information about the true scrap chemistry
is retained [5]. Existing studies show the value of better compositional information and sensor-based
classification, but they do not yet address how individual scrap pieces should be allocated to recipe-
compliant heaps under mass, capacity, and value constraints.

A key limitation is therefore the absence of a smart “sorting decision layer” that converts piece-by-
piece composition data into recipe-based allocation decisions. Since modern steel grades are defined
by strict chemical composition boundaries, the final feasibility of a steel charge depends on the mass-
weighted average composition of all selected scrap pieces. By developing an algorithm that searches
for profitable and feasible combinations of scrap items, sensor data can be translated into practical
sorting decisions that improve both material utilisation and economic value recovery.

1.3. Problem definition
Steel producers and scrap recycling companies increasingly rely on scrap metal as an input material
for electric arc furnace (EAF) steel production [2]. While scrap recycling significantly reduces energy
consumption and greenhouse gas emissions compared to primary steel production [3], it also intro-
duces challenges related to the chemical variability of scrap materials [5]. Individual scrap pieces often
contain different concentrations of alloying and tramp elements, which makes it difficult to control the
final chemical composition of the produced steel [4].

Modern steel grades are defined by strict chemical composition boundaries according to standardised
steel recipes. During steelmaking, the final composition of the melt is determined by the mass-weighted
average of all input materials. When scrap pieces with unknown or incompatible compositions are
combined, unwanted elements can accumulate and exceed the allowable limits for certain steel grades.



1.4. Research objective and main research question 3

This phenomenon, commonly referred to as the build-up of tramp elements, reduces the range of steel
grades that can be produced from recycled scrap and often forces producers to down-cycle scrap into
lower-value steel products [6] or dilute impurities using primary raw materials [5].

Recent advances in sensor-based scrap analysis make it possible to measure the elemental com-
position of individual scrap pieces before they enter the steelmaking process [7]. This information
could be used to combine scrap pieces in such a way that their weighted average composition satis-
fies the chemical boundaries of specific steel recipes. However, determining which combinations of
scrap pieces form feasible and economically attractive steel recipes is a complex combinatorial prob-
lem. Large scrap streams contain thousands of individual items with different masses and chemical
compositions, which have to be evaluated against hundreds of possible steel recipes.

The scientific challenge addressed in this thesis is therefore the development of a new algorithmic
method that can efficiently allocate individual scrap items to steel recipes based on their chemical
composition, while maximising economic value and making efficient use of available sorting capacity.
By modelling and evaluating these allocation strategies in a simulation environment, this research aims
to investigate how piece-by-piece scrap composition data can be used as a smart sorting decision layer
to improve the performance of existing modern scrap sorting systems.

1.4. Research objective and main research question
To address this research gap, this thesis aims to develop a new sorting decision system that can sort
(match) scrap pieces according to EU steel standards into the most profitable combination. This follows
the main research question:

“How can a sensor-based scrap sorting system be developed and simulated to enable recipe-based
steel production and maximise the value from large volumes of scrap metal?”

1.5. Sub-research questions
To answer themain research question, the research is devised in the following subsequent sub-research
questions:

1. What is the state-of-the-art of sensor-based scrap metal scanning and sorting techniques, and to
what extent do they meet the requirements for recipe-based steel production?

2. How can a system be developed that allocates scrap metal into sorted scrap streams based on
the chemical composition of steel recipes according to European Steel Standards?

3. What kind of algorithms are suitable for assigning scrap items within the proposed sorting system,
considering solution quality and computational efficiency?

4. How can the performance of the proposed scrap sorting system be quantitatively evaluated and
tuned for maximal value creation and space efficiency?

5. How does the proposed scrap sorting system perform under varying system configurations?

1.6. Research approach
To address the main research question, this thesis begins with a literature review on the capabilities
of state-of-the-art sensor-based scanning and sorting techniques (sub-research question 1). This pro-
vides the foundation for answering sub-research question 2, which focuses on the design of a sorting
decision layer that allocates scrap based on the compositional data obtained from these scanning tech-
niques.

Next, an appropriate algorithm is selected (sub-research question 3) to evaluate and implement the
sorting decisions within this layer. Subsequently, key performance indicators are defined to assess
and tune the system for maximum scrap value extraction (sub-research question 4).

Finally, a series of numerical experiments is conducted in line with sub-research question 5 to evaluate
system performance under varying input parameters, such as the number of available heaps and the
maximum capacity per heap.
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1.7. Thesis Outline
The thesis is structured according to the research approach described in the Section 1.6. From this
approach, a logical outline is visualised in Figure 1.1. This figure shows a Literature, Methodology, Re-
sults, Discussion, and Conclusion segment, each divided up into subsections that discuss the relevant
subjects to answer the sub-research questions presented in Section 1.5.

The literature (Chapter 2) review addresses the first research question by analysing scrap separation
techniques (Section 2.2), modern sensor-based sorting systems (Section 2.3), and sorting strategies
(Section 2.4). It evaluates whether current state-of-the-art methods provide sufficiently accurate com-
positional data and feasible sorting speeds to support the proposed decision layer.

Figure 1.1: Flow diagram of the thesis outline based on Section 1.6 and Section 1.7.
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The methodology part describes the development of the different components needed for the sorting
decision layer, what algorithms are considered, and how the performance is evaluated in numerical
simulation experiments. Thereby answering the second research question in Chapter 3, the third in
Chapter 4, and the fourth in Chapter 5.

The results of the experiments described in Chapter 5 are presented in Chapter 6. The final sub-
research question is addressed by analysing the sensitivity of the performance indicators to different
parameter value combinations. In addition, supporting material is provided in the appendices: Ap-
pendix A contains the paper summary, Appendix B presents example Excel tables used in the simula-
tion workflow, and Appendix C provides additional statistics to illustrate the structure of the solutions
generated by the Sorting Decision Layer.

The discussion interprets the results presented in Chapter 7 by analysing the feasibility and scalability
of the proposed system (Section 7.2), its limitations (Section 7.3), and its performance in comparison
with existing scrap sorting methods (Section 7.4). The thesis concludes in Chapter 8 by summarising
the answers to the five sub-research questions (Section 8.1), drawing conclusions with respect to the
main research question (Section 8.2), and outlining recommendations for industrial implementation
(Section 8.3) and future research (Section 8.4).



2
Literature Review

The introduction (Chapter 1) found that increasing the value of recycled steel scrap requires more
than simply increasing the amount of scrap used in steel production. Because scrap pieces differ in
chemical composition, the central challenge is to determine whether available sorting technologies
can provide the information needed for recipe-based allocation. This literature review therefore forms
the first step in the development of the proposed Sorting Decision Layer. It examines how scrap is
currently processed, which sensing techniques can characterise individual scrap pieces, and whether
existing sorting systems and optimisation approaches are sufficient to translate piece-level information
into recipe-based steel production decisions.

This chapter answers the first sub-research question: “What is the state-of-the-art of sensor-based
scrap metal scanning and sorting techniques, and to what extent do they meet the requirements for
recipe-based steel production?” It first provides an overview of the steel recycling industry in Sec-
tion 2.1, followed by detection techniques in Section 2.2, sensor-based sorting systems in Section 2.3,
and existing approaches to automated scrap sorting in Section 2.4. The chapter concludes in Sec-
tion 2.5 by summarising the literature findings and identifying the research gap addressed in this thesis.

6
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2.1. Overview of steel recycling industry
Steel production relies heavily on recycled scrap metal as a raw material. Scrap originates from many
sources, such as end-of-life vehicles, demolished buildings, industrial off-cuts, and consumer products
[10]. One important advantage of steel is that it can be recycled repeatedly without substantial loss of
properties if impurities are controlled. As a result, steel is the most recycled metal globally by mass, and
recycled scrap accounts for about 30% of global steel production. In regions with high scrap availability,
scrap-based production reaches 90%, while other regions still depend more on newly mined iron [11].

In the past, scrap sorting was a largely manual process. Early scrapyards depended on visual inspec-
tion, hand sorting, and simple magnetic separation to separate ferrous metals from other materials. As
steel recycling volumes increased during the 20th century, mechanical processing became more com-
mon. Large shredders were introduced to process scrap streams like automobiles. During this period,
scrap was classified by origin into home scrap, prompt (industrial) scrap, and obsolete scrap. Home
and prompt scrap generally have known compositions and are easier to reuse, while obsolete scrap is
more diverse and requires more sorting [12].

In modern steel production, scrap sorting is a major industrial operation. Steelmakers demand scrap
with controlled chemical composition to meet quality requirements, especially for high-grade steels [13].
As a result, scrap processing facilities use a combination of physical, mechanical, and manual methods
to increase scrap quality. Magnetic separation is still the primary technique for separating steel from
mixed material streams, especially after shredding [14]. Eddy current separation is used to remove
non-ferrous metals, improving the purity of ferrous scrap [15].

Despite automation, manual sorting is still used to remove visible contaminants or to separate specific
scrap grades. However, manual methods are labour-intensive, inconsistent, and expose workers to
safety risks [10]. This has stimulated the adoption of automated and semi-automated sorting technolo-
gies. Industrial facilities increasingly use handheld analysers and automated inspection systems to
distinguish between carbon steel, alloy steel, and stainless steel [7]. These systems allow scrap to be
grouped into standardised grades that meet steelmakers’ specifications.

The economic aspect of sorting is very important. Well-sorted, low-impurity scrap offers higher market
prices than mixed or contaminated scrap [6]. Thereby, effective sorting helps control residual elements
such as copper and tin, which cannot be removed during the melting process and negatively affect
steel properties [4]. Increased levels of these elements may cause surface cracking, reduced ductility,
or limited formability [16]. Therefore, careful scrap separation is necessary, especially for high-strength
steels with tight composition ranges.

2.2. Detection techniques
The previous section showed that steel recycling increasingly depends on reliable scrap quality control
to limit residual elements and meet steelmakers’ specifications. This section therefore reviews detec-
tion techniques used in automated sorting. The techniques are discussed from robust bulk pre-sorting
methods, such as magnetic, eddy current, and induction-based detection, to density-, composition-,
spectral-, and vision-based sensors. For each method, the principle, practical relevance, and limita-
tions for recipe-based steel scrap sorting are highlighted, with attention to industrial implementation
and performance.

Magnetic separation is widely used as an initial sorting
step for shredded scrap. It exploits the magnetic force
acting on magnetisable particles in a non-uniform mag-
netic field. As illustrated in Figure 2.1, a magnetic pul-
ley deflects ferrous tramp iron from the normal trajectory
of non-magnetic material. This makes the method ro-
bust, inexpensive, and suitable for high-throughput bulk
pre-sorting. However, because it mainly separates mag-
netic from non-magnetic material, it cannot distinguish
between different steel grades or provide alloy-level com-
position data [14].

Figure 2.1: Magnetic pulley separation of tramp
iron from non-magnetic materials [14].
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Eddy current separation is commonly used after mag-
netic separation to recover non-ferrous metals from
scrap streams. As shown in Figure 2.2, alternating mag-
netic poles induce currents in conductive particles, gen-
erating a repulsive force that throws metals such as alu-
minium or copper beyond the non-metal fraction. The
method is fast and suitable for bulk pre-sorting, but sep-
aration depends strongly on particle size, shape, conduc-
tivity, and machine settings [15, 17]. Figure 2.2: Eddy current separation [17].

Induction-based sorting uses electromagnetic coils to
identify conductive scrap from its magnetic response. As
shown in Figure 2.3, excitation coils generate an alternat-
ing field and receiving coils measure the response after
interaction with the metal. The signal can support metal
classification, especially when combined with vision, but
it reflects conductivity and geometry rather than elemen-
tal composition and is therefore less suitable for precise
alloy identification [18]. Figure 2.3: Schematic of an induction-based

sensing system for scrap metal classification [18].

X-ray transmission (XRT) detection separates particles
by measuring differences in X-ray absorption as they
pass between an X-ray source and detector. As shown in
Figure 2.4, the detected attenuation image can be clas-
sified and used to trigger physical separation, typically
by air jets. Because absorption is influenced by den-
sity, thickness, and atomic density, XRT is effective when
valuable particles show a clear contrast with the sur-
rounding waste, such as dense cassiterite in lighter rock.
In industrial applications, the technique can process
large material streams continuously, enabling early re-
jection of unwanted fractions and reducing downstream
processing costs and energy consumption. This makes
XRT useful for high-throughput coarse pre-sorting, but
it does not provide detailed elemental composition like
XRF or LIBS. Therefore, its usefulness for recipe-based
steel scrap classification is limited [19]. Figure 2.4: XRT sorting principle and example

attenuation images [19].

X-ray fluorescence (XRF) sorting identifies scrap pieces
from the characteristic secondary X-rays emitted after
excitation by an X-ray source. As shown in Figure 2.5,
particles are singulated on a vibratory feeder, scanned
in the detection zone, classified by the processing unit,
and separated by air jets. Because the measured spec-
trum is linked to elemental composition, XRF is suitable
for alloy-specific sorting and quality control. However,
industrial chute sorters must classify objects within mil-
liseconds, so accuracy decreases when alloys have only
small compositional differences. Light elements and con-
taminated surfaces can also be challenging, limiting use
in high-speed recipe-based steel sorting [8].

Figure 2.5: Operating principle of an XRF chute
sorter for alloy-specific scrap sorting [8].
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Laser-induced breakdown spectroscopy (LIBS) uses fo-
cused laser pulses to ablate a small area of the scrap
surface, forming a plasma whose emitted spectrum con-
tains element-specific atomic and ionic lines. As shown
in Figure 2.6, the laser is directed onto the scrap piece,
while the emitted light is collected by a spectrometer and
processed into a corrected spectrum. This makes LIBS
highly relevant for alloy-level sorting, especially because
it can detect light elements more effectively than XRF.
However, reliable classification requires stable spectra,
surface preparation or compensation for contamination,
and suitable preprocessing such as baseline correction
to reduce spectral noise and improve measurement con-
sistency. Although conventional machine-learning pro-
cessing can be too slow, deep-learning approaches can
classify many spectra simultaneously and support real-
time industrial sorting [9]. Figure 2.6: LIBS measurement and baseline

correction for scrap classification [9].

Near-infrared spectroscopy (NIR) uses reflected light
to classify materials from absorption patterns linked to
molecular bonds. As shown in Figure 2.7, hyperspectral
image acquisition combines lighting, imaging, data com-
pression, classification, and an ejection unit for physical
separation. The method is non-contact and fast, mak-
ing it useful for plastics, wood, organic contaminants,
coatings, and other polymer-based fractions in indus-
trial recycling and sorting applications. However, NIR
mainly measures molecular vibrations rather than ele-
mental composition, so it cannot reliably identify specific
metals or alloy grades in recipe-based scrap sorting [20]. Figure 2.7: NIR sorting system with image

acquisition, classification, and ejection unit [20].

Optical or vision-based sorting uses cameras to classify
scrap from visible surface features such as shape, size,
colour, thickness, and surface condition. As shown in
Figure 2.8, cameras capture images of the scrap load,
after which deep-learning models detect and label in-
dividual pieces or defect categories for grading. This
makes the technique attractive for fast, non-contact in-
spection of categories such as painted, galvanised, oily,
oversized, or inclusion-containing scrap. However, be-
cause the classification is based on appearance rather
than elemental composition, optical sorting cannot di-
rectly determine alloy grade or chemical composition. Its
performance can also be reduced by occlusion, overlap-
ping pieces, dust, variable illumination, and surface con-
tamination. Optical sensing is therefore best used as
a complementary method alongside composition-based
sensors in recipe-based scrap sorting [21]. It can also im-
prove process efficiency and reduce manual inspection.

Figure 2.8: Camera-based scrap inspection and
deep-learning detection of scrap pieces [21].
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The reviewed techniques are summarised in Table 2.1, showing that no single method combines high
throughput, low cost, and detailed alloy information. Practical sorting lines therefore often rely on
combining complementary sensors. The next section examines how such techniques are integrated
into commercial sensor-based sorting systems.

Technique Detection Principle Applications Advantages Disadvantages

Magnetic [14] Magnetic attraction Ferrous /
non-ferrous

Very cheap, high
throughput, robust Only ferrous detection

Eddy Current [15] Induced electric currents in
conductive metals

Non-ferrous /
non-conductors

Fast, suitable for
bulk flows

Performs poorly with
small/thin pieces

Induction [18] Change in electromagnetic
field

Detection of metal /
non-metal

Cheap, robust,
simple

No alloy or elemental
information

XRT [19] Differences in X-ray
absorption (density)

Light /
heavy metals

Penetrates coatings,
distinguishes densities

Expensive, radiation
safety required

XRF [8] Characteristic fluorescence
per element under X-ray Alloy analysis Very accurate,

element-specific
Lower speed, high
costs

LIBS [9] Laser plasma emission
spectrum

High-grade alloy
separation

High precision,
detects light elements

Relatively slow, high
energy consumption

NIR [20] Reflection spectrum Coatings, plastics,
paint on metal Fast, cheap Limited applicability

to metals themselves

Optical [21] Shape, color, texture,
gloss

Coating, shape
recognition

Very fast, can be
combined with
other techniques

Not chemically specific,
sensitive to dirt and dust

Table 2.1: Overview of detection techniques used in sensor-based sorting.

2.3. Sensor-based sorting systems
Modern sensor-based scrap sorting systems are increasingly designed to combine material identifi-
cation accuracy with industrial throughput. In commercial metal recycling, XRT, XRF, LIBS, optical
sensors, and 3D object recognition are commonly combined to separate metals by density, elemen-
tal composition, alloy class, or visible surface characteristics. For recipe-based steel production, the
most relevant requirement is not only the recognition of broad scrap categories, but the ability to ob-
tain sufficiently reliable compositional information at piece level while maintaining industrial processing
capacity.

TOMRA’s AUTOSORT™PULSE illustrates the use of dy-
namic LIBS for industrial aluminium alloy sorting. The
system shown in Figure 2.9, combines LIBS with 3D ob-
ject scanning, shape recognition, and AI-based object
singulation to handle overlapping pieces. TOMRA re-
ports purity levels of 95% or higher for 5xxx and 6xxx alu-
minium streams, with up to 15 t/h on a 1.2 m belt. Its rele-
vance for this thesis is the demonstrated high-throughput
per-piece spectral sorting capability in demanding indus-
trial recycling environments today [22].

Figure 2.9: TOMRA AUTOSORT™ PULSE
dynamic LIBS sorting system [22].

Ocean Optics’ SpeedSorter, integrated in Austin AI sort-
ing systems, demonstrates LIBS-based in-line sorting of
non-ferrous scrap. The system shown in Figure 2.10,
measures the chemical composition of individual alu-
minium pieces and sends the result to the separator. Re-
ported separations include wrought from cast aluminium,
aluminium from magnesium, and 6xxx alloys from mixed
scrap. The case study reports operation at 3-4 t/h, with
cost estimates based on 4-5 t/h [23].

Figure 2.10: Ocean Optics SpeedSorter [23].
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STEINERT’s PLASMAX LIBS sorter demon-
strates how multiple sensing and separa-
tion steps can be integrated in one indus-
trial aluminium alloy sorter. As shown in
Figure 2.11, the system feeds material onto
the belt, performs 3D and in-flight detec-
tion, applies multi-spot LIBS measurements,
and uses AI-supported evaluation to trigger
compressed-air separation. It can discharge
three products in one run and is intended for
alloy classes such as 3xxx, 4xxx, 5xxx, and
6xxx. STEINERT reports purities above 95%
and a processing capacity of up to 11 t/h. Al-
though developed for aluminium rather than
steel, it illustrates the industrial feasibility of
high-throughput per-piece LIBS classification
for recipe-based sorting concepts [24].

Figure 2.11: STEINERT PLASMAX sorting system [24].

SGMMagnetics illustrates a cascaded approach to sensor-based sorting. Its XRT systems separate by
density, while XRF-T combines X-ray transmission with fluorescence to add element-based information.
For chemical composition analysis, SGM presents LIBS as a complementary but more capital-intensive
technology. As shown in Figure 2.12, the Cleansort LIBS concept uses square laser pre-ablation to
remove surface contamination before spectral measurement. The modular system is reported for alu-
minium scrap throughputs between 5.5 and 11 t/h, and can be recalibrated for other metals, including
steel [25, 26].

Figure 2.12: SGM Cleansort LIBS square surface ablation before spectral analysis [26].

The commercial systems summarised in Table 2.2 show that high-throughput sensor-based alloy sort-
ing is technically feasible, especially for aluminium and non-ferrous scrap streams. They also show
a clear trend towards combining spectral analysis, 3D object detection, AI-based classification, and
controlled ejection. However, most reported performance values are supplier-provided and application-
dependent. For recipe-based steel scrap sorting, the remaining challenge is not only detecting or clas-
sifying individual items, but also using the resulting information in a decision-making strategy. The next
section therefore reviews existing academic approaches to automated scrap sorting and optimisation.
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System Accuracy (Purity) Precision (Analysis) Throughput (kg/h)

[22] TOMRA
AUTOSORT™ PULSE
(LIBS)

≥95% sorted alloy purity Multi-point LIBS scanning
(up to 97% purity) Up to 15 000

[25, 26] SGM
Cleansort
(LIBS)

>98% purity with
XRF/XRT pre-sort

Quantitative per-piece
composition analysis 5 500 - 11 000

[24] Steinert
PLASMAX
(LIBS)

>95% purity in alloy output “Maximum precision”
multi-spot LIBS sorting Up to 11 000

[23] Ocean Optics/Austin AI
SpeedSorter
(LIBS)

High-purity alloy sorting
(<0.1% Cu, Zn)

Accurate LIBS elemental
ID of alloys 3 000 - 4 000

Table 2.2: Overview of elemental analysis sorting machines.

2.4. Existing approaches to automated scrap sorting
Existing approaches to automated scrap sorting cover optimisation, process simulation, sensor-based
classification, and machine-vision-based quality inspection. Together, these studies provide important
building blocks for automated sorting systems and demonstrate the potential of automation across
different stages of the recycling process. However, they generally focus on scrap selection, physical
flow, or material classification separately, and do not integrate piece-level compositional information
with recipe-based heap allocation within a unified decision-support framework for operational sorting.

Figure 2.13: Scrap-yard logistics and OSCAR
interface for cost-minimising scrap selection [27].

Bernatzki et al. (1998) [27] studied scrap selection for
steel production as a mixed-integer programming prob-
lem. As shown in Figure 2.13, their approach connects
the physical logistics of scrap supply, including scrap-
yard tracks, rail cars, cranes, and transport containers,
with an optimisation interface that proposes scrap com-
binations for upcoming converter processes and sup-
ports operational planning decisions within the steelmak-
ing production chain. The model minimises material
cost while satisfying cooling requirements, iron-content
limits, tramp-element constraints, and transport restric-
tions based on the number and position of selected rail
cars. This is relevant for this thesis because it frames
scrap use as a constrained optimisation problem rather
than a purely operational decision. However, the opti-
misation is performed at the level of predefined scrap
classes and rail-car inventories, without considering de-
tailed variability between individual scrap items. It there-
fore does not address sensor-characterised individual
scrap pieces, dynamic heap formation, or allocation to
recipes based on piece-level composition data.

Compañero et al. (2023) [5] evaluated how compositional information affects scrap-based steel pro-
duction using the expected value of perfect information framework. Their model compares partial infor-
mation, where scrap composition is only known within specification ranges, with full information, where
the exact composition is available before melting. The results show that full information can reduce
production costs by 8-10% and make excess alloying costs almost negligible. This is relevant because
it quantifies the economic value of recovering composition data from end-of-life scrap. However, the
study evaluates scrap-class information and furnace charging, not piece-level sorting or dynamic heap
allocation.
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Wu et al. (2024) [28] developed a DEM-based virtual ex-
periment model for an automated aluminium scrap sort-
ing facility. As shown in Figure 2.14, the model repre-
sents both the process layout, consisting of singulation,
sensor scanning, AI classification, and ejection, and the
irregular particle geometry obtained from 3D-scanned
scrap pieces. The particle shapes were reconstructed
using detailed scanning data and subsequently approx-
imated within the DEM environment, allowing realistic
representation of scrap behaviour during transport and
separation. This makes the study relevant because it
shows how particle-scale simulation can support the de-
sign of full sorting lines rather than only individual sen-
sors. The results indicate that flow regularisation is es-
sential: high feeding rates increase overlap and cluster-
ing, reducing successful scanning and ejection. A fea-
sible feeding range of about 3-4 particles per second
achieved a sorting rate of approximately 83%. However,
the study does not address recipe-level allocation, mass
conversion, or economic value. Figure 2.14: DEM-based aluminium scrap sorting

line and 3D particle-shape representation [28].

Figure 2.15: Industrial MIS sorting concept and
MetalID sensor hardware [29].

Williams et al. (2023) [29] evaluated magnetic induc-
tion spectroscopy (MIS) for separating wrought from cast
aluminium in shredded Twitch scrap. As shown in Fig-
ure 2.15, the industrial setup placed MetalID coils be-
neath a conveyor and used an air ejector to deflect
pieces classified as wrought. The static laboratory sys-
tem achieved 89.66% recovery at 94.96% purity, but in-
dustrial tests at 2 m/s performed worse because pieces
only partly covered sensors, orientation changed the re-
sponse, and algorithm choice affected generalisation.
The study highlights the gap between controlled sensor
tests and industrial sorting performance.

Díaz-Romero et al. (2023) [30] investigated multi-sensor
classification of post-consumer aluminium scrap by fus-
ing LIBS spectra with RGB and depth images using deep
learning. As shown in Figure 2.16, the method com-
bines augmented LIBS spectra with visual and 3D repre-
sentations of the same scrap pieces, allowing chemical,
surface, and geometric features to be learned together.
The study used 773 aluminium scrap pieces and showed
that fusion improved classification: cast/wrought separa-
tion reached 99% precision, recall, and F1-score, while
three-fraction commercial sorting achieved 86% preci-
sion, 83% recall, and 84% F1-score. This is relevant be-
cause it shows the value of complementary sensors, al-
though the output remains a class prediction rather than
recipe-compliant heap allocation.

Figure 2.16: Aluminium scrap classification using
LIBS, RGB images, and 3D data [30].
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Figure 2.17: Steel scrap images before and after
CSBFNet visual classification [21].

Xu et al. (2023) [21] developed a deep-learning ap-
proach for automatic steel scrap classification and rat-
ing using high-resolution camera images. As shown in
Figure 2.17, the model detects visible scrap categories
in both laboratory and field images, including thickness
classes, coatings, oil, inclusions, and overlength pieces.
Their CSBFNet architecture combines feature extraction,
attention, and multi-scale feature fusion to handle over-
lapping and irregular scrap. The reported average ac-
curacy is 92.4%, with an mAP of 90.7%. This is directly
relevant to ferrous scrap inspection, but the method eval-
uates visual quality classes rather than chemical compo-
sition or recipe compatibility.

The studies reviewed and summarised in Table 2.3 show that automated scrap sorting has advanced
through optimisation, process simulation, sensor fusion, and visual quality inspection. However, these
approaches mainly optimise scrap classes, classify individual items, or model physical sorting-line be-
haviour. They do not yet connect piece-level composition data to recipe-based heap formation under
mass, capacity, and value constraints. The following section therefore summarises this gap and defines
the research direction of this thesis.

Study Approach Data and scope Reported performance

[27] Bernatzki et al.
(OR Spektrum, 1998)

Mixed-integer
programming (MIP)

Steel production scrap
classes with material and
transport constraints

Cost-minimising scrap
combination; no item or
mass conversion metric
reported

[5] Compañero et al.
(Miner. Econ., 2023)

Expected value of
perfect information
+ raw material
optimisation

Scrap-based steel
production scenarios
with partial vs. full
composition information

Production costs reduced
by 8-10% with perfect
information; excess costs
became negligible

[28] Wu et al.
(Waste Manag., 2024)

Discrete Element
Method (DEM)
virtual experiment
model

Complex-shaped aluminium
scrap particles; automated
line with singulation,
sensor scanning, and ejection

Feasible feeding range
around 3-4 particles/s;
sorting rate about 83%

[29] Williams et al.
(Sensors, 2023)

Magnetic Induction
Spectroscopy (MIS)
+ machine learning

Shredded mixed aluminium
scrap (‘Twitch’) for
cast/wrought separation

Static lab system:
89.66% recovery and
94.96% purity; industrial
conveyor performance lower

[30] Díaz-Romero et al.
(Resour. Conserv. Recycl., 2023)

LIBS + RGB-D
image fusion using
deep learning

773 post-consumer
aluminium scrap pieces;
cast/wrought and three-way
commercial classification

Cast/wrought: 99%
precision, recall, and F1;
three fractions: 86% precision,
83% recall, 84% F1

[21] Xu et al.
(Eng. Appl. Artif. Intell., 2023)

CSBFNet deep
learning model
for machine vision

High-resolution images
of steel scrap for
multi-category classification
and rating

Average accuracy:
92.4%; mAP: 90.7%

Table 2.3: Overview of relevant literature on automated scrap sorting, scrap optimisation, and composition-information value.

2.5. Summary and research gap
The previous sections showed that steel recycling increasingly depends on accurate scrap character-
isation and sorting to meet the compositional requirements of modern steel grades. Sensor-based
technologies such as LIBS, XRF, XRT, NIR, and optical sorting can support this process by providing
information on elemental composition, density-related properties, surface condition, or visual charac-
teristics. Commercial systems from suppliers such as TOMRA, STEINERT, and SGM demonstrate
that sensor-based metal sorting can operate at industrially relevant throughputs, with supplier-reported
purities above 95% and throughputs in the range of several tonnes per hour (Section 2.3). However,
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these systems mainly demonstrate the ability to identify or separate individual pieces into predefined
material categories. They do not determine which steel recipe should be targeted, nor how different
scrap pieces should be combined to form a chemically feasible and economically valuable heap.

The reviewed academic literature shows a similar limitation. Existing studies have mainly addressed
either scrap-mix optimisation, sensor-based classification, or the physical design of automated sorting
lines (Section 2.4). Bernatzki et al. [27] formulated scrap selection for steel production as a constrained
optimisation problem, but at the level of predefined scrap classes. Compañero et al. [5] demonstrated
the economic value of improved compositional information in scrap-based steel production, but did not
develop a piece-level allocation method. Wu et al. [28] modelled the physical flow of aluminium scrap
in an automated sorting facility using DEM, while Williams et al. [29], Díaz-Romero et al. [30], and
Xu et al. [21] focused on sensor-based or vision-based classification of individual scrap items. These
studies provide important foundations, but they do not address the subsequent decision problem of how
sensor-characterised scrap items should be allocated to heaps that satisfy the chemical constraints of
specific steel recipes.

This knowledge gap forms the basis for the Sorting Decision Layer proposed in this thesis. Existing
sorting equipment can provide item-level information and perform the physical separation, but an inter-
mediate decision layer is required to translate this information into recipe-based sorting goals. In this
thesis, the Sorting Decision Layer is defined as the algorithmic layer between sensor-based item char-
acterisation and physical sorting execution. Its task is to decide which scrap items should be grouped
together, which steel recipe each heap should target, and whether the resulting mass-weighted heap
composition remains within the lower and upper elemental limits of that recipe.

Such a decision layer requires algorithms because the allocation problem cannot be solved by simple
item-by-item classification. A single scrap item may be unsuitable for a recipe on its own, but useful
in combination with other items whose compositions compensate for its deviations. Conversely, an
item that is chemically acceptable for one recipe may reduce the value or feasibility of another heap.
The algorithm therefore has to search through many possible item–heap–recipe combinations while
considering chemical feasibility, heap capacity, available sorting space, mass conversion, heap utilisa-
tion, and economic value. For large scrap streams and hundreds of possible steel recipes, exhaustive
evaluation becomes impractical, so efficient allocation algorithms are required to construct and improve
feasible sorting solutions.

This thesis addresses the identified gap by developing and evaluating a recipe-based scrap alloca-
tion model. Instead of treating sorting as a classification problem alone, the proposed approach uses
piece-level mass and composition data to select combinations of scrap items whose weighted-average
elemental composition falls within the lower and upper bounds of target steel recipes. The Sorting Deci-
sion Layer therefore connects sensor-based item characterisation with production-oriented objectives,
including mass conversion, heap utilisation, and economic value. In this way, the thesis evaluates not
only whether scrap items can be identified, but also how they can be allocated to maximise the value
of sorted outputs under realistic recipe and capacity constraints.

A further limitation in this research area is the lack of publicly available industrial datasets containing
piece-level scrap mass and elemental composition at sufficient scale. Publicly available data generally
describe bulk scrap categories, standardised alloy compositions, or finished steel grades, rather than
individual scanned scrap pieces suitable for heap formation algorithms. Industrial sensor systems
may be capable of generating such data, but raw piece-level sensor outputs are typically not publicly
shared. For this reason, this thesis uses synthetically generated scrap data based on steel composition
ranges. Although synthetic data cannot fully reproduce all variability of industrial scrap streams, it
enables controlled evaluation of recipe-based allocation strategies and provides a reproducible basis
for exploring the potential of piece-by-piece scrap sorting before large-scale industrial implementation.



3
Sorting Decision Layer

The literature review (Chapter 2) showed that existing sensor-based sorting systems can increasingly
identify the composition or class of individual scrap pieces, but that this information is not yet directly
translated into recipe-based steel production decisions. This chapter therefore develops the Sorting
Decision Layer as the missing link between piece-level sensor data and operational scrap allocation.
Instead of treating sorting as the rejection or acceptance of individual items, the proposed system
evaluates how scanned scrap pieces can be combined into heaps whose mass-weighted composition
satisfies the chemical limits of target steel recipes. In this way, the chapter turns the research gap
identified in the literature into a system architecture, mathematical allocation model, and feasibility-
checking procedure.

This chapter explains the intended sorting system by first describing the material flow in Section 3.1.
The position and role of the Sorting Decision Layer are then introduced in Section 3.2. Next, Section 3.3
formalises the allocation problem, and Section 3.4 describes the feasibility checks used during heap
construction. Together, these sections answer the second sub-research question: “How can a system
be developed that allocates scrap metal into sorted scrap streams based on the chemical composition
of steel recipes according to European Steel Standards?” in Section 3.5.

16
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3.1. Material flow and sorting process
The intended material flow of the sorting system is displayed in Figure 3.1. Incoming scrap items
are spread out on a conveyor and go through the scanning station, where their mass and chemical
composition are determined and logged. After the scanning stage, the analysed scrap pieces have to
stay in place on the conveyor so they can be identified until enough pieces are scanned to sort them
into recipe-compliant heaps. This extended conveyor part, after scanning and before sorting, therefore
acts as a buffer.

From the buffer, scrap items can be routed to one of multiple sorting heaps, each corresponding to a
target steel recipe. Before scrap items can be added to the heaps, the allocation process evaluates
whether a combination of available scrap items can form a valid recipe. A scrap heap is considered
feasible if the mass-weighted average composition of all selected scrap pieces satisfies the minimum
and maximum limits for every constrained element of the recipe. If the addition of a scrap item would
cause any elemental average to violate the recipe bounds, that item is rejected for the current heap.

Scrap allocation is further constrained by a maximum heap mass, representing furnace charging or
logistical limits. Once this maximum mass is reached, no further scrap items are added, even if chem-
ically compatible material remains available. Scrap items are treated as indivisible units and can be
assigned to at most one heap. After a heap has been formed, the contributing scrap items are removed
from the available pool before subsequent heaps are constructed.

The allocation process is performed iteratively. In each iteration, feasible heaps are constructed for all
candidate steel grades using the currently available scrap. These candidate heaps are then evaluated
based on their associated economic value, defined as the total heap mass multiplied by the grade-
specific price. The most valuable heap is selected, finalised, and removed from further consideration.
The process is then repeated with the remaining scrap until either all heaps are filled or no additional
feasible combinations can be formed. Leftover scrap items are returned through the return line to be
reconsidered with future incoming scrap shipments.

Figure 3.1: Flow diagram of the material flow in the intended scrap sorting system.

3.2. Overview of the Sorting Decision Layer
As discussed in Section 2.3, sensor-based sorting equipment for scrap detection and separation is al-
ready commercially available. Therefore, the system developed in this thesis is not intended to replace
the physical sorting equipment itself, but to operate as an additional decision-making layer on top of it.
This layer is positioned between the equipment layer and the operator layer, where it links measured
item data to recipe-based allocation decisions. In this thesis, this developed system is referred to as
the ”Sorting Decision Layer”.

Figure 3.2 illustrates the difference between a conventional item-based sorting approach and the recipe-
based allocation approach proposed in this thesis. In a conventional approach (A), scrap items are
accepted or rejected using strict composition boundaries for the target recipe. As a result, items with
individual elemental concentrations outside these bounds are excluded, even if they could still be useful
in combination with other scrap pieces. The proposed approach (B) instead evaluates scrap items as
part of a combined heap. Individual compositional deviations or impurities can therefore be balanced
by other items, as long as the resulting mass-weighted heap composition remains within the lower and
upper limits of the selected steel recipe. By using this approach, scrap items that would otherwise
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be downgraded or downcycled into less restrictive lower-grade steel can instead be included in an
equivalent or even more valuable steel grade. This combination-based decision-making is the central
task of the Sorting Decision Layer.

Figure 3.2: (A) Conventional sorting approach with strict composition boundaries, where scrap items are rejected if their
individual elemental composition falls outside the limits of the desired recipe. (B) Proposed recipe-based sorting approach,
where scrap items are combined so that their compositional deviations or impurities balance each other and the resulting

mass-weighted heap composition remains within the limits of the desired recipe.

Figure 3.3 shows the conceptual position of the proposed Sorting Decision Layer within the intended
scrap sorting system. The equipment layer detects the elemental composition and mass of individual
scrap items and performs the physical separation of the material. The operator layer defines and
maintains the available steel recipe library and supervises the overall process. Between these two
layers, the Sorting Decision Layer translates the measured item data and recipe information into recipe
selections, heap assignments, and sorting commands for the equipment.

Based on the material flow described in Section 3.1, the proposed recipe-based sorting approach ex-
plained in Figure 3.2, and the position of the Sorting Decision Layer shown in Figure 3.3, the operation
of the proposed sorting system can be summarised as a sequence of allocation steps. The system
continuously receives scanned scrap items, temporarily stores them in a buffer, and iteratively allo-
cates them to sorting heaps associated with steel recipes. The overall procedure can be described as
follows:

1. Scrap scanning and data registration. Incoming scrap items i pass through a scanning station
where their mass mi and elemental composition vector {xi,e}e∈E are measured and recorded.
Each scanned item is stored in the buffer as an identifiable unit.

2. Buffer accumulation. The scanned scrap items remain on the conveyor buffer until a sufficient
number of items are available for allocation. The buffer, therefore, represents the current set of
available scrap items S from which candidate heaps can be formed.

3. Candidate heap construction. For each steel recipe r ∈ R, the system attempts to construct a
candidate heap Hr ⊆ S by incrementally selecting compatible scrap items from the buffer. Items
are added one by one as long as the heap satisfies the system constraints.
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4. Feasibility verification. Each candidate’s addition of a scrap item is checked against the system
constraints. These include:

• The maximum allowable heap mass.
• The elemental composition limits defined by the target recipe.
• the restriction that each scrap item may be used at most once.

Only items that satisfy all constraints are accepted into the heap.
5. Heap valuation. Once no further scrap items can be added, the resulting heap is evaluated

economically. The value of a candidate heap is defined as the product of the total heap mass and
the price associated with the corresponding steel recipe.

6. Selection of the best heap. All candidate heaps constructed for the available recipes are com-
pared. The heap with the highest economic value is selected and finalised.

7. Scrap removal and iteration. The scrap items belonging to the selected heap are removed from
the buffer and routed to the corresponding sorting heap. The allocation process is then repeated
using the remaining scrap items until no additional feasible heaps can be formed or the available
sorting capacity is reached.

The following sections formalise this allocation process. First, Section 3.3 translates the system con-
straints and objectives into a mathematical framework. Next, Section 3.4 describes the feasibility
checks used during heap construction. Finally, Chapter 4 introduces the candidate algorithms that
implement the allocation strategy within this framework.

Figure 3.3: Conceptual positioning of the proposed Sorting Decision Layer between the equipment layer and the operator
layer. The equipment layer provides measured item data to the decision layer, while the decision layer returns sorting

commands for scrap separation. The equipment image is adapted from [31].
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3.3. Mathematical model
To simulate the proposed system, the system constraints and targets are translated into a mathematical
framework. The structure of this framework is visualised in Figure 3.4, where scrap items are assigned
to candidate heaps, candidate heaps are linked to steel recipes, and the main mass, composition, and
value constraints are indicated. In this framework, S represents the set of available scrap items in the
buffer. At each allocation cycle, the buffer contains scrap items i ∈ S, each characterised by a mass
mi and an elemental composition xi,e for every element e ∈ E .

Figure 3.4: Visual representation of the allocation model, showing how scrap items are linked to recipe selection, heap
construction, and feasibility constraints, as described in Section 3.2, Section 3.3, and Section 3.4.

For a given steel recipe r, the objective is to construct a heap Hr ⊆ S that maximises the heap value
defined in Equation (3.3), while satisfying both the maximum heap capacity constraint in Equation (3.1)
and the compositional constraints in Equation (3.2). These compositional constraints are derived from
European steel standards, where each element must lie within a specified range for a valid steel grade.

A heap is feasible if the following conditions hold:

∑
i∈Hr

mi ≤M, (3.1)

Lr,e ≤
∑

i∈Hr
mi xi,e∑

i∈Hr
mi

≤ Ur,e, ∀e ∈ E , (3.2)

where M is the maximum allowable heap mass, and Lr,e and Ur,e are the lower and upper bounds for
element e in recipe r.

Example of constraint evaluation. To illustrate how Equation (3.2) is applied in practice, consider
a heap consisting of three scrap items with masses m1 = 100 kg, m2 = 200 kg, and m3 = 300 kg.
Suppose the mass fraction of element e (e.g. chromium) in these items is x1,e = 0.10, x2,e = 0.15, and
x3,e = 0.20, respectively.

The weighted average composition of element e in the heap is then computed as:

100 · 0.10 + 200 · 0.15 + 300 · 0.20
100 + 200 + 300

=
10 + 30 + 60

600
= 0.167.

If the recipe requires Lr,e = 0.16 and Ur,e = 0.18, the heap satisfies the compositional constraint for this
element. If the value falls outside this range, the candidate heap is infeasible, and the item combination
must be rejected.
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Starting from an empty heap, scrap items are selected incrementally and added to Hr. An item is only
added if it does not violate the constraints of Equation (3.1) and Equation (3.2). This process continues
until no further items can be added or the mass limit is reached.

The resulting heap value is then computed as:

Vr = pr
∑
i∈Hr

mi, (3.3)

where pr is the price associated with recipe r.

For each allocation cycle, this allocation logic is executed for all available recipes. The heap with the
highest value is selected, finalised, and its scrap items are removed from the buffer. The process then
repeats on the remaining scrap.

3.4. Scrap items selection pseudo-code
Function 1: TryAdd acts as a feasibility gate to consider adding a candidate scrap item i to the current
heap Hr of recipe r. The routine verifies whether the item can be added without violating any of the
problem constraints. It checks (Check 1) item availability, (Check 2) the maximum heap mass M , and
(Check 3) the chemical composition bounds [Lr,e, Ur,e] for each element e ∈ E . If any constraint is
violated, the routine immediately rejects the candidate and returns false. Only when all checks are
satisfied are the heap statistics updated and the routine returns true. This process is also visualised in
Figure 3.4, which shows the heap data framework along with the mathematical constraints discussed
in Section 3.3 in red.

The procedure receives the candidate item’s mass mi and elemental composition vector xi,e, together
with the current heap state. The heap is represented by the selected item set Hr, its total mass

Wr =
∑
j∈Hr

mj ,

and the element mass-sums
Ar,e =

∑
j∈Hr

mjxj,e.

Tracking the elementmass-sumsAr,e rather than the concentrations directly allows efficient incremental
updates: when an item is tentatively added, only the additional mass contributionmixi,e must be added
to the corresponding element total.

The first feasibility test prevents duplicate usage of scrap items. The routine checks whether the candi-
date item i has already been assigned to a heap selected in a previous allocation round t (i.e. i ∈ Ĥt).
In addition, the item is rejected if it already appears in the current heap Hr. These checks ensure that
each scrap item is used at most once in the final allocation and cannot appear multiple times within the
same heap.

The second check verifies the heap capacity constraint. A tentative heap mass

W ′
r = Wr +mi

is computed. If W ′
r > M , the candidate item would cause the heap to exceed the maximum allowable

mass (heap capacity), and the routine returns false.

The third check ensures that the recipe’s chemical composition bounds remain satisfied. For each
element e ∈ E , the tentative updated element mass-sum is computed as

A′
r,e = Ar,e +mixi,e.

The corresponding mass-weighted concentration is then

x̄′
r,e =

A′
r,e

W ′
r

.
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If the updated concentration violates the lower or upper bound (x̄′
r,e < Lr,e or x̄′

r,e > Ur,e), the candidate
item is rejected immediately.

If the candidate passes all checks, the tentative values are committed. The heap mass is updated to
Wr ← W ′

r, and the element mass-sums are updated as Ar,e ← A′
r,e for all e ∈ E . The routine then

returns true, indicating that the item can be safely appended to the heap.

By centralising these feasibility checks in a dedicated routine, the higher-level allocation algorithm can
efficiently test candidate additions (Chapter 4) while ensuring that capacity and chemical constraints
are always maintained during heap construction.

Function 1: TryAdd: Checks if scrap item fits the item availability, heap capacity, and chemical
boundary constraints of the current recipe.

Input: Candidate scrap item i with mass mi and composition xi,e; current heap Hr for recipe r;
current total mass Wr =

∑
i∈Hr

mi; current element mass-sums Ar,e =
∑

i∈Hr
mixi,e

for all e ∈ E ; max heap mass M ; recipe bounds Lr,e, Ur,e for all relevant e ∈ E
Output: true if scrap item i passes checks states of Wr and Ar,e are updated; otherwise false

1 Check 1: Scrap item already in use;
2 for 1 to t do

// Already assigned to other heap
3 if i ∈ Ĥt then
4 return false

5 if i ∈ Hr then
// Already used in current recipe

6 return false

7 Check 2: Heap capacity violation;
8 Let W ′

r ←Wr +mi;
9 if W ′

r > M then
10 return false

11 Check 3: Mass-weighted composition bounds;
12 foreach e ∈ E do

// Compute tentative updated element mass-sums
13 Let A′

r,e ← Ar,e +mi xi,e;

14 Let x̄′
r,e ←

A′
r,e

W ′
r

;

15 if x̄′
r,e < Lr,e or x̄′

r,e > Ur,e then
16 return false;

// Commit: update heap and element mass sums
17 Set Wr ←W ′

r;
18 foreach e ∈ E do
19 Set Ar,e ← A′

r,e;

20 return true;
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3.5. Chapter summary
This chapter developed the proposed Sorting Decision Layer as the missing link between sensor-based
scrap characterisation and recipe-based steel production. The material flow in Section 3.1 showed how
incoming scrap items are scanned, stored in a temporary buffer, and routed to recipe-specific heaps
after allocation. This flow establishes the operational setting of the system: scrap pieces are no longer
treated only as broad material classes, but as identifiable items with a measured mass and elemental
composition.

Section 3.2 then positioned the Sorting Decision Layer between the physical sorting equipment and
the operator layer. The equipment layer provides the measured item data and performs the physical
separation, while the operator layer defines the available steel recipes. The Sorting Decision Layer
connects these two layers by deciding which scanned scrap items should be assigned to which recipe-
specific heap. The proposed approach differs from conventional item-based sorting because individual
scrap pieces do not need to satisfy all recipe limits independently. Instead, scrap items are evaluated
as part of a combined heap, where compositional deviations can be balanced by other items as long
as the final mass-weighted heap composition remains within the recipe boundaries.

The allocation problem was formalised in Section 3.3. A feasible heap was defined as a subset of
available scrap items that satisfies both the maximum heap mass constraint and the lower and upper
elemental limits of a selected steel recipe. The model also introduced the value objective, where the
economic value of a heap is calculated from its total mass and the price of the corresponding recipe.
This formalisation translates the practical sorting problem into a constrained allocation problem in which
chemical feasibility, heap capacity, and economic value must be evaluated simultaneously.

The feasibility logic required for heap construction was then described in Section 3.4. The TryAdd
function checks whether a candidate scrap item can be added to a heap without violating item availabil-
ity, heap capacity, or recipe composition constraints. By using mass sums and element mass-sums,
the function enables efficient incremental updates during heap construction. This makes the feasibility
check suitable for repeated use inside higher-level allocation algorithms.

Together, these sections answer the second sub-research question: “How can a system be developed
that allocates scrap metal into sorted scrap streams based on the chemical composition of steel recipes
according to European Steel Standards?” Such a system can be developed by combining four com-
ponents: a material-flow structure that scans and buffers individual scrap items, a recipe library based
on European steel composition limits, a Sorting Decision Layer that assigns scanned items to recipe-
specific heaps, and a mathematical feasibility model that verifies whether each heap satisfies mass
and chemical composition constraints. The resulting system converts piece-level mass and composi-
tion data into sorted scrap streams whose weighted-average compositions comply with selected steel
recipes.

However, this chapter only defined the structure and constraints of the allocation problem. It does
not yet determine which search strategy should be used to find good heap combinations efficiently.
Because the number of possible scrap-item combinations grows rapidly with buffer size, heap capacity,
and number of available recipes, exhaustive evaluation is not practical for large scrap streams. The
next Chapter 4 therefore investigates candidate algorithms that can implement the Sorting Decision
Layer by constructing feasible heaps, selecting valuable recipe combinations, and improving allocation
quality within acceptable computation times.
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Candidate algorithms

The previous chapter (Chapter 3) defined the Sorting Decision Layer as the system component that
converts piece-level scrap data into recipe-based heap allocation decisions. However, defining the allo-
cation constraints is not sufficient by itself, because the number of possible combinations grows rapidly
with the number of scrap items, heaps, and steel recipes. The next step in the thesis is therefore to
determine which algorithmic approaches can search this solution space efficiently while still producing
chemically feasible and economically valuable heaps. This chapter develops that step by comparing
exact optimisation concepts with practical heuristic approaches, and by selecting candidate algorithms
that can implement the Sorting Decision Layer within acceptable computation times.

This chapter explains the candidate algorithms by first analysing the size of the allocation solution
space in Section 4.1. The hardware and simulation software used for implementation are described in
Section 4.2. Next, suitable algorithmic approaches are selected in Section 4.3, after which the heap
construction and allocation heuristics are introduced in Section 4.4. Together, these sections answer
the third sub-research question: “What kind of algorithms are suitable for assigning scrap items within
the proposed sorting system, considering solution quality and computational efficiency?” in Section 4.5.
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4.1. Problem solution space
The solution space of the proposed scrap sorting system is extremely large due to the combinatorial
nature of assigning scrap items to heaps and evaluating all possible recipe-based combinations. Each
heap must be filled with a combination of scrap items that satisfies the chemical bounds of one of
the 315 predefined steel recipes. There are S available scrap items, each with a unique mass and
composition, and H heaps to be filled.

For each heap, the system considers all R = 315 recipes. For each recipe, it evaluates all possible
subsets of the available scrap items to check whether they meet the recipe’s chemical constraints.
Since each scrap itemmay either be included or excluded in a candidate subset, the number of possible
subsets per recipe is 2S , where S is the total number of scrap items. This means that the total solution
space Nsolutions for every heaps is:

Nsolutions = R× 2S (4.1)

Even for modest values such as S = 400 scrap items, the total number of possible combinations ex-
ceeds 8 × 10120 for a single heap. To put this into perspective: the estimated number of atoms in
the observable universe is around 1080, and the number of legal board positions in a chess game is
approximately 1047. The solution space faced by the proposed system is therefore not just large, it
is astronomically large. Exhaustive enumeration of all combinations is fundamentally infeasible. This
highlights the importance of using intelligent search strategies that can efficiently navigate this combi-
natorial landscape, as will be discussed in Section 4.3.

4.2. Hardware and simulation software
The simulationmodel used in this study was fully developed in VBA (Visual Basic for Applications) within
Microsoft Excel (Microsoft 365 Apps for enterprise, version 2408, Build 17928.20156). This software
environment was chosen to allow full transparency and control over each step of the simulation process.
By writing each part of the logic in a separate macro, it became easier to check, test, and verify every
stage individually. Each intermediate result is written to its own worksheet tab, which makes it possible
to inspect the internal states and identify errors or unexpected behaviour early in the development
process. Example screenshots of the Excel tabs are provided in Appendix B to illustrate the table
structure used throughout the data-generation and allocation procedure.

The simulation was executed on a desktop computer runningWindows 11 (version 26200), with an Intel
i7-6700K processor, and 16 GB of 3200 MHz DDR4 memory. The hardware provided sufficient speed
and stability to run large simulations involving up to 2000 scrap items with multiple heaps. All results
presented in Chapter 6 were generated using this setup.

4.3. Suitable algorithms
To answer the third sub-research question, “What kind of algorithms are suitable for assigning scrap
items within the proposed sorting system, considering solution quality and computational efficiency?”,
several algorithmic approaches were considered. The proposed allocation problem has a combinatorial
structure similar to multidimensional knapsack problems [32, 33] and scrap-mix optimisation problems
[27]. Scrap items are selected under mass-capacity and chemical-composition constraints, while the
objective is to maximise the value or utilisation of the resulting heap.

At the methodological selection stage, exact optimisation techniques such as Integer Linear Program-
ming (ILP) [34], Mixed-Integer Linear Programming (MILP) [34], branch-and-bound [35], and branch-
and-cut [36] were considered. These methods are attractive because they can provide a proof of
optimality when a problem instance is solved to completion. They have also been applied successfully
by Bernatzki et al. [27] to related steel-production problems, such as cost-minimising scrap combina-
tion for steel heats. However, they are less suitable as the primary solution method for the proposed
system. As shown in Section 4.1, the number of possible scrap combinations grows exponentially with
the number of available scrap items. In addition, the proposed system must evaluate multiple recipes,
repeated heap-construction cycles, and several element-specific constraints. This makes exact optimi-
sation computationally impractical for large-scale simulation runs.



4.4. Heap construction and allocation heuristics 26

For this reason, heuristic methods were selected as a more practical alternative [32, 33]. Greedy algo-
rithms are particularly suitable for navigating very large combinatorial spaces because they construct
solutions through fast, local decisions rather than exhaustive enumeration. In this thesis, greedy se-
lection is used to add feasible scrap items to a candidate heap based on sorting criteria such as mass,
value contribution, or recipe feasibility. Such heuristics do not guarantee global optimality, but they
can produce feasible solutions within acceptable computation times for the available hardware (Sec-
tion 4.2).

Within the greedy algorithm family, several variants were explored. The Single-run Greedy approach
assigns items through a single pass over the available scrap item list. The Multi-pass Greedy variant
repeatedly reprocesses the remaining scrap items until no further feasible additions can bemade, which
can improve heap utilisation andmass conversion. In addition, local search techniques [37] were tested
to refine heap compositions after the initial greedy assignment. These local search steps attempt to
improve an existing solution by exchanging assigned scrap items with unassigned alternatives, thereby
exploring valuable combinations that may be missed by a purely greedy construction heuristic. Local
search is widely used for difficult combinatorial optimisation problems because it can improve solution
quality without requiring complete enumeration of the solution space.

Table 4.1 provides a qualitative comparison of the considered algorithm types in terms of solution quality,
computational efficiency, and scalability.

Algorithm Solution Quality Efficiency Scalability
Integer Linear Programming (ILP) Optimal if solved Low Very low
Mixed-Integer Linear Programming (MILP) Optimal if solved Low Very low
Branch-and-bound / branch-and-cut Optimal if solved Very low Very low
Single-run Greedy Medium High High
Multi-pass Greedy Medium–High High High
Greedy + Local Search High Medium–High High

Table 4.1: Qualitative comparison of algorithmic approaches for scrap heap allocation.

In summary, exact algorithms are not feasible as the main solution method for the large and repeat-
edly evaluated allocation problem considered in this thesis. Greedy heuristics, enhanced with multi-
pass construction and local optimisation, provide a scalable compromise between solution quality and
computational efficiency. The implementation and inner workings of these heuristics are discussed in
Section 4.4.

4.4. Heap construction and allocation heuristics
This section presents the heuristic algorithms used to construct scrap heaps and iteratively allocate
scrap items to steel recipes. The allocation problem involves multiple constraints, including heap ca-
pacity, chemical composition limits, and the restriction that each scrap item can only be used once.
Due to the combinatorial nature of the problem, exact optimisation approaches become computation-
ally expensive for realistic problem sizes. Therefore, several heuristic methods are proposed that aim
to efficiently construct high-quality feasible solutions.

All heap construction procedures rely on a common feasibility routine, Function 1: TryAdd, which ver-
ifies whether a candidate scrap item can be added to a heap without violating any constraints. This
routine ensures compliance with heap capacity limits, chemical composition bounds, and item availabil-
ity across allocation rounds.

Based on this feasibility check, several greedy heap construction heuristics are developed. The sim-
plest approach constructs heaps using a single greedy pass over the scrap items, while more advanced
variants performmultiple passes or use randomised starting orders to explore alternative packing config-
urations. These approaches aim to improve the utilisation of heap capacity and increase the economic
value of the resulting scrap mixtures.

To further improve the solutions produced by the greedy procedures, a local search improvement
method is introduced. This method attempts to replace individual items in a heap and greedily repack
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the remaining capacity to increase the total heap mass while maintaining feasibility.

Finally, hybrid heuristics are constructed by combining greedy heap construction with the local search
improvement step. These hybrid methods aim to benefit from the computational efficiency of greedy
construction while allowing additional refinement of the resulting heaps. The following subsections
describe the greedy construction heuristics, local search improvement procedure, and the combined
hybrid algorithms in detail.

4.4.1. Single-run Greedy
Algorithm 2: Single-run Greedy describes the main heuristic used to construct candidate scrap heaps
and iteratively allocate scrap items to recipes. The algorithm follows a single-run greedy strategy in
which heaps are constructed for all recipes, evaluated according to their economic value, and the best-
performing heap is selected in each allocation round.

The algorithm takes as input the set of steel recipes R, each associated with a price pr and chemical
composition bounds [Lr,e, Ur,e] for each element e ∈ E . The available scrap items form the set S,
where each item i has a mass mi and elemental composition xi,e. In addition, a maximum heap mass
M and the number of allocation rounds T are specified. The algorithm produces two types of result
tables: candidate heap tables T4,t for each round and a final annotation table T5 containing the selected
allocations. Screenshots illustrating the Excel implementation of these tables are shown in Figures B.4
and B.5.

To improve packing efficiency, the scrap items are first sorted in descending order of their mass mi.
This ordering encourages the algorithm to place large scrap items early in the heap formation process,
reducing the risk that large pieces remain unused due to capacity limitations.

The algorithm proceeds over T allocation rounds, one for every heap. At the start of each round t, a
new candidate heap table T4,t is initialised. For every recipe r ∈ R, a candidate heap is constructed
using a greedy procedure. The heap is initialised with an empty item set Hr, total mass Wr = 0, and
element mass-sums Ar,e = 0 for all e ∈ E .

Next, the algorithm iterates over all scrap items i ∈ S in the predefined sorted order. For each item, the
feasibility routine Function 1: TryAdd is called to verify whether the item can be added to the current
heap without violating any constraints. This routine checks item availability, heap capacity, and the
recipe’s chemical composition limits. If the routine returns true, the item is appended to the heap Hr,
and the corresponding heap mass Wr and element mass-sums Ar,e are updated.

After all scrap items have been considered, the total value of the constructed heap is calculated as

Vr = pr ·Wr,

which represents the economic value of producing steel recipe r from the assembled scrap heap. The
tuple (r,Hr,Wr, Vr) is then stored in the candidate result table T4,t.

Once candidate heaps have been generated for all recipes, the rows of T4,t are sorted in descending
order of their value Vr. The top-ranked row corresponds to the most valuable feasible heap found in
the current round. Let (r̂t, Ĥt, Ŵt, V̂t) denote this selected heap.

The scrap items contained in the selected heap Ĥt are then permanently assigned to recipe r̂t. Each
item i ∈ Ĥt is annotated in the allocation table T5 with the selected recipe r̂t and its associated value
V̂t. These annotations ensure that the same scrap item cannot be used again in subsequent rounds.

By repeating this process for T rounds, the algorithm incrementally assigns scrap items to the most
valuable feasible heaps. The greedy nature of the method allows candidate heaps for all recipes to
be constructed efficiently while ensuring that heap capacity and chemical composition constraints are
respected at every step.
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Algorithm 1: Heap Formation and Iterative Allocation (Single-run Greedy)
Input: Recipes R with price pr and chemical bounds Lr,e, Ur,e; Scrap items S with masses mi

and compositions xi,e; Maximum heap mass M ; Number of heaps T

Output: Result tables T4,t with scrap item allocation possibilities Hr are ranked according to
their value Vr; The scrap items in the recipe with the highest value i ∈ Ĥt are
annotated in T5 with their recipe r̂t and value V̂t.

1 Sort scrap items i ∈ S by descending mass mi;
2 Initialize empty result table T5;
3 for t← 1 to T do
4 Initialize empty result table T4,t;
5 foreach recipe r ∈ R do
6 Initialize heap Hr ← ∅, total mass Wr ← 0;
7 Initialize element mass sums Ar,e ← 0 ∀e ∈ E ;
8 foreach scrap item i ∈ S in sorted order do
9 if TryAdd(i,Hr,Wr, {Ar,e}e∈E , r,M) = true then
10 Add i to Hr; update Wr and {Ar,e}e∈E ;

11 Compute Vr ← pr ·Wr;
12 Append (r,Hr,Wr, Vr) in result table T4,t;

13 Sort T4,t in descending order of Vr;
14 Let (r̂t, Ĥt, Ŵt, V̂t) be the top-ranked row of T4,t;
15 foreach scrap item i ∈ Ĥt do
16 Annotate item i with recipe r̂t and value V̂t in T5;

4.4.2. Multi-pass Greedy
Algorithm 3: Multi-pass Greedy presents an extension of the greedy heap formation procedure in which
multiple passes over the scrap items are performed when constructing candidate heaps. The main
difference with the single-pass greedy approach is that the algorithm repeatedly scans the scrap item
list until no additional item can be added to the heap. This multi-pass strategy allows the heuristic to
incorporate smaller or composition-balancing scrap items that may only become feasible after earlier
items have been added.

The algorithm takes as input the set of steel recipes R with their associated economic values pr and
chemical composition bounds [Lr,e, Ur,e] for each element e ∈ E . The available scrap items are rep-
resented by the set S, where each item i has a mass mi and elemental composition xi,e. In addition,
a maximum heap mass M and the number of allocation rounds T are specified. As in the single-run
greedy algorithm, the procedure produces candidate heap tables T4,t for each round and a final anno-
tation table T5 containing the selected allocations. Screenshots illustrating the Excel implementation of
these tables are shown in Figures B.4 and B.5.

At the start of the algorithm, all scrap items i ∈ S are sorted in descending order of their massmi. This
ordering encourages the placement of larger items early in the heap construction process, improving
the utilisation of the available heap capacity. An empty allocation table T5 is then initialised to record
the final assignment of scrap items to recipes.

The algorithm proceeds iteratively for T allocation rounds, one for every heap. In each round t, a new
candidate heap table T4,t is initialised. For every recipe r ∈ R, a candidate heap is constructed using
a greedy packing procedure. The heap is initialised with an empty set of items Hr, total mass Wr = 0,
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and element mass-sums Ar,e = 0 for all e ∈ E .

The heap construction then enters a repeated scanning phase. During each pass, the algorithm iterates
over all scrap items i ∈ S in the predefined sorted order. For each item, the feasibility routine Function
1: TryAdd is invoked to determine whether the item can be added to the current heap without violating
any constraints. This routine verifies item availability, heap capacity, and compliance with the chemical
composition limits of recipe r. If the routine returns true, the item is added to the heap Hr, and the
heap mass Wr and element mass-sums Ar,e are updated accordingly.

After completing a full pass over all scrap items, the algorithm checks whether at least one item was
added during that pass. If new items were successfully inserted, another pass over the scrap items
is performed. The process continues until an entire pass is completed without adding any additional
items to the heap. At that point, the heap is considered saturated under the current constraints.

Once heap construction is complete for recipe r, the economic value of the heap is computed as

Vr = pr ·Wr,

representing the value of producing recipe r with the assembled scrap mixture. The tuple (r,Hr,Wr, Vr)
is then appended to the candidate result table T4,t.

Algorithm 2: Heap Formation and Iterative Allocation (Multi-pass Greedy)
Input: Recipes R with price pr and chemical bounds Lr,e, Ur,e; Scrap items S with masses mi

and compositions xi,e; Maximum heap mass M ; Number of heaps T

Output: Result tables T4,t with scrap item allocation possibilities Hr are ranked according to
their value Vr; The scrap items in the recipe with the highest value i ∈ Ĥt are
annotated in T5 with their recipe r̂t and value V̂t.

1 Sort scrap items i ∈ S by descending mass mi;
2 Initialize empty result table T5;
3 for t← 1 to T do
4 Initialize empty result table T4,t;
5 foreach recipe r ∈ R do
6 Initialize heap Hr ← ∅, total mass Wr ← 0;
7 Initialize element mass sums Ar,e ← 0 ∀e ∈ E ;
8 repeat

// Make multiple passes until no additional item is added
9 foreach scrap item i ∈ S in sorted order do
10 if TryAdd(i,Hr,Wr, {Ar,e}e∈E , r,M) = true then
11 Add i to Hr; update Wr and {Ar,e}e∈E ;

12 until no item was added to Hr;
13 Compute Vr ← pr ·Wr;
14 Append (r,Hr,Wr, Vr) in result table T4,t;

15 Sort T4,t in descending order of Vr;
16 Let (r̂t, Ĥt, Ŵt, V̂t) be the top-ranked row of T4,t;
17 foreach scrap item i ∈ Ĥt do
18 Annotate item i with recipe r̂t and value V̂t in T5;
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After candidate heaps have been generated for all recipes, the rows of T4,t are sorted in descending
order of their value Vr. The highest-ranked row corresponds to the most valuable feasible heap found
in the current round. Let (r̂t, Ĥt, Ŵt, V̂t) denote this selected heap.

The scrap items contained in the selected heap Ĥt are then permanently assigned to recipe r̂t. Each
item i ∈ Ĥt is annotated in the allocation table T5 with the selected recipe r̂t and the corresponding
value V̂t. These annotations ensure that the same scrap items cannot be reused in later allocation
rounds.

By repeating this process for T rounds, the algorithm gradually assigns scrap items to the most valuable
feasible heaps. Compared to the single-pass greedy approach, the multi-pass strategy increases the
likelihood of filling remaining capacity with compatible scrap items, potentially improving heap utilisation
and overall economic value.

4.4.3. Multi-start Greedy
Algorithm 4: Multi-start Greedy introduces amulti-start greedy heuristic for constructing candidate scrap
heaps. In contrast to the deterministic greedy approaches, this method performs multiple randomised
heap construction attempts for each recipe and retains the best-performing heap. The goal of the multi-
start strategy is to reduce the sensitivity of greedy packing to the ordering of scrap items and thereby
improve the likelihood of finding a higher-quality heap configuration.

The algorithm takes as input the set of steel recipes R with their associated economic values pr and
chemical composition bounds [Lr,e, Ur,e] for each element e ∈ E . The available scrap items are rep-
resented by the set S, where each item i has a mass mi and elemental composition xi,e. In addition,
the maximum allowable heap mass M , the number of allocation rounds T , and the number of random
starting configurations Nstarts are specified. As in the previous greedy algorithms, candidate heap ta-
bles T4,t are generated for each round, while the final scrap allocations are recorded in the annotation
table T5. Screenshots illustrating the Excel implementation of these tables are shown in Figures B.4
and B.5.

At the start of the algorithm, the allocation table T5 is initialised. The algorithm then proceeds through
T allocation rounds. In each round t, a new candidate heap table T4,t is created. For every recipe
r ∈ R, the algorithm attempts to construct a feasible scrap heap through a series of randomised greedy
searches.

The heap is initially empty, with Hr = ∅, total mass Wr = 0, and element mass-sums Ar,e = 0 for all
e ∈ E . For each of the Nstarts starting attempts, a temporary copy of the heap state is created, denoted
by (H̃, W̃ , {Ãe}). The list of scrap items i ∈ S is then randomly shuffled to generate a new candidate
ordering.

Next, the algorithm performs a greedy construction pass over the shuffled scrap items. For each item
i, the feasibility routine Function 1: TryAdd is called to determine whether the item can be added to the
temporary heap without violating the heap capacity constraint or the chemical composition bounds of
recipe r. If the item satisfies all constraints, it is added to the temporary heap H̃, and the corresponding
heap mass W̃ and element mass-sums Ãe are updated.

After processing all scrap items in the shuffled order, the resulting temporary heap is evaluated. If the
temporary heap mass W̃ exceeds the mass of the currently stored heap Wr, the temporary configura-
tion replaces the current best heap. In this way, the algorithm retains the heap with the largest feasible
mass among the randomised construction attempts.

Once all Nstarts attempts have been completed for recipe r, the value of the resulting heap is calculated
as

Vr = pr ·Wr,

representing the economic value of producing recipe r with the assembled scrap mixture. The tuple
(r,Hr,Wr, Vr) is then appended to the candidate result table T4,t.

After candidate heaps have been generated for all recipes, the rows of T4,t are sorted in descending or-
der of their value Vr. The highest-ranked row corresponds to the most valuable feasible heap identified
in the current allocation round. Let (r̂t, Ĥt, Ŵt, V̂t) denote this selected heap.
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Finally, the scrap items contained in the selected heap Ĥt are permanently assigned to recipe r̂t. Each
item i ∈ Ĥt is annotated in the allocation table T5 with the selected recipe r̂t and its corresponding value
V̂t. These annotations prevent the reuse of the same scrap items in subsequent allocation rounds.

By performingmultiple randomised heap construction attempts, themulti-start greedy heuristic explores
a larger portion of the solution space than the deterministic greedy approaches. This increases the
probability of discovering heaps with higher mass utilisation and, therefore, higher economic value.

Algorithm 3: Heap Formation and Iterative Allocation (Multi-start Greedy)
Input: Recipes R with price pr and chemical bounds Lr,e, Ur,e; Scrap items S with masses mi

and compositions xi,e; Maximum heap mass M ; Number of heaps T ; Number of
random starts Nstarts

Output: Result tables T4,t with scrap item allocation possibilities Hr are ranked according to
their value Vr; The scrap items in the recipe with the highest value i ∈ Ĥt are
annotated in T5 with their recipe r̂t and value V̂t.

1 Initialize empty result table T5;
2 for t← 1 to T do
3 Initialize empty result table T4,t;
4 foreach recipe r ∈ R do
5 Initialize heap Hr ← ∅, total mass Wr ← 0;
6 Initialize element mass sums Ar,e ← 0 ∀e ∈ E ;
7 foreach s← 1 to Nstarts do
8 (H̃, W̃ , {Ãe})← (Hr,Wr, {Ar,e}) // Make a copy
9 Shuffle scrap items i ∈ S;
10 foreach scrap item i ∈ S in shuffled order do
11 if TryAdd(i, H̃, W̃ , {Ãe}e∈E , r,M) = true then
12 Add i to H̃; update W̃ and {Ãe}e∈E ;

13 if W̃ > W then
// Save best shuffle by highest mass

14 (H,W, {Ae})← (H̃, W̃ , {Ãe});

15 Compute Vr ← pr ·Wr;
16 Append (r,Hr,Wr, Vr) in result table T4,t;

17 Sort T4,t in descending order of Vr;
18 Let (r̂t, Ĥt, Ŵt, V̂t) be the top-ranked row of T4,t;
19 foreach scrap item i ∈ Ĥt do
20 Annotate item i with recipe r̂t and value V̂t in T5;

4.4.4. Local Search
Function 2: Local Search presents an improvement procedure that is applied to an existing scrap heap
to increase its mass utilisation while maintaining all feasibility constraints. The method attempts to
improve the current heap configuration by replacing individual scrap items with alternative items from
the available scrap set and subsequently repacking the heap using a greedy strategy.

The procedure takes as input a recipe r, the current heapHr, its total massWr, and the element mass-
sums Ar,e that describe the current chemical composition of the heap. In addition, the set of scrap



4.4. Heap construction and allocation heuristics 32

items S, the maximum heap mass M , and a maximum number of search iterations Imax are provided.
The algorithm returns an improved heap configuration (Hr,Wr, {Ar,e}) if a better feasible combination
of scrap items is found.

The local search proceeds iteratively for at most Imax iterations. At the start of each iteration, a Boolean
variable improved is initialised to false. The algorithm then systematically explores possible single-item
replacement moves within the current heap.

Function 2: LocalSearch(r,Hr,Wr, {Ar,e},S,M, Imax)

Input: Recipe r; current heap Hr with total mass Wr and element mass-sums Ar,e for all e ∈ E ;
scrap item set S with masses mi and compositions xi,e; maximum heap mass M ;
maximum number of iterations Imax

Output: Improved heap (Hr,Wr, {Ar,e}) that maximizes heap mass while satisfying capacity
and chemical constraints

1 for iter ← 1 to Imax do
2 improved← false;
3 foreach j ∈ Hr do
4 foreach k ∈ S do
5 if k ∈ Hr then
6 continue

7 (H̃r, W̃r, {Ãr,e})← (Hr,Wr, {Ar,e}) with j removed;
8 if TryAdd(k, H̃r, W̃r, {Ãr,e}, r,M) = false then
9 continue

10 repeat
// Try add other items to heap

11 foreach i ∈ S in descending mass order do
12 if i /∈ H̃r and TryAdd(i, H̃r, W̃r, {Ãr,e}, r,M) then
13 Add i to H̃r;

14 until no item was added;
15 if W̃r > Wr then
16 (Hr,Wr, {Ar,e})← (H̃r, W̃r, {Ãr,e});
17 improved← true;
18 break

19 if improved then
20 break

21 if not improved then
22 break

23 return (Hr,Wr, {Ar,e});

For every item j contained in the heap Hr, the algorithm considers replacing this item with a candidate
item k from the full scrap set S. Items that are already present in the heap are skipped to avoid duplicate
usage. A temporary heap configuration (H̃, W̃ , {Ãe}) is created by copying the current heap state and
removing item j from it. This temporary configuration represents the starting point for evaluating a
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potential replacement.

Next, the candidate item k is tested using the feasibility routine Function 1: TryAdd. This routine verifies
that adding the item does not violate the heap capacity constraint or the chemical composition bounds of
recipe r. If the candidate item fails the feasibility check, the algorithm continues with the next candidate.

If the candidate item is feasible, it is added to the temporary heap. The algorithm then attempts to further
improve the heap by greedily inserting additional scrap items. This is done by repeatedly scanning the
scrap set in descending order of mass and attempting to add items that are not yet present in the
temporary heap. Each potential addition is evaluated using the Function 1: TryAdd feasibility routine.
This repeated scanning continues until a full pass over the scrap items results in no additional insertions,
indicating that the temporary heap is saturated under the current constraints.

After this greedy refill step, the temporary heap mass W̃r is compared with the mass of the current
heap Wr. If the temporary heap has a larger total mass, the new configuration replaces the current
heap, and the variable improved is set to true. The algorithm then breaks out of the inner loops and
begins a new iteration using the improved heap as the new starting point.

If no improving replacement is found during a complete exploration of all candidate swaps, the vari-
able improved remains false. In that case, the algorithm terminates early because no further local
improvements are possible.

The procedure ultimately returns the best heap configuration discovered during the search. By per-
forming local replacement moves followed by greedy repacking, the algorithm can escape suboptimal
greedy solutions and potentially achieve higher heap utilisation while still respecting the capacity and
chemical composition constraints.

4.4.5. Multi-pass Greedy + Local Search
Algorithm 6: Multi-pass Greedy + Local Search combines the multi-pass greedy heap construction
procedure with a local search improvement step. The objective of this hybrid heuristic is to first con-
struct feasible scrap heaps using an efficient greedy packing strategy and then refine these heaps by
performing targeted local improvements. By combining these two techniques, the algorithm aims to
increase heap utilisation and economic value while maintaining all capacity and chemical composition
constraints.

The algorithm takes as input the set of steel recipes R with their associated prices pr, and chemical
composition bounds [Lr,e, Ur,e] for each element e ∈ E . The available scrap items are represented by
the set S, where each item i has a mass mi and elemental composition xi,e. In addition, the maximum
heap mass M and the number of allocation rounds T are specified. As in the previous algorithms,
candidate heap tables T4,t are generated for each round, while the final assignment of scrap items to
recipes is recorded in the annotation table T5.

At the start of the algorithm, the scrap items i ∈ S are sorted in descending order of their massmi. This
ordering encourages large scrap items to be placed early in the heap construction process, improving
the utilisation of the available heap capacity. An empty allocation table T5 is then initialised.

The algorithm proceeds through T allocation rounds, one for every heap. At the beginning of each
round t, a new candidate heap table T4,t is created. For every recipe r ∈ R, a candidate scrap heap is
constructed using the multi-pass greedy packing procedure.

The heap is initialised with an empty item set Hr, total massWr = 0, and element mass-sums Ar,e = 0
for all elements e ∈ E . The algorithm then repeatedly scans the sorted list of scrap items and attempts
to add items to the heap using the feasibility routine Function 1: TryAdd. This routine verifies that
adding a candidate item does not violate the heap capacity constraint or the chemical composition
bounds of recipe r. Each time a feasible item is found, it is added to the heap, and the corresponding
heap statistics are updated. The scanning process continues until a complete pass over the scrap
items results in no additional insertions, indicating that the heap cannot be further expanded using the
greedy strategy.

After the greedy heap construction phase, the resulting heap configuration is further refined using the
local search procedure described in Function 2: Local Search. The local search attempts to improve
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the heap by replacing individual scrap items with alternative items and subsequently repacking the
heap to increase the total mass while maintaining feasibility. If an improved configuration is found, the
heap variables (Hr,Wr, {Ar,e}) are updated accordingly.

Once the final heap configuration for recipe r has been determined, its economic value is calculated
as

Vr = pr ·Wr,

which represents the value of producing recipe rwith the assembled scrapmixture. The tuple (r,Hr,Wr, Vr)
is then appended to the candidate heap table T4,t.

After candidate heaps have been constructed for all recipes, the rows of T4,t are sorted in descending
order of their value Vr. The highest-ranked row corresponds to the most valuable feasible heap found
in the current allocation round. Let (r̂t, Ĥt, Ŵt, V̂t) denote this selected heap.

Finally, the scrap items contained in the selected heap Ĥt are permanently assigned to recipe r̂t. Each
item i ∈ Ĥt is annotated in the allocation table T5 with the selected recipe r̂t and the corresponding
value V̂t. These annotations prevent the same scrap items from being used in subsequent allocation
rounds.

Algorithm 4: Heap Formation and Iterative Allocation (Multi-pass Greedy + Local Search)
Input: Recipes R with price pr and chemical bounds Lr,e, Ur,e; Scrap items S with masses mi

and compositions xi,e; Maximum heap mass M ; Number of heaps T

Output: Result tables T4,t with scrap item allocation possibilities Hr are ranked according to
their value Vr; The scrap items in the recipe with the highest value i ∈ Ĥt are
annotated in T5 with their recipe r̂t and value V̂t.

1 Sort scrap items i ∈ S by descending mass mi;
2 Initialize empty result table T5;
3 for t← 1 to T do
4 Initialize empty result table T4,t;
5 foreach recipe r ∈ R do
6 Initialize heap Hr ← ∅, total mass Wr ← 0;
7 Initialize element mass sums Ar,e ← 0 ∀e ∈ E ;
8 repeat

// Make multiple passes until no additional item is added
9 foreach scrap item i ∈ S in sorted order do
10 if TryAdd(i,Hr,Wr, {Ar,e}e∈E , r,M) = true then
11 Add i to Hr; update Wr and {Ar,e}e∈E ;

12 until no item was added to Hr;
13 (Hr,Wr, {Ar,e})← LocalSearch(r,H,W, {Ae},S,M, Imax);
14 Compute Vr ← pr ·Wr;
15 Append (r,Hr,Wr, Vr) in result table T4,t;

16 Sort T4,t in descending order of Vr;
17 Let (r̂t, Ĥt, Ŵt, V̂t) be the top-ranked row of T4,t;
18 foreach scrap item i ∈ Ĥt do
19 Annotate item i with recipe r̂t and value V̂t in T5;

By combining multi-pass greedy construction with a local search improvement step, the algorithm is
able to generate high-quality candidate heaps while still maintaining computational efficiency. The
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greedy phase quickly produces feasible solutions, while the local search phase helps escape locally
suboptimal configurations and improve the overall mass utilisation and economic value of the resulting
heaps.

4.4.6. Multi-start Greedy + Local Search
Algorithm 7: Multi-start Greedy + LocalSearch extends the multi-start greedy heap construction heuris-
tic by incorporating a local search improvement step. The goal of this hybrid method is to combine the
exploratory power of randomised greedy construction with the refinement capability of local search. The
multi-start phase generates multiple candidate heap configurations by varying the order in which scrap
items are considered, while the local search phase attempts to further improve the best configuration
by performing targeted item replacements and greedy repacking.

The algorithm takes as input the set of steel recipes R with their associated economic values pr and
chemical composition bounds [Lr,e, Ur,e] for each element e ∈ E . The available scrap items are repre-
sented by the set S, where each item i has a mass mi and elemental composition xi,e. In addition, the
maximum heap mass M , the number of allocation rounds T , and the number of randomised starting
configurationsNstarts are specified. As in the previous algorithms, themethod generates candidate heap
tables T4,t for each allocation round, while the final assignment of scrap items to recipes is recorded in
the annotation table T5.

At the start of the algorithm, the allocation table T5 is initialised. The algorithm then proceeds through
T allocation rounds. At the beginning of each round t, a new candidate heap table T4,t is created.
For every recipe r ∈ R, the algorithm attempts to construct a high-quality heap through a series of
randomised greedy construction attempts.

The heap is initially empty, with Hr = ∅, total mass Wr = 0, and element mass-sums Ar,e = 0 for
all e ∈ E . For each of the Nstarts random starts, a temporary copy of the current heap configuration is
created, denoted by (H̃, W̃ , {Ãe}). The scrap items i ∈ S are then randomly shuffled to generate a
new candidate ordering.

Next, a greedy construction pass is performed over the shuffled scrap items. For each item i, the
feasibility routine Function 1: TryAdd is invoked to determine whether the item can be added to the
temporary heap without violating the heap capacity constraint or the chemical composition bounds of
recipe r. If the item satisfies all constraints, it is added to the temporary heap H̃, and the heap mass
W̃ and element mass-sums Ãe are updated accordingly.

After all scrap items have been evaluated in the shuffled order, the temporary heap is compared with the
current best heap. If the temporary heap achieves a larger total mass (W̃ > Wr), it replaces the current
best configuration. In this way, the algorithm retains the best heap obtained among the randomised
construction attempts.

Once all Nstarts randomised attempts have been completed, the resulting heap configuration is further
refined using the local search procedure described in Function 2: Local Search. The local search
explores replacement moves within the heap and performs greedy repacking in order to increase the
total heap mass while maintaining feasibility with respect to the capacity and chemical composition
constraints.

After the local search procedure terminates, the final heap configuration (Hr,Wr, {Ar,e}) is evaluated.
The economic value of the heap is computed as

Vr = pr ·Wr,

representing the value of producing recipe r with the assembled scrap mixture. The tuple (r,Hr,Wr, Vr)
is then appended to the candidate heap table T4,t.

After candidate heaps have been generated for all recipes, the rows of T4,t are sorted in descending
order of their value Vr. The highest-ranked row corresponds to the most valuable feasible heap found
in the current allocation round. Let (r̂t, Ĥt, Ŵt, V̂t) denote this selected heap.

Finally, the scrap items contained in the selected heap Ĥt are permanently assigned to recipe r̂t. Each
item i ∈ Ĥt is annotated in the allocation table T5 with the selected recipe r̂t and its associated value
V̂t. These annotations prevent the same scrap items from being used again in later allocation rounds.
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By combining randomised greedy construction with local search refinement, the algorithm explores
a broader range of heap configurations and improves the quality of the final solutions. The multi-start
phase increases diversification by generating multiple candidate packings, while the local search phase
intensifies the search around promising solutions to further increase heap utilisation and economic
value.

Algorithm 5: Heap Formation and Iterative Allocation (Multi-start Greedy + LocalSearch)
Input: Recipes R with price pr and chemical bounds Lr,e, Ur,e; Scrap items S with masses mi

and compositions xi,e; Maximum heap mass M ; Number of heaps T ; Number of
random starts Nstarts

Output: Result tables T4,t with scrap item allocation possibilities Hr are ranked according to
their value Vr; The scrap items in the recipe with the highest value i ∈ Ĥt are
annotated in T5 with their recipe r̂t and value V̂t.

1 Initialize empty result table T5;
2 for t← 1 to T do
3 Initialize empty result table T4,t;
4 foreach recipe r ∈ R do
5 Initialize heap Hr ← ∅, total mass Wr ← 0;
6 Initialize element mass sums Ar,e ← 0 ∀e ∈ E ;
7 foreach s← 1 to Nstarts do
8 (H̃, W̃ , {Ãe})← (Hr,Wr, {Ar,e}) // Make a copy
9 Shuffle scrap items i ∈ S;
10 foreach scrap item i ∈ S in shuffled order do
11 if TryAdd(i, H̃, W̃ , {Ãe}e∈E , r,M) = true then
12 Add i to H̃; update W̃ and {Ãe}e∈E ;

13 if W̃ > W then
// Save best shuffle by highest mass

14 (H,W, {Ae})← (H̃, W̃ , {Ãe});

15 (Hr,Wr, {Ar,e})← LocalSearch(r,H,W, {Ae},S,M, Imax);
16 Compute Vr ← pr ·Wr;
17 Append (r,Hr,Wr, Vr) in result table T4,t;

18 Sort T4,t in descending order of Vr;
19 Let (r̂t, Ĥt, Ŵt, V̂t) be the top-ranked row of T4,t;
20 foreach scrap item i ∈ Ĥt do
21 Annotate item i with recipe r̂t and value V̂t in T5;

4.5. Chapter summary
This chapter investigated which algorithms are suitable for implementing the recipe-based allocation
task of the Sorting Decision Layer. The analysis in Section 4.1 showed that the allocation problem has
an extremely large solution space. For each heap, the system must evaluate combinations of scrap
items against hundreds of possible steel recipes, while respecting mass and chemical composition
constraints. Even for moderate buffer sizes, the number of possible item combinations becomes astro-
nomically large. This confirms that exhaustive enumeration is not a practical solution method for the
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proposed sorting system.

Section 4.2 describes the computational environment used for implementing and testing the allocation
logic. The simulation was developed in VBA within Microsoft Excel to allow transparent inspection
of intermediate tables, allocation steps, and constraint checks. Although this environment provides
flexibility and traceability during model development, it also reinforces the need for computationally
efficient algorithms that can produce feasible solutions without relying on expensive exact optimisation
procedures.

The algorithm selection in Section 4.3 showed that exact optimisation methods, such as ILP, MILP,
branch-and-bound, and branch-and-cut, are theoretically attractive because they can provide optimality
guarantees. However, their computational requirements make them unsuitable as the main solution
method for large and repeatedly evaluated scrap allocation problems. Instead, heuristic methods are
more appropriate for the proposed Sorting Decision Layer because they can construct feasible solutions
quickly and scale better with the number of scrap items, recipes, and allocation rounds.

The heap construction procedures in Section 4.4 therefore focused on greedy and local-search-based
heuristics. The Single-run Greedy algorithm provides a fast baseline by constructing candidate heaps
in one pass over the available scrap items. The Multi-pass Greedy algorithm extends this by repeatedly
scanning the remaining items, increasing the chance of filling unused heap capacity with compatible
scrap. The Multi-start Greedy algorithm introduces randomised item orders to explore alternative heap
configurations and reduce dependence on one fixed sorting sequence. Finally, the Local Search pro-
cedure and the hybrid variants with Local Search attempt to improve already constructed heaps by
replacing items and repacking the remaining capacity while maintaining all feasibility constraints.

Together, these sections answer the third sub-research question: “What kind of algorithms are suitable
for assigning scrap items within the proposed sorting system, considering solution quality and compu-
tational efficiency?” For this problem, suitable algorithms are heuristics that combine fast construction
of feasible heaps with limited improvement steps. Greedy methods are suitable because they can
efficiently handle large scrap streams and many candidate recipes, while multi-pass and multi-start
variants improve solution quality by exploring more feasible combinations. Local Search is suitable as
an additional refinement method because it can improve heap utilisation and value without requiring
full enumeration of the solution space. Therefore, the candidate algorithms selected for further evalu-
ation are Single-run Greedy, Multi-pass Greedy, Multi-start Greedy, and their Local Search-enhanced
variants.

However, this chapter only defined and motivated the candidate algorithms. To determine how well
they perform in practice, they must be tested on representative scrap input data and evaluated using
quantitative performance indicators. The next chapter, Chapter 5, therefore describes the generation
of synthetic scrap data, the simulation setup, the experimental configurations, and the metrics used to
compare algorithm performance in terms of scrap conversion, heap utilisation, economic value, and
computation time.



5
Simulation data and experiments

The previous chapters developed the Sorting Decision Layer (Chapter 3) and selected candidate algo-
rithms (Chapter 4) capable of constructing recipe-compliant scrap heaps. However, to evaluate whether
this approach actually improves scrap allocation, the system must be tested under controlled and re-
peatable conditions. This chapter therefore translates the proposed allocation model into a simulation
framework. It defines the performance indicators used to measure material utilisation, space efficiency,
economic value, and computational performance, and it establishes the synthetic scrap dataset and
experimental configurations required to compare the candidate algorithms and system parameters.

This chapter addresses the fourth sub-research question: “How can the performance of the proposed
scrap sorting system be quantitatively evaluated and tuned for maximal value creation and space ef-
ficiency?” First, Section 5.1 defines the key performance indicators used to evaluate the sorting sim-
ulations. Next, Section 5.2 describes the experimental setup used to compare candidate algorithms
and analyse the effects of buffer size, heap capacity, and number of heaps. Section 5.3 explains how
synthetic piece-by-piece scrap composition data is generated from European steel standards to enable
reproducible simulation experiments. Finally, the chapter is concluded by summarising its findings and
answering the fourth sub-research question in Section 5.4.

38
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5.1. Performance indicators
To evaluate the effectiveness of the proposed scrap sorting system and answer the fourth sub-research
question, “How can the performance of the proposed scrap sorting system be quantitatively evaluated
and tuned for maximal value creation and space efficiency?”, a set of quantitative performance indica-
tors is defined. These indicators are chosen to measure material efficiency, economic performance,
and operational feasibility, and are used in Chapter 6 to compare system configurations and candidate
algorithms:

The performance of the sorting and allocation system is evaluated using several performance indicators
that quantify material utilisation, economic output, and system productivity. These indicators allow
different algorithmic configurations to be compared in a consistent and interpretable manner.

• Item conversion (%) is defined as the fraction of individual scrap items that are successfully
assigned to a heap relative to the total number of scrap items entering the system. Let S denote
the set of all scrap items and let

∑T
t=1 |Ĥt| denote the set of scrap items that are assigned to the

selected heaps. The item conversion is defined as

Item conversion =

∑T
t=1 |Ĥt|
|S|

× 100%. (5.1)

This indicator measures how effectively the algorithm utilises the available scrap items. A higher
item conversion indicates that fewer scrap pieces remain unused, which is desirable because
unused items represent potential material waste.

• Mass conversion (%) measures the fraction of total incoming scrap mass that is successfully
allocated to valid heaps. Letmi denote the mass of scrap item i. The mass conversion is defined
as

Mass conversion =

∑T
t=1 Ŵt∑
i∈S mi

× 100%. (5.2)

This indicator focuses on material utilisation in terms of mass rather than item count. It is particu-
larly relevant for industrial scrap handling systems because large scrap pieces may represent a
significant portion of the total material flow.

• Heap utilisation (%) represents the fraction of the maximum allowable heap capacity that is ef-
fectively used. Given a maximum heap capacityM and T constructed heaps, the heap utilisation
is defined as

Heap utilization =

∑T
t=1 Ŵt

T ·M
× 100%. (5.3)

This indicator reflects how efficiently the available heap capacity is filled. Higher utilisation indi-
cates that the algorithms are able to construct heaps that are close to the maximum allowable
mass, thereby improving production efficiency.

• Value (€) quantifies the economic output of the sorting system. The value of a heap is determined
by multiplying the mass of the heap by the market price of the corresponding steel recipe. The
total value generated by the system is therefore

Value =

T∑
t=1

pr̂t Ŵt, (5.4)

where r̂t denotes the recipe associated with heap t. This indicator directly reflects the economic
objective of the system and therefore serves as the primary measure for comparing algorithmic
performance.



5.2. Simulation experiments 40

In the context of the proposed sorting system, the Equation 5.4: Value indicator is considered the most
important performance metric. The primary objective of the decision-support system is to maximise
the economic value of the produced steel heaps by assigning scrap items to the most valuable feasible
recipes. Consequently, the value metric directly reflects the effectiveness of the allocation algorithms
and serves as the main criterion for comparing different system configurations.

The second most important indicator is Equation 5.3: Heap utilisation, which captures the space-
efficiency of the heap formation process. Efficient use of the available heap capacity is important
in practice because it reflects how effectively the system converts sorting results into usable furnace
charges. High heap utilisation indicates that the algorithms are able to construct heaps that approach
the maximum allowable mass, thereby minimising unused heap capacity.

The Equation 5.2: Mass conversion indicator is relevant in situations where no explicit economic value
can be assigned to individual scrap items or groups of items. In such cases, maximising the fraction of
total scrap mass that can be incorporated into valid heaps provides a meaningful measure of material
efficiency.

The Equation 5.1: Item conversion indicator provides additional insight into the allocation decisions
made by the system. While it is less directly related to economic performance, it helps to interpret how
the algorithm distributes scrap items across heaps and how many items remain unused.

Finally, although Throughput (kg/hour) is generally an important performance indicator in industrial sort-
ing systems, it is not listed in this thesis because of the limited relevance in the decision-support layer
studied in this thesis. In practice, the throughput of a sensor-based scrap sorting system is primar-
ily determined by the physical sorting equipment rather than the computational time of the allocation
algorithm. As discussed in Section 2.3, the sorting hardware represents the dominant bottleneck in
the system. Therefore, the computational throughput of the proposed algorithms is not expected to
significantly constrain the overall system performance.

5.2. Simulation experiments
This section describes the design and setup of the simulation experiments used to evaluate the pro-
posed scrap sorting system. The experiments aim to analyse the performance of the sorting decision
layer under varying system configurations and to identify parameter settings that maximise value cre-
ation and space efficiency.

First, the key simulation model parameters are introduced in Section 5.2.1, which define the operational
constraints and influence the search space explored by the allocation model. Next, a comparison of
candidate algorithms is conducted to select the most suitable approach for the subsequent experiments
in Section 5.2.2.

The remaining experiments systematically evaluate the effect of key parameters, including buffer size,
number of heaps, and heap capacity, on system performance. These experiments are conducted
using a consistent baseline configuration and are assessed using the performance indicators defined
in Section 5.1. Finally, the trade-off between the two most important performance indicators, economic
performance and space efficiency, is analysed by the last experiment in Section 5.2.7.

5.2.1. Simulation model parameters
The simulation model contains several parameters that define both the operational constraints of the
simulated sorting system and the search space explored by the allocation algorithms. These parame-
ters determine how many scrap items are available for allocation, how many recipe-specific heaps can
be formed, and how much scrap mass each heap can contain. In the simulation experiments, these
parameters are systematically varied to evaluate their influence on material conversion, heap utilisa-
tion, economic value, and computational performance. The resulting trends are used in Chapter 6 to
identify suitable parameter settings and to assess how the proposed Sorting Decision Layer performs
under different system configurations.

• Buffer size (number of scrap items) determines how many scrap items are simultaneously
available to the allocation algorithm in a single simulation round. Let S denote the set of scrap
items currently present in the buffer. The buffer size is defined as
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|S| = B, (5.5)

whereB represents the maximum number of scrap items that can be stored in the buffer shown in
Figure 3.1. The buffer size influences the size of the decision space available to the algorithm. A
larger buffer increases the number of possible item combinations that can be assigned to heaps,
potentially improving solution quality, but also increases the computational complexity of the allo-
cation problem. This parameter is therefore tuned to balance solution quality and computational
tractability while reflecting realistic buffer capacities in industrial sorting systems.

• Number of heaps represents the maximum number of heaps that can be constructed in a single
allocation round. Let T denote the number of heaps available to the algorithm, with each selected
heap represented by Ĥt for t = 1, . . . , T . The constraint can be expressed as

t ∈ {1, . . . , T}. (5.6)

This parameter limits the number of candidate steel grades that can be produced simultaneously
in the model. Increasing T allows the system to consider a wider range of recipes and therefore in-
creases allocation flexibility. However, a larger number of heaps also increases the search space
of the optimisation problem. The parameter T is therefore tuned to reflect realistic operational
constraints in scrap processing facilities.

• Heap capacity (kg) defines the maximum allowable scrap mass that may be assigned to a single
heap. Let Wr denote the total mass of heap Hr. The heap capacity constraint is expressed as

Wr ≤M. (5.7)

Here, M represents the maximum allowable heap mass in kilograms. This constraint ensures
that the simulated heaps remain consistent with practical production limitations such as furnace
charge size or handling capacity. The value of M also affects the packing behaviour of the allo-
cation algorithms: smaller capacities force the algorithm to construct more compact heaps, while
larger capacities increase the flexibility to combine scrap items. The parameter is therefore tuned
to represent realistic batch sizes used in steel production.

Together, the performance indicators defined in Section 5.1 and the simulation parameters defined
above form the basis for the experimental evaluation of the proposed Sorting Decision Layer. The per-
formance indicators determine how each simulation result is assessed, while the parameters determine
the operational conditions under which the allocation algorithms are tested. The following experiments
therefore systematically combine these two components: first by selecting a suitable baseline algo-
rithm, then by analysing the effect of buffer size, and finally by evaluating how different heap capacities
and numbers of heaps influence mass conversion, heap utilisation, economic value, and the trade-off
between value creation and space efficiency.

5.2.2. Comparison of candidate algorithms
Before experiments can be performed, an algorithm has to be selected from the candidate algorithms
proposed in Chapter 4 based on the performance indicators discussed in Section 5.1.

For this preliminary experiment, all candidate algorithms have to process the same batch of 1000 scrap
pieces generated according to the scrap data generation procedure proposed in Section 5.3. To prevent
excessive compute times, every candidate algorithm evaluates only the first most valuable heap without
a constraint on heap capacity.

The results will be displayed in a table with columns: ’Algorithm’, ’Item Conversion (%)’, ’Mass Con-
version (%)’, ’Value (€)’, and ’Compute Time (ms)’, and the tested algorithms: ’Single-run Greedy’,
’Multi-pass Greedy’, ’Multi-pass Greedy + local search’, ’Multi-start Greedy’, and ’Multi-start Greedy +
local search’ in rows.
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5.2.3. Assessment of buffer size effects
To select the optimal number of heaps and heap capacity, you first have to select the right amount of
scrap items fed into the systems per cycle: Equation 6.6: Buffer size. A buffer size chosen too small
reduces the ability to assemble effective scrap mixtures. A buffer size chosen too large reduces the
space efficiency of the system.

For this experiment, the numerical simulation will sort buffer sizes ranging between 0 and 2000 scrap
pieces, each generated according to the procedure outlined in Section 5.3. The performance of the
first heap most valuable heap (without heap capacity constraint), will be measured for each buffer size
according to the performance indicators discussed in Section 5.1.

Results will be displayed in a table with columns: ’Buffer size (number of scrap pieces)’, ’Item Conver-
sion (%)’, ’Mass Conversion (%)’, and ’Value (€)’, with the tested buffer sizes in rows. Next to the table,
a figure will display a scatterplot of the ’Mass Conversion (%)’ against the ’Buffer size (number of scrap
pieces)’, including a polynomial trend-line for added clarity.

5.2.4. Mass conversion performance
After determining a stable buffer size, different amounts of heaps: Equation 6.7: Number of heaps, can
be tested against different heap sizes: Equation 6.8: Heap capacity. The performance of these different
heap configurations is measured in three different ways, the first: Equation 6.2: Mass conversion is
displayed in this experiment.

For this experiment and the next experiments outlined in subsections 5.2.5, 5.2.6, and 5.2.7, the same
baseline configuration is used. This baseline configuration consists of the same batch of scrap items
generated according to Section 5.3, with the number of scrap items identified in Section 6.2 as a stable
buffer size. The mass conversion performance of all different combinations between heap sizes 0 kg
and 20 000 kg, and 0 and 12 number of heaps will be explored in this experiment.

Results will be cumulatively displayed (adding the results of the current and previous evaluated heaps
together) in a table with columns: ’Heap Size (kg)’ representing the capacity per heap, and ’Number
of heaps’ available for use in the simulation for that particular configuration to use. For extra clarity,
results in the table will be shaded from light to dark, from low to high. Next to the table, a figure will
display a plot of the cumulative ’Mass Conversion (%)’ against the ’Heap capacity (kg)’ for different
number of heaps to view the same data presented in the table from another perspective for potentially
more insight.

5.2.5. Heap utilisation performance
The second performance metric measured for the same heap configurations outlined for experiment
’Mass conversion performance under baseline configuration’ in subsection 5.2.4 is the amount of heap
capacity used: Equation 6.3: Heap utilisation.

Results will be cumulatively displayed (adding the results of the current and previous evaluated heaps
together) in a table with columns: ’Heap Size (kg)’ representing the capacity per heap, and ’Number of
heaps’ available for use in the simulation for that particular configuration to use. For extra clarity, results
in the table will be shaded from light to dark, from low to high. Next to the table, a figure will display a plot
of the cumulative ’Heap utilisation (%)’ against the ’Heap capacity (kg)’ for different number of heaps
to view the same data presented in the table from another perspective, for potentially more insight.

5.2.6. Economic performance
The third performance metric measured for the same heap configurations outlined for experiment ’Mass
conversion performance under baseline configuration’ in subsection 5.2.4 is the amount of heap capac-
ity used: Equation 6.4: Value.

Results will be cumulatively displayed (adding the results of the current and previous evaluated heaps
together) in a table with columns: ’Heap Size (kg)’ representing the capacity per heap, and ’Number
of heaps’ available for use in the simulation for that particular configuration to use. For extra clarity,
results in the table will be shaded from light to dark from low to high. Next to the table, a figure will
display a plot of the cumulative ’Value (€)’ against the ’Heap capacity (kg)’ for different number of heaps
to view the same data presented in the table from another perspective, potentially for more insight.
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5.2.7. Performance trade-offs between heap utilisation and revenue
This last experiment combines the results from ’5.2.5 Mass conversion performance under baseline
configuration’ and from ’5.2.6 Economic performance under baseline configuration’, by multiplying the
’Heap utilization (%)’ with the ’Value (€)’ of each corresponding heap configuration. This way, an opti-
mum can be identified that maximises the created value against the space efficiency of the tested heap
configurations.

Results will be displayed in a table with columns: ’Heap Size (kg)’ representing the capacity per heap,
and ’Number of heaps’ available for use in the simulation for that particular configuration to use. For
extra clarity, results in the table will be shaded from light to dark from low to high. Next to the table,
a figure will display a plot of the ’Value (€) x Heap utilisation (%)’ against the ’Heap capacity (kg)’ for
different number of heaps to view the same data presented in the table from another perspective, for
potentially more insight.

The composition of the item-conversion rate and mass-conversion rate results of the heap configuration
with the highest combined score (’Value (€) x Heap utilization (%)’) will be displayed in two pie charts,
where the item% and mass% of each steel recipe is displayed relative to the total item count and total
scrapmass of the imputed scrap data (the buffer size). Also, a plot of every heapwith its assigned recipe
will be provided, with the element mass-percentage set out against all relevant elements according to
the EU Steel standards, including the element limit ranges corresponding to the assigned recipe op that
heap. To give a complete picture of the scrap allocation, also the elemental composition is provided of
the leftover scrap elements that could not be assigned to one of the heaps.

These experiments define how the proposed Sorting Decision Layer is evaluated under different algo-
rithmic and operational conditions. The sequence of experiments first selects a suitable baseline algo-
rithm, then determines a stable buffer size, and finally analyses how heap capacity and the number of
heaps influence mass conversion, heap utilisation, economic value, and the combined value-utilisation
trade-off. However, all these experiments require a consistent input dataset containing the mass and
elemental composition of individual scrap items. Since large-scale public datasets with piece-level
scrap compositions are not readily available, the next section describes how synthetic scrap data is
generated to provide a reproducible input for the simulation model.

5.3. Scrap Generation
As piece-by-piece scrap compositional data is not available for this research, synthetic scrap data is
generated based on European steel standards, as described in subsection 5.3.2. The data is combined
and prepared according to the data framework and assumptions outlined in subsection 5.3.1. Finally,
the synthetic scrap data is generated following the procedure described in subsection 5.3.3.

5.3.1. Scrap composition and data assumptions
The scrap input data used in this study is synthetically generated to provide a controlled and transparent
basis for evaluating the proposed sorting strategy. Scrap items are assumed to originate from previously
produced steel grades that comply with established European Steel Standards. An overview of the
standards used to define the underlying steel compositions is given in Table 5.1. These standards cover
a broad range of steel families, including structural steels, pressure vessel steels, stainless steels, and
tool steels, thereby representing a diverse and realistic scrap pool.

For each standard, representative steel grades were translated into a steel composition table containing
minimum and maximum mass fractions for relevant alloying and residual elements. Where multiple
configurations exist within a standard, the thinnest and/or strongest configuration was chosen. This
choice reflects conservative composition limits, as high-strength or thin-gauge products typically have
the tightest chemical constraints. Using these limiting cases ensures that the resulting recipes are
well-defined and restrictive, which is ideal for testing the feasibility of recipe-based scrap sorting.

To maintain clarity, the composition data is limited to direct elemental bounds. Composite or derived
constraints, such as carbon equivalent values (CEV), were deliberately excluded. While such rules are
important in industrial steelmaking, they introduce complexity that is not relevant in this initial system
design stage. By relying solely on explicit minimum and maximum elemental contents, each recipe
constraint remains directly applicable in the numerical simulation.
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Individual scrap items are generated by sampling elemental compositions within the specified bounds
of their parent steel grade and assigned a random mass between 1 and 200 kg. Scrap pieces are
treated as chemically uniform and indivisible units. Effects such as surface contamination, oxidation,
coating layers, or sensor measurement uncertainty are not explicitly modelled. These simplifications
allow the study to focus on the system-level behaviour of recipe-based sorting rather than sensor-level
inaccuracies.

5.3.2. Data source
The synthetic scrap dataset is based on elemental composition data provided by het Nederlands Nor-
malisatie Instituut (NEN), which defines the chemical composition limits for European steel grades. The
elemental bounds of the steel grades used in this study are listed in Table 5.1. From these standards,
an input recipe table T1 is assembled with columns for the steel symbol and the minimum and maximum
allowable mass fraction of each element for all 315 recipes. Because publicly available price data for
individual EU steel grades were not available, synthetic prices between €0.50/kg and €5.00/kg were
assigned to all listed steel grades. This range was used as an assumed representative price range
for EU steel grades. A screenshot illustrating the Excel implementation of the input recipe table T1 is
shown in Figure B.1.

Standard Steel type

[38] NEN-EN 10025-2:2019 Non-alloy structural steel

[39] NEN-EN 10025-3:2019 Fine-grain structural steel

[40] NEN-EN 10025-4:2019 + A1:2022 Fine-grain structural steel

[41] NEN-EN 10025-5:2019 Structural steel with improved atmospheric corrosion resistance

[42] NEN-EN 10025-6:2019 + A1:2022 High-strength quenched and tempered structural steel

[43] NEN-EN 10028-2:2017 Pressure vessel steel

[44] NEN-EN 10028-3:2017 Fine-grain pressure vessel steel

[45] NEN-EN 10028-4:2017 Nickel-alloyed pressure vessel steel

[46] NEN-EN 10028-5:2017 Thermomechanically rolled pressure vessel steel

[47] NEN-EN 10028-6:2017 Quenched and tempered pressure vessel steel

[48] NEN-EN 10028-7:2016 Stainless steels for pressure purposes

[49] NEN-EN 10088-1:2023 List of stainless steels

[50] NEN-EN 10088-2:2024 Stainless steel sheet/plate and strip

[51] NEN-EN 10088-3:2024 Stainless steel bars, rods, wire, sections and bright products

[52] NEN-EN 10088-4:2009 Stainless steels for structural applications

[53] NEN-EN 10088-5:2009 Stainless steel bars, rods and wire for construction purposes

[54] NEN-EN-ISO 4957:2018 Tool steels

Table 5.1: European steel standards used for the numerical simulation.
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5.3.3. Data generation model
The per-item scrap steel data for the simulation model outlined in Chapter 3 is produced according to
the following steps in Excel:

1. A number of recipe rows equal to the desired number of scrap items is sampled with replacement
from the steel recipe composition table T1 and copied into a new table T2. This simulates the
variety of steel grades present in the incoming scrap stream.

2. For each element in each row of T2, a value is randomly sampled between the corresponding
minimum and maximum composition limits and stored in a new table T3 on the same row. This
represents the elemental composition variation of scrap steel within the bounds of European steel
recipes.

3. A random mass between 1 and 200 kg is assigned to each row of T3, representing an assumed
typical mass range for individual scrap items.

4. A scrap ID is assigned to each row of T3 by numbering the rows in ascending order. This ID is
used to assign the scrap items to the different heaps.

Screenshots illustrating the Excel implementation of the input recipe table T1, the candidate scrap table
T2, and the generated scrap-item table T3 are shown in Figures B.1 to B.3, respectively.

5.3.4. Data generation pseudocode
Procedure 1: Scrap Data Generation describes the procedure used to generate a synthetic set of scrap
items from the available recipe data. Because real scrap item data with detailed elemental compositions
and masses were not directly available for all experiments, a simulated scrap dataset was constructed
based on the chemical composition ranges of the steel recipes. The purpose of this procedure is to
create a diverse set of scrap items that reflects the composition space of the recipe database while
allowing controlled variation in both chemistry and mass.

The algorithm takes as input the recipe table T1, which contains one row for each recipe r ∈ R and, for
every tracked element e ∈ E , the corresponding minimum and maximum composition values stored in
the columns “e % min.” and “e % max.”. In addition, a target sample size N is specified, representing
the number of synthetic scrap items to be generated. The output of the procedure is a scrap item set S,
stored in output table T3, in which each item i is characterised by a massmi and elemental composition
values xi,e.

The generation process consists of two main steps. In the first step, rows are sampled from the recipe
table with replacement. An empty candidate scrap table T2 is initialised, after which N row indices are
drawn independently from a discrete uniform distribution over the set of recipe rows,

ji ∼ Uniform{1, . . . , |R|}, i = 1, . . . , N.

For each sampled index ji, the corresponding row from T1 is copied into row i of T2. Because sam-
pling is performed with replacement, the same recipe may be selected multiple times. This allows the
generated scrap dataset to contain multiple synthetic items derived from the same recipe template.

In the second step, the elemental compositions of the sampled rows are randomised within their spec-
ified lower and upper bounds. An empty output table T3 and an empty scrap set S are initialised. For
each sampled row i, the algorithm loops over all tracked elements e ∈ E . The lower and upper bounds
Li,e and Ui,e are read from the corresponding “e % min.” and “e % max.” columns. If both values are
numeric, the elemental composition of scrap item i for element e is generated as

xi,e ∼ Uniform(Li,e, Ui,e).

If one or both bounds are not available, the corresponding elemental composition is set to zero. In
this way, each sampled recipe row is transformed into a unique synthetic composition vector while
remaining within the chemical range of the originating recipe.

After the elemental composition values have been generated, a random mass is assigned to the scrap
item. The item mass is sampled from a continuous uniform distribution,

mi ∼ Uniform(mmin,mmax),
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where in the implementationmmin = 0.1 kg andmmax = 200 kg. This introduces variation in scrap item
size and ensures that the generated dataset contains both small and large scrap pieces.

Once the composition vector {xi,e}e∈E and mass mi have been generated, the synthetic scrap item
is added to the scrap set S and appended to the output table T3. Repeating this procedure for all
i = 1, . . . , N yields a complete synthetic scrap dataset.

The resulting dataset provides a computationally convenient representation of varying scrap input mate-
rial for the allocation heuristics. By combining recipe-based sampling with random composition genera-
tion within the specified min-max bounds, the procedure preserves the general chemical characteristics
of the recipe database while introducing sufficient variability for simulation performance evaluation.

Procedure 1: Scrap Data Generation (Sampling + Random Composition)
Input: Recipe table T1 (R rows with “e % min.” and “e % max.” columns per element e ∈ E for

every recipe r ∈ R); target sample size N

Output: Scrap item set S with masses mi, and compositions xi,e in table T3

1 Step 1: Sample rows with replacement;
2 Initialize empty candidate scrap table T2;
3 for i← 1 to N do
4 Draw index ji ∼ Uniform{1, . . . ,R};
5 Copy row ji from T1 into row i of table T2;

6 Step 2: Generate random compositions between min/max bounds;
7 Initialize empty output table T3;
8 Initialize empty scrap set S ← ∅;
9 for i← 1 to N do
10 foreach e ∈ E do
11 Read Li,e ← value in row i of column “e % min.”;
12 Read Ui,e ← value in row i of column “e % max.”;
13 if Li,e and Ui,e are numeric then
14 Sample xi,e ∼ Uniform(Li,e, Ui,e);

15 else
// IF not available

16 Set xi,e ← 0;

17 Add xi,e to S

18 Sample mass mi ∼ Uniform(mmin,mmax); // mmin = 0.1, mmax = 200 kg
19 Add mi to S
20 Append

(
mi, {xi,e}e∈E

)
to output table T3;

21 return S;

5.4. Chapter summary
This chapter defined the simulation framework used to quantitatively evaluate the proposed scrap sort-
ing system. Section 5.1 introduced the key performance indicators used to assess the allocation results.
Item conversion and mass conversion measure how much of the incoming scrap stream is success-
fully assigned to valid heaps. Heap utilisation measures how efficiently the available heap capacity
is used, while the value indicator measures the economic output of the selected recipe-based heaps.
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Together, these indicators make it possible to evaluate the system from both a material-efficiency and
economic-performance perspective.

Section 5.2 then describes the experimental setup used to evaluate and tune the Sorting Decision Layer.
The simulation parameters define the operational conditions under which the allocation algorithms are
tested. Buffer size determines howmany scrap items are available to the algorithm at once, the number
of heaps determines how many recipe-specific outputs can be formed, and heap capacity limits the
maximum mass assigned to each heap. These parameters directly influence both the search space
and the practical performance of the sorting system.

The chapter also defined the sequence of simulation experiments. First, the candidate algorithms from
Chapter 4 are compared to select a suitable algorithm for further testing. Next, buffer size is varied to
identify a stable amount of available scrap items for each allocation cycle. After that, combinations of
heap capacity and number of heaps are evaluated under a baseline configuration. These experiments
measure mass conversion, heap utilisation, and economic value separately, after which a combined
value-utilisation metric is used to identify configurations that balance revenue generation with efficient
use of sorting capacity.

Finally, Section 5.3 describes how synthetic piece-by-piece scrap data is generated from European
steel standards. Because publicly available industrial datasets with item-level scrap mass and elemen-
tal composition are not available at sufficient scale, the simulation uses generated scrap items based on
steel recipe composition ranges. This enables controlled and reproducible testing of recipe-based allo-
cation strategies. The generated data provides each scrap item with a mass, composition vector, and
item identifier, making it suitable for evaluating heap formation algorithms under consistent conditions.

Together, these sections answer the fourth sub-research question: “How can the performance of the
proposed scrap sorting system be quantitatively evaluated and tuned for maximal value creation and
space efficiency?” The performance of the system can be evaluated by applying the proposed allocation
algorithms to controlled synthetic scrap datasets and measuring item conversion, mass conversion,
heap utilisation, and economic value. The system can be tuned by systematically varying buffer size,
heap capacity, and number of heaps, and by comparing how these parameters affect both the value
generated and the utilisation of available heap space.

This chapter therefore establishes the experimental basis for evaluating the proposed Sorting Deci-
sion Layer. The next chapter, Chapter 6, applies these experiments and presents the results of algo-
rithm comparison, buffer-size analysis, baseline performance evaluation, and value-utilisation trade-off.
These results are used to determine which algorithm and system configuration provide the most effec-
tive balance between value creation and space efficiency.



6
Results

The previous chapter (Chapter 5) defined the simulation data, performance indicators, and experimen-
tal setup used to evaluate the proposed Sorting Decision Layer. This chapter applies that framework to
quantify how the recipe-based scrap allocation system performs under different algorithmic and opera-
tional configurations. The results show how algorithm choice, buffer size, heap capacity, and number
of heaps influence material conversion, heap utilisation, and economic value creation. In doing so, the
chapter moves from the design and simulation setup of the proposed system to its measured perfor-
mance and identifies the configuration that provides themost balanced trade-off between value creation
and space efficiency.

This chapter presents the results of the simulation experiments outlined in Section 5.2 for the proposed
sorting system described in Chapter 3. First, the candidate algorithms are compared in Section 6.1,
after which the effect of buffer size is assessed in Section 6.2. Different system configurations are then
evaluated in terms of mass conversion in Section 6.3, heap utilisation in Section 6.4, economic value
in Section 6.5, and the trade-off between heap utilisation and revenue in Section 6.6. The chapter
concludes by summarising the results and answering the fifth sub-research question: “How does the
proposed scrap sorting system perform under varying system configurations?” in Section 6.7.

48
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6.1. Comparison of candidate algorithms
Table 6.1 presents a preliminary quantitative comparison of the candidate greedy-based algorithms
using four performance indicators defined in Section 5.1: item conversion, mass conversion, economic
value, and computation time. The purpose of this experiment is not yet to identify the best system con-
figuration, but to select a suitable baseline algorithm for the remaining configuration experiments. The
selected algorithm should therefore provide a good compromise between solution quality and compu-
tational efficiency, because it will be applied repeatedly across different buffer sizes, heap capacities,
and numbers of heaps.

The single-run greedy algorithm performs the weakest on all quality-related metrics. It converts 33% of
the available scrap items and 24% of the total scrapmass, resulting in a total value of €84 168. Although
its computation time is the lowest at 23 359 ms, its value is 52% lower than the multi-pass greedy result
and 54% lower than the best multi-start result. This indicates that a single greedy pass is too limited
for the proposed allocation problem.

Introducing multiple passes substantially improves performance. The multi-pass greedy algorithm in-
creases item conversion from 33% to 50% and mass conversion from 24% to 49%, corresponding to
improvements of 17 and 25 percentage points, respectively. At the same time, the total value increases
by 108%, from €84168 to €175 218. Adding local search to the multi-pass greedy algorithm does not
further improve item conversion, mass conversion, or value in this experiment. Instead, computation
time increases from 65223 ms to 114 316 ms, providing no additional benefit.

The multi-start greedy algorithms achieve the highest conversion rates, reaching 61% item conversion
and 51%mass conversion. Compared with multi-pass greedy, this represents an additional 11 percent-
age points in item conversion and 2 percentage points in mass conversion. However, the economic
value increases by only 4.5%, from €175218 to €183 142. This improvement comes at a dispropor-
tionately high computational cost: runtime increases from 65223 ms to 636 020 ms, approximately 9.8
times higher. Adding local search further increases runtime to 846 035 ms while slightly reducing the
resulting value.

Based on these KPIs, the multi-start greedy algorithm gives the highest absolute solution quality, but
it is not the most balanced choice for the remainder of the thesis. Its small improvement in mass
conversion and value does not justify the large increase in computation time, especially because the
following experiments require repeated simulations over many parameter combinations. In contrast,
the multi-pass greedy algorithm captures 95.7% of the best observed value while requiring only 10.3%
of the computation time of the best-performing multi-start algorithm. It also substantially outperforms
the single-run greedy algorithm on item conversion, mass conversion, and value.

For this reason, themulti-pass greedy algorithm is selected as the baseline algorithm for the subsequent
experiments. The remaining results in Chapter 6 therefore compare different system configurations
using a fixed algorithmic approach. The later baseline configuration, consisting of a selected buffer
size, heap capacity, and number of heaps, is separate from the baseline algorithm selected in this
section.

Algorithm Item Coversion Mass Conversion Value Compute Time

Single-run Greedy 33% 24% € 84.168,21 23359 ms

Multi-pass Greedy 50% 49% € 175.218,18 65223 ms

Multi-pass Greedy + local search 50% 49% € 175.218,18 114316 ms

Multi-start Greedy 61% 51% € 183.142,54 636020 ms

Multi-start Greedy + local search 61% 51% € 181.314,47 846035 ms

Table 6.1: Performance comparison of candidate algorithms.
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6.2. Assessment of buffer size effects
Table 6.2 and Figure 6.1 illustrate the influence of buffer size on the performance of the heap formation
process. The buffer represents the number of scrap items simultaneously available for allocation, and
therefore determines the number of feasible scrap combinations that the algorithm can explore.

At small buffer sizes, both item conversion and mass conversion increase rapidly as the buffer grows.
For example, increasing the buffer size from 50 to 300 scrap items raises item conversion from 18%
to 48% and mass conversion from 16% to 38%, corresponding to increases of 30 and 22 percentage
points, respectively. Over the same interval, the total value increases from €1972 to €41 863. This
steep improvement occurs because a larger buffer increases the combinatorial flexibility of the alloca-
tion process, making it more likely that feasible scrap combinations satisfying the recipe constraints
can be formed.

Beyond approximately 600-700 scrap items, the improvement rate decreases, and the performance
metrics begin to fluctuate around a plateau. From 600 to 2 000 items, mass conversion remains within
a range of 40-55%, while item conversion remains within 46-59%. As shown in Figure 6.1, the fitted
trendline therefore indicates diminishing gains rather than a continued proportional increase. Increasing
the buffer further mainly changes the distribution of feasible combinations, but does not systematically
improve conversion efficiency.

Although the highest economic value is obtained at the largest tested buffer size (2 000 items), this
increase is partly caused by the larger amount of available material. In conversion terms, the gain is
more limited: increasing the buffer from 1000 to 2 000 items raises item conversion from 48% to 50%
and mass conversion from 43% to 50%, corresponding to increases of only 2 and 7 percentage points.
These improvements are relatively small compared to the doubling of the buffer size and the associated
computational effort required to evaluate the expanded solution space.

Considering this trade-off between solution quality and computational complexity, a buffer size of 1000
scrap items is selected for the baseline configuration used in the subsequent experiments. At this level,
the performance metrics have already entered the plateau region observed in Figure 6.1, meaning that
most of the attainable conversion performance is captured while maintaining manageable computa-
tional requirements. Larger buffers can still increase absolute value, but provide only limited additional
conversion efficiency.

Therefore, a buffer size of 1 000 scrap items is adopted as the baseline configuration for the experiments
presented in Section 6.3, Section 6.4, and Section 6.5.
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Buffer Size Item Conversion Mass Conversion Value

0 0% 0% € 0
50 18% 16% € 1.972,44
100 21% 18% € 6.038,11
200 33% 26% € 19.054,07
300 48% 38% € 41.863,43
400 44% 36% € 56.874,63
500 48% 41% € 71.588,44
600 59% 55% € 120.233,82
700 58% 54% € 130.721,54
800 46% 40% € 119.647,30
900 56% 49% € 161.149,69
1000 48% 43% € 154.507,18
1100 53% 48% € 190.778,73
1200 57% 53% € 234.982,63
1300 49% 46% € 221.797,24
1400 52% 50% € 251.424,24
1500 53% 50% € 274.833,39
1600 48% 45% € 261.004,99
1700 53% 48% € 296.461,25
1800 56% 53% € 341.927,08
1900 49% 46% € 317.580,47
2000 50% 50% € 358.066,29

Table 6.2: Performance comparison of the most valuable heap across different buffer sizes.

Figure 6.1: Cumulative mass conversion as a function of buffer size. The scatter points show the observed simulation results,
while the dashed trendline highlights the diminishing performance gains for larger buffers. Data from Table 6.2.
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6.3. Mass conversion performance
Table 6.3 and Figure 6.2 present the cumulative mass conversion achieved for different heap capacities
and numbers of heaps under the baseline configuration. Together, these results illustrate how the
available heap capacity and the number of simultaneous heaps influence the ability of the allocation
algorithm to convert scrap mass into valid steel recipes.

At small heap capacities, mass conversion remains limited because only a small amount of scrap can
be assigned to each heap. For example, with a heap capacity of 1 000 kg, conversion ranges from 1%
with a single heap to 12% with twelve heaps. Even when the number of heaps is increased from one
to twelve, the absolute gain is therefore limited to 11 percentage points. As heap capacity increases,
conversion rises rapidly because larger heaps allow more scrap combinations that satisfy the chemical
recipe constraints.

This trend is clearly visible in both Table 6.3 and Figure 6.2. For instance, increasing heap capacity
from 2000 kg to 6 000 kg raises the conversion for six heaps from 12% to 37%, corresponding to an
increase of 25 percentage points. For twelve heaps, conversion increases from 25% to 68% over the
same capacity range, an increase of 43 percentage points. This steep increase indicates that larger
heap capacities significantly improve the combinatorial flexibility of the allocation process, enabling
more scrap items to be combined into feasible heaps.

Beyond approximately 8 000-10 000 kg, the rate of improvement begins to decrease, especially for con-
figurations with larger numbers of heaps. For example, with twelve heaps, conversion increases from
80% at 8 000 kg to 83% at 10000 kg, and then to 92% at 20 000 kg. This means that the final doubling of
heap capacity from 10000 kg to 20 000 kg adds only 9 percentage points. Similar saturation behaviour
is observed for other high-heap configurations, indicating that many suitable scrap combinations have
already been identified at these capacities.

Increasing the number of heaps consistently improves mass conversion because it allows more steel
recipes to be produced simultaneously. However, the marginal benefit of additional heaps diminishes
at larger capacities. For example, at 6 000 kg, increasing from eight to twelve heaps raises conversion
from 48% to 68%, a gain of 20 percentage points. At 10 000 kg this difference decreases to 11 per-
centage points, and at 20 000 kg it decreases further to only 4 percentage points. The scatter points
and fitted trendlines in Figure 6.2 therefore show convergence at higher heap capacities, rather than a
constant benefit from adding more heaps.

These results show that heap capacity and number of heaps should not be interpreted independently.
Heap capacity determines how much material can be assigned to each selected recipe, while the
number of heaps determines how many recipe options can be used in parallel. The highest mass
conversion values are therefore obtained when both parameters are increased together. However,
once the available scrap items that can easily satisfy the recipe constraints have been allocated, further
increases in capacity mainly provide unused theoretical space rather than additional feasible scrap
combinations.

The main finding from Table 6.3 and Figure 6.2 is that mass conversion is primarily limited by available
heap capacity at small and medium heap sizes, but increasingly limited by recipe feasibility at larger
heap sizes. Increasing heap capacity and the number of heaps improves mass conversion because
the algorithm has more space and more recipe options to allocate scrap items. However, the benefit
is strongest up to approximately 8 000-10 000 kg. Beyond this range, the curves begin to flatten, es-
pecially for configurations with many heaps, indicating that the remaining unallocated scrap becomes
harder to combine into feasible recipes under the given chemical constraints. Therefore, simply increas-
ing heap capacity or adding more heaps does not lead to proportional improvements in scrap utilisation.
The results show that high mass conversion requires sufficient capacity and multiple available heaps,
but also that the system reaches a saturation region where additional capacity produces diminishing
returns.
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Number of heapsHeap
Size (kg) 1 2 3 4 5 6 7 8 9 10 11 12
0 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
1000 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 11% 12%
2000 2% 4% 6% 8% 10% 12% 15% 17% 19% 21% 23% 25%
3000 3% 6% 9% 12% 16% 19% 22% 25% 28% 31% 34% 37%
4000 4% 8% 11% 15% 20% 24% 28% 32% 36% 40% 45% 49%
5000 5% 9% 14% 19% 24% 30% 35% 40% 45% 50% 54% 59%
6000 6% 12% 19% 25% 31% 37% 44% 48% 52% 56% 62% 68%
7000 7% 15% 22% 29% 36% 43% 47% 51% 55% 62% 69% 77%
8000 8% 17% 25% 33% 42% 48% 51% 55% 60% 68% 76% 80%
9000 9% 18% 27% 37% 42% 48% 57% 66% 76% 80% 84% 87%
10000 9% 19% 29% 40% 46% 52% 62% 72% 76% 80% 82% 83%
11000 9% 20% 31% 43% 49% 61% 72% 76% 79% 82% 84% 85%
12000 9% 21% 34% 46% 53% 65% 78% 81% 83% 84% 85% 86%
13000 9% 22% 36% 49% 54% 68% 80% 83% 84% 86% 88% 89%
14000 9% 23% 38% 52% 57% 72% 82% 86% 87% 88% 89% 89%
15000 9% 24% 36% 46% 51% 67% 79% 83% 84% 86% 87% 88%
16000 17% 33% 42% 49% 65% 67% 72% 81% 85% 86% 87% 89%
17000 18% 27% 41% 47% 65% 71% 82% 85% 87% 87% 88% 89%
18000 19% 37% 44% 50% 69% 74% 82% 85% 87% 88% 89% 90%
19000 20% 39% 45% 65% 71% 75% 78% 80% 81% 83% 86% 88%
20000 21% 41% 51% 58% 79% 83% 87% 88% 89% 89% 90% 92%

Table 6.3: Cumulative mass conversion relative to total scrap weight for different numbers of heaps and heap capacities.
Results from low to high are shaded from light to dark.

Figure 6.2: Scatter plot of cumulative mass conversion by heap capacity and number of heaps, based on Table 6.3, including
polynomial trend lines.
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6.4. Heap utilisation performance
Table 6.4 and Figure 6.3 present the cumulative heap utilisation achieved for different heap capacities
and numbers of heaps under the baseline configuration. Heap utilisation represents the fraction of
available heap capacity that is effectively filled with scrap while satisfying the chemical composition
constraints of the selected steel recipes.

For small heap capacities, utilisation is generally high. Up to 3 000 kg, most configurations achieve
utilisation values between 99% and 100%, with only minor deviations. At 1 000 kg, utilisation remains
between 96% and 100% across all heap counts, while at 2 000 kg all configurations reach 100%. This
indicates that, at small capacities, the available scrap provides sufficient flexibility to almost fully utilise
the allocated heap space.

As heap capacity increases, heap utilisation decreases most clearly for configurations with larger num-
bers of heaps. For twelve heaps, utilisation decreases from 98% at 1 000 kg to 80% at 8 000 kg, 66%
at 10 000 kg, and 37% at 20 000 kg. This decline of 61 percentage points shows that larger heaps be-
come more difficult to fill completely under the chemical recipe constraints. Larger heaps require more
scrap items with compatible compositions, which reduces the probability that the remaining available
material can fully satisfy both capacity and composition requirements.

These trends show that heap utilisation is not only determined by the available capacity, but also by the
interaction between heap capacity, number of heaps, and recipe feasibility. A larger number of heaps
creates more allocation opportunities, but it also divides the available compatible scrap over more
recipe-specific outputs. As a result, some heaps remain partly empty even though the total allocated
mass may still increase.

The effect becomes more pronounced when the number of heaps increases. At 10 000 kg, utilisation
decreases from 83% for one heap to 66% for twelve heaps, a difference of 17 percentage points. At
20 000 kg, this difference increases to 63 percentage points, from 100% for one heap to 37% for twelve
heaps. The scatter points and fitted trendlines in Figure 6.3 therefore show that higher heap counts
experience a stronger utilisation loss at larger capacities, because multiple heaps compete for suitable
scrap combinations.

The main finding from Table 6.4 and Figure 6.3 is that heap utilisation behaves opposite to mass con-
version. Small heap capacities are easy to fill almost completely, resulting in utilisation values close
to 100%, but they convert only a limited fraction of the total scrap mass. Larger heap capacities allow
more scrap to be allocated, but the available capacity becomes increasingly difficult to fill efficiently
because each heap must still satisfy the chemical limits of a selected recipe. This effect is strongest
when many heaps are used, since multiple heaps compete for compatible scrap items from the same
buffer. Therefore, the results show that maximising heap capacity or increasing the number of heaps
does not automatically improve space efficiency. Instead, there is a clear trade-off: larger configu-
rations improve mass conversion but reduce heap utilisation, indicating that an optimal configuration
must balance total scrap allocation against efficient use of available heap space.
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Number of heapsHeap
Size (kg) 1 2 3 4 5 6 7 8 9 10 11 12
0 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100%
1000 100% 100% 100% 100% 96% 97% 97% 98% 98% 98% 98% 98%
2000 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100%
3000 100% 100% 99% 100% 100% 100% 100% 100% 100% 100% 100% 100%
4000 100% 100% 90% 93% 94% 95% 96% 96% 97% 97% 97% 98%
5000 100% 85% 90% 92% 94% 95% 96% 96% 97% 96% 94% 94%
6000 100% 100% 100% 100% 100% 100% 100% 97% 93% 90% 91% 91%
7000 100% 100% 100% 100% 100% 99% 92% 88% 84% 85% 87% 88%
8000 100% 100% 100% 100% 100% 97% 87% 83% 80% 82% 84% 80%
9000 92% 96% 97% 98% 91% 85% 87% 89% 90% 86% 82% 77%
10000 83% 91% 94% 96% 89% 83% 85% 87% 82% 77% 71% 66%
11000 75% 88% 92% 94% 87% 89% 90% 83% 77% 72% 67% 62%
12000 69% 84% 90% 92% 85% 87% 89% 82% 74% 67% 62% 57%
13000 64% 82% 88% 91% 80% 84% 85% 77% 69% 63% 59% 55%
14000 59% 80% 86% 90% 78% 82% 81% 74% 66% 61% 55% 51%
15000 55% 78% 78% 73% 65% 71% 73% 66% 60% 55% 51% 47%
16000 100% 100% 84% 73% 78% 68% 62% 61% 57% 52% 48% 44%
17000 100% 77% 78% 67% 74% 67% 66% 60% 54% 50% 46% 42%
18000 100% 100% 78% 67% 74% 66% 63% 57% 51% 47% 43% 40%
19000 100% 100% 77% 83% 72% 63% 57% 51% 46% 42% 40% 37%
20000 100% 99% 81% 70% 76% 66% 60% 53% 48% 43% 39% 37%

Table 6.4: Cumulative heap utilisation relative to available heap capacity for different numbers of heaps and heap capacities.
Results from low to high are shaded from light to dark.

Figure 6.3: Scatter plot of cumulative heap utilisation by heap capacity and number of heaps, based on Table 6.4, including
polynomial trend lines.
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6.5. Economic performance
Table 6.5 and Figure 6.4 present the cumulative economic value generated for different heap capacities
and numbers of heaps under the baseline configuration. The results show how the available heap
capacity and the number of simultaneously formed heaps influence the economic performance of the
scrap allocation process.

At small heap capacities, cumulative value increases rapidly as capacity grows. For example, with
twelve heaps, the total value increases from €60178 at a heap capacity of 1 000 kg to €146 794 at
3 000 kg and €211388 at 6 000 kg. This corresponds to an increase of €86 616 between 1 000 kg and
3000 kg, followed by an additional €64 594 between 3000 kg and 6 000 kg. This steep increase occurs
because larger heap capacities allow more scrap items to be combined into feasible heaps, thereby
enabling the production of additional steel recipes.

A similar effect is observed when increasing the number of heaps. For a given heap capacity, forming
more heaps allows more steel recipes to be produced simultaneously, which increases the total value
generated. For instance, at a heap capacity of 8 000 kg, the cumulative value rises from €54375 with
one heap to €245616 with twelve heaps. This is an increase of €191 241, or approximately 4.5 times the
single-heap value, indicating that economic performance strongly depends on the number of parallel
heaps that can be formed.

However, the rate of value growth decreases at larger heap capacities. For twelve heaps, increasing
heap capacity from 1000 kg to 8 000 kg raises value by €185 438, whereas increasing capacity from
8000 kg to 20 000 kg raises value by only €8 840. The highest value for twelve heaps is reached at
14 000 kg (€270 229), after which the results fluctuate between approximately €233 000 and €257 000.
The scatter points and fitted trendlines in Figure 6.4 therefore indicate a clear reduction in marginal
economic gains beyond roughly 8 000-10 000 kg.

These diminishing returns occur because most profitable scrap combinations are already captured at
moderate heap capacities. Increasing capacity further expands the theoretical search space, but does
not necessarily create higher-value feasible recipe combinations. This also explains why the highest
heap capacities do not always produce the highest value, despite offering more available capacity.
Because the algorithm selects heaps sequentially based on economic value, a change in heap capac-
ity can also change which recipes are selected early in the allocation process, thereby affecting the
remaining scrap pool and the value of later heaps.

The main finding from Table 6.5 and Figure 6.4 is that economic performance improves strongly when
heap capacity and the number of heaps increase from low to intermediate levels, but the marginal
economic benefit decreases at larger capacities. For value creation alone, the best-performing config-
uration in Table 6.5 is obtained with twelve heaps and a heap capacity of 14 000 kg, producing a cumu-
lative value of €270 229. However, the increase in value becomes much smaller beyond approximately
8 000-10 000 kg, and the results become more variable. This indicates that the system approaches
an economic saturation region where additional heap capacity provides limited extra value. Therefore,
maximising economic value alone favours relatively large capacities and many heaps, but this does
not yet account for how efficiently the available heap space is used. The value results must therefore
be interpreted together with the heap utilisation results in the following trade-off analysis.
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Number of heapsHeap
Size (kg) 1 2 3 4 5 6 7 8 9 10 11 12
0 0 0 0 0 0 0 0 0 0 0 0 0
1000 6800 13599 20398 27196 32753 36753 40753 44752 48750 52748 56578 60178
2000 13600 27199 35199 43195 50395 57595 64795 71995 79195 86395 93595 100794
3000 20399 32399 44210 64602 75402 86202 97002 107800 118600 129400 140194 146794
4000 27200 43198 62509 76909 91309 105708 120108 134508 148906 163306 172105 180904
5000 33998 57682 77681 95681 113681 131681 149680 167680 178680 188681 196732 201982
6000 40798 64797 86397 107997 129596 151192 172778 182490 190802 198788 205088 211388
7000 47598 75441 100641 125841 151039 174412 186723 196433 204271 211621 218970 226320
8000 54375 83175 111975 140774 169573 192877 201788 211045 220766 229166 237566 245616
9000 56290 88690 121089 153486 173543 191362 200812 210262 219691 229151 237228 243613
10000 56290 92289 128289 164287 187326 205287 215787 226287 234800 243142 247771 252337
11000 56290 95890 135489 175088 197790 209340 220890 229128 235801 242306 247241 251255
12000 56290 99490 142689 185885 209835 222434 235034 242605 247025 251177 254834 258218
13000 56290 103089 149889 196687 214295 227945 240439 246572 251551 256367 261138 264842
14000 56290 106690 157088 207484 224008 238708 249497 256834 261324 265442 268013 270229
15000 56290 110290 152728 184466 203190 218940 231627 239213 244560 249511 254185 257310
16000 57600 115200 144874 168142 184942 199222 208975 218360 225585 230266 234545 237650
17000 61200 124439 172705 193580 211430 223804 234914 242039 247191 250852 254246 256656
18000 64800 129596 152548 173569 192469 208804 217486 224459 229370 233181 236470 239040
19000 68400 136800 157425 177375 196148 204648 212835 217519 222070 226067 229680 233121
20000 72000 143207 175357 200369 221369 229919 238351 242919 247067 249652 252232 254456

Table 6.5: Cumulative value creation expressed in euros for different numbers of heaps and heap capacities. Results from low
to high are shaded from light to dark.

Figure 6.4: Scatter plot of cumulative value creation by heap capacity and number of heaps, based on Table 6.5, including
polynomial trend lines.
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6.6. Performance trade-offs between heap utilisation and revenue
Figure 6.5 overlays the cumulative value results from Figure 6.4 with the heap utilisation results from
Figure 6.3. This visual comparison illustrates the opposing trends that define the system trade-off: eco-
nomic value generally increases with larger heap capacities and more heaps, whereas heap utilisation
tends to decrease as the available heap capacity becomes more difficult to fill efficiently. Table 6.6
and Figure 6.6 quantify this trade-off across the different system configurations. The combined per-
formance metric shown in Table 6.6 is calculated as the cumulative value from Table 6.5 multiplied
configuration-wise by the corresponding heap utilisation values from Table 6.4. This metric represents
a utilisation-weighted value score, capturing the balance between maximising revenue and efficiently
using available heap capacity.

As shown in Table 6.6, performance increases rapidly when heap capacity grows from small values to
intermediate levels. For example, with seven heaps, the combined performance increases from 39685
at 1 000 kg to 172 755 at 6 000 kg and reaches 209 653 at 12 000 kg. Larger heap capacities allow more
scrap combinations to satisfy the chemical constraints of the steel recipes, increasing the achievable
value. However, this effect is counterbalanced by declining heap utilisation, as larger heaps become
more difficult to fill completely with compositionally compatible scrap.

The resulting trade-off is visible in Figure 6.6. For most heap counts, the observed points and fitted
trendlines rise sharply at lower capacities, reach a maximum at intermediate capacities, and then de-
cline as utilisation losses outweigh the additional value obtained from larger heaps. For seven heaps,
the score decreases from 209653 at 12 000 kg to 201 485 at 14 000 kg and 141950 at 20 000 kg. This
behaviour reflects the competing effects observed in the previous sections: increasing heap capacity
improves mass conversion and economic value, but simultaneously reduces heap utilisation.

The highest combined performance is obtained at a heap capacity of 12 000 kg with seven heaps. In
Table 6.6, this configuration yields the maximum performance value of 209 653. Compared with smaller
heap capacities, this setup provides sufficient combinatorial flexibility to generate high-value recipes.
Compared with larger heap capacities, it avoids the stronger utilisation losses observed beyond the op-
timum. For example, at 12 000 kg, increasing from seven to twelve heaps reduces the combined score
from 209653 to 147 920, even though the cumulative value itself increases, because heap utilisation
decreases from 89% to 57%.

Figure 6.5: Overlay of the cumulative value results from Figure 6.4 and the heap utilisation results from Figure 6.3. The figure
illustrates the opposing trends between increasing economic value and decreasing heap utilisation, which together form the

basis for the combined performance metric shown in Table 6.6 and Figure 6.6.
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Number of heapsHeap
Size (kg) 1 2 3 4 5 6 7 8 9 10 11 12
0 0 0 0 0 0 0 0 0 0 0 0 0
1000 6800 13598 20396 27192 31552 35630 39685 43726 47752 51774 55409 59038
2000 13599 27198 35197 43190 50390 57590 64790 71990 79190 86390 93590 100788
3000 20399 32397 43976 64340 75157 85968 96776 107579 118384 129187 139979 146587
4000 27199 43195 56463 71330 86010 100596 115129 129629 144103 158565 167560 176524
5000 33995 48929 69822 88421 106780 125020 143190 161318 172653 181238 184883 190830
6000 40797 64794 86394 107994 129592 151184 172755 176440 177328 178303 185874 193234
7000 47597 75228 100452 125662 150867 172138 170992 172882 171355 180930 190101 198966
8000 54351 83156 111958 140756 169556 186725 176365 175274 176523 187832 198612 197593
9000 51774 85132 117850 150402 157532 162297 174669 186310 197391 196249 193495 188690
10000 46596 84342 120924 157210 167382 169930 183931 197056 191846 188015 177073 167708
11000 42360 84025 124311 164254 171119 185816 199613 190926 181879 174719 164592 155448
12000 38830 84060 127936 171465 178112 194411 209653 198052 181781 168767 157619 147920
13000 35843 84366 131740 178822 171991 190446 203626 189327 174365 162571 154502 145383
14000 33283 84886 135685 186277 175579 195702 201485 189131 173384 160674 148724 138349
15000 31064 85577 119014 134913 132977 155894 168020 158707 146916 136960 128842 121588
16000 57600 115200 121461 122708 144963 134487 129190 133366 127615 118921 111703 105497
17000 61200 96256 134463 129545 155478 149488 155382 145847 134482 124177 115697 107819
18000 64800 129592 119706 116228 141601 136788 136394 128111 118107 110306 102784 96032
19000 68399 136799 120774 146403 140285 128905 120865 109947 101253 94929 91460 86694
20000 72000 142419 142361 139402 167483 152405 141950 128320 117592 107415 99398 94164

Table 6.6: Utilisation-weighted value score calculated by multiplying the cumulative value from Table 6.5 element-wise by the
cumulative heap utilisation from Table 6.4. Results from low to high are shaded from light to dark.

Figure 6.6: Scatter plot of the utilisation-weighted value score by heap capacity and number of heaps, based on Table 6.6,
including polynomial trend lines.
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Themain finding from Figures 6.5 and 6.6 and Table 6.6 is that the best system performance is obtained
by balancing heap capacity and number of heaps, rather than maximising either parameter individually.
The value results alone favour larger configurations, because more heap capacity and more heaps
allow more scrap to be converted into valuable recipes. However, the heap utilisation results show
the opposite trend: when the available heap capacity becomes too large, a decreasing fraction of
that capacity can be filled with chemically compatible scrap. The combined value-utilisation score
therefore identifies the point where additional value creation no longer compensates for the loss in
space efficiency.

The highest combined performance is obtained with seven heaps of 12 000 kg each. This configuration
reaches a value-utilisation score of 209 653, which is the maximum observed in Table 6.6. Compared
with smaller capacities, this configuration provides enough combinatorial flexibility to construct valu-
able recipe-compliant heaps. Compared with larger capacities or more heaps, it avoids the stronger
utilisation losses that reduce the combined score. For example, increasing from seven to twelve heaps
at 12 000 kg increases the available sorting capacity, but reduces the combined score from 209653
to 147 920 because heap utilisation decreases from 89% to 57%. Therefore, the selected configura-
tion represents the most favourable compromise between economic value creation and efficient use of
heap capacity.

To further analyse this optimal configuration, Figures 6.7 and 6.8 show the distribution of scrap allocated
to each recipe in terms of item conversion and mass conversion. The results indicate that the scrap
stream is distributed across several steel grades rather than concentrated in a single recipe. The
largest share of scrap items is allocated to S355M, representing 17% of the items and 12% of the
mass, followed by X6CrNiNb18-10 with 15% of the items and 13% of the mass. In addition, 18% of
the scrap items are recorded as “other scrap” and remain unassigned. This distribution shows that the
recipe-based allocation strategy uses multiple steel grades simultaneously to increase conversion and
value.

The detailed elemental compositions of the two largest heaps are presented in Figures 6.9 and 6.10,
while the remaining heap compositions are provided in Appendix C. In these plots, each point repre-
sents an individual scrap item, the black bars indicate the allowable composition range of the corre-
sponding steel recipe, and the red crosses represent the mass-weighted average composition of the
allocated scrap items. For all selected heaps, the weighted-average compositions fall within the allow-
able recipe ranges. This confirms that the optimal configuration not only performs well according to the
value-utilisation metric, but also produces chemically feasible heaps.

The composition plots also illustrate the key principle of the proposed sorting strategy. Individual scrap
itemsmay lie outside the allowable range for certain elements, but they can still be used when combined
with other scrap items that compensate for these deviations. The feasibility of the heap is therefore
determined by the mass-weighted average composition rather than by the composition of each item
separately. This confirms that the Sorting Decision Layer can use complementary scrap combinations
to construct recipe-compliant and economically valuable heaps, while leaving only the scrap items that
cannot be feasibly assigned under the selected configuration as unallocated material.
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Figure 6.7: Pie chart of the item-conversion rate for the 7-heap configuration with a heap capacity of 12 000 kg per heap.

Figure 6.8: Pie chart of the mass-conversion rate for the 7-heap configuration with a heap capacity of 12 000 kg per heap.
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Figure 6.9: Scrap composition per element for the first heap of the 7-heap configuration with a heap capacity of 12 000 kg per
heap. Each point represents a scrap item, the black bars represent the allowable composition range of the S355M steel recipe

per element, and the red crosses represent the mass-weighted average scrap composition per element.

Figure 6.10: Scrap composition per element for the second heap of the 7-heap configuration with a heap capacity of 12 000 kg
per heap. Each point represents a scrap item, the black bars represent the allowable composition range of the X6CrNiNb18-10

steel recipe per element, and the red crosses represent the mass-weighted average scrap composition per element.
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6.7. Summary of results
This chapter evaluated the performance of the proposed Sorting Decision Layer under different algo-
rithmic and operational configurations. Together, the results answer the fifth sub-research question:
“How does the proposed scrap sorting system perform under varying system configurations?” by show-
ing how algorithm choice, buffer size, heap capacity, and number of heaps influence mass conversion,
heap utilisation, and economic value creation.

The comparison of candidate algorithms showed that the Multi-pass Greedy algorithm provides the
most suitable balance between solution quality and computational efficiency. Although the Multi-start
Greedy algorithm achieved the highest conversion rates, its limited value improvement did not justify
the substantially higher computation time. The Multi-pass Greedy algorithm was therefore used as the
baseline algorithm for evaluating the remaining system configurations.

The buffer-size experiment showed that increasing the number of available scrap items improves the
ability of the algorithm to form feasible and valuable heaps, especially at small buffer sizes. However,
the improvement rate decreases once the buffer reaches approximately 600-700 scrap items. A buffer
size of 1 000 scrap items was therefore selected as the baseline input size, because it captures most
of the attainable conversion performance while keeping the computational effort manageable.

The mass conversion, heap utilisation, and economic performance results showed that heap capacity
and number of heaps strongly influence system behaviour, but in different directions. Larger capaci-
ties and more heaps generally improve mass conversion and value creation by increasing allocation
flexibility. However, they also reduce heap utilisation, because the available capacity becomes harder
to fill with chemically compatible scrap. Beyond approximately 8 000-10 000 kg, additional capacity
produces diminishing returns, indicating that the remaining unallocated scrap becomes increasingly
difficult to combine into recipe-compliant heaps.

The combined value-utilisation analysis showed that the most balanced configuration is obtained with
seven heaps of 12 000 kg each. This configuration provides the highest combined performance score
because it offers enough capacity and recipe flexibility to generate high-value heaps while avoiding the
stronger utilisation losses observed at larger capacities or higher heap counts. The best-performing
system configuration is therefore not obtained by simply maximising heap capacity or the number of
heaps, but by balancing value creation with efficient use of sorting capacity.

The detailed analysis of this configuration further confirmed the feasibility of the recipe-based sorting
strategy. The allocation results in Figures 6.7 and 6.8 show that scrap is distributed acrossmultiple steel
recipes, while the composition plots in Appendix C show that the mass-weighted average compositions
of the allocated heaps remain within the allowable recipe limits. This confirms the central principle of the
Sorting Decision Layer: instead of discarding scrap items with extreme compositions, the algo-
rithm combines complementary scrap pieces to construct feasible and economically valuable
steel recipes.

Overall, the proposed scrap sorting system performs best under intermediate configurations that pro-
vide sufficient allocation flexibility without excessive unused capacity. The results show that recipe-
based scrap allocation can improve utilisation and value recovery, while also revealing limitations
caused by recipe feasibility and the sequential behaviour of the greedy algorithm. These findings form
the basis for the next chapter (Chapter 7), where the implications, limitations, and possible improve-
ments of the proposed approach are evaluated.



7
Discussion

The results showed that the proposed Sorting Decision Layer can construct recipe-compliant scrap
heaps and that its performance depends strongly on the balance between heap capacity, number of
heaps, buffer size, and algorithmic efficiency. However, these results also need to be interpreted in
relation to the assumptions and practical constraints of the simulated system. This chapter therefore
discusses what the observed performance means for recipe-based scrap sorting, to what extent the
proposed approach could be implemented in practice, and which limitations must be considered before
translating the simulation results to an industrial setting.

This chapter discusses the implications of the simulation results presented in Chapter 6. First, Sec-
tion 7.1 interprets the main trends and trade-offs observed in the experiments. Next, Section 7.2 eval-
uates the practical feasibility and scalability of the proposed recipe-based scrap sorting system. The
main methodological and practical limitations are then addressed in Section 7.3. Section 7.4 compares
the proposed recipe-based allocation approach with existing scrap sorting methods, and the chapter is
concluded in Section 7.5
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7.1. Interpretation of simulation results
The simulation results demonstrate that a carefully tuned, recipe-based sorting decision layer can
achieve a favourable balance between material utilisation, economic performance, and computational
feasibility. The algorithm comparison shows that the multi-pass greedy algorithm provides the best
trade-off betweenmass conversion and computation time (Table 6.1). While multi-start variants achieve
slightly higher conversion, their computation times increase by an order of magnitude, which limits their
suitability for iterative simulations. The multi-pass greedy approach is therefore a valid choice, deliver-
ing near-best observed mass conversion at acceptable computational cost.

The buffer size analysis indicates that system performance is sensitive to buffer size at small scales,
but stabilises beyond 1 000 scrap items (Figure 6.1). At smaller buffer sizes, limited combinatorial
flexibility restricts feasible recipe formation, leading to lower conversion and value. Once the buffer
exceeds approximately 700-1 000 items, additional scrap availability yields diminishing returns, with
mass conversion fluctuating around a stable plateau. This suggests that, beyond a certain threshold,
the system captures most relevant combinatorial opportunities. A further increase in buffer size adds
computational burden without substantial performance gains. The selected buffer size of 1 000 scrap
pieces is therefore a stable operating point.

Under the baseline configuration, the results reveal a clear trade-off between mass conversion, heap
utilisation, and economic value. Increasing heap capacity and the number of heaps improves mass con-
version, but reduces average heap utilisation due to the reduced ability to fully fill large heaps within
compositional constraints. The combined performance metric shown in Table 6.6 highlights an optimal
region around seven heaps with a heap capacity of 12 000 kg, where approximately 78 %mass conver-
sion (Table 6.3) is achieved with 89 % heap utilisation (Table 6.4), while maintaining strong economic
performance (Table 6.5). This operating region reflects a balanced system configuration in which suf-
ficient flexibility exists to form valuable, recipe-compliant heaps without excessive underutilisation of
capacity. Overall, the results demonstrate that system-level parameter tuning is at least as important
as algorithm selection in maximising the effectiveness of recipe-based scrap sorting.

7.2. Practical feasibility and scalability
The proposed recipe-based scrap sorting system is practically feasible, provided that it is implemented
as a decision-support layer on top of existing sensor-based sorting infrastructure. The simulation as-
sumes that individual scrap items can be identified by composition and mass with sufficient accuracy,
which aligns with the capabilities of modern sensor technologies discussed in Section 2.3. The alloca-
tion logic itself does not require real-time optimisation at millisecond scale. Instead, it can operate in
batches, making integration with industrial material handling systems more realistic.

From a computational perspective, the selected multi-pass greedy algorithm demonstrates acceptable
runtimes for the tested problem sizes, even with multiple heaps and large buffer sizes. This suggests
that the approach can scale to industrial scrap volumes. In addition, the algorithmic structure allows
for gradual simplification if computational limits are reached. For example, the number of passes,
evaluated heaps, or candidate recipes can be reduced without causing system failure or requiring a
fundamentally different model.

Scalability in physical systems is mainly governed by buffer capacity, heap layout, and logistics rather
than algorithmic complexity alone. The results show that performance saturates beyond certain buffer
sizes and heap capacities, indicating that larger installations do not necessarily require proportionally
larger buffers to remain effective. This is favourable for industrial deployment, as it limits space and
handling requirements.

The design of the system supports incremental implementation. Steel grades, recipes, and economic
parameters can be updated independently, allowing adaptation to changing market conditions or pro-
duction priorities. Overall, the proposed system is scalable both computationally and operationally,
provided that design parameters are tuned to the specific industrial context.
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7.3. Limitations of the proposed approach
Despite the promising results, the proposed scrap sorting approach has several limitations that should
be mentioned. First, the simulation assumes accurate and complete knowledge of the chemical com-
position and mass of individual scrap items. In practice, sensor-based measurements are subject to
noise, uncertainty, surface contamination, and incomplete elemental coverage. These effects are not
explicitly modelled and may reduce achievable performance in real-world applications.

A second limitation concerns the use of synthetically generated scrap data. Although synthetic data
enable controlled simulation experiments and make it possible to systematically vary buffer size, heap
capacity, and heap count, they may not fully represent the statistical structure of real industrial scrap
streams. Real scrap is likely to contain correlations between alloying elements, product-origin clus-
ters, irregular mass distributions, contamination patterns, and temporal variations in material arrivals.
These effects may influence the availability of feasible combinations and could make recipe-compliant
heap formation more difficult than suggested by the synthetic dataset. The results should therefore
be interpreted as a proof-of-concept and parameter sensitivity analysis rather than as a direct predic-
tion of industrial performance. Future work should validate and calibrate the model using measured
composition and mass data from actual scrap streams.

The steel composition data are derived from standard limits using simplified assumptions, such as
selecting the strongest configurations and excluding summation rules such as carbon equivalent con-
straints (CEV). While this ensures consistent numerical input, it does not fully capture the complexity
of industrial steelmaking recipes. Dynamic effects such as changing order books, furnace availabil-
ity, alloy correction strategies, and production scheduling are outside the scope of the model and this
research.

From an algorithmic perspective, the greedy-based approach does not guarantee global optimality.
Although multi-pass strategies significantly improve solution quality, the method may still miss better
combinations in highly constrained or uneven scrap pools. More advanced optimisation techniques
could yield higher performance, but were computationally infeasible with the available hardware (sec-
tion 4.2).

Finally, logistical and operational constraints such as conveyor capacities, storage layout, crane move-
ments, pile accessibility, and safety considerations are abstracted into simplified buffers and heaps.
These factors may limit practical implementation and require additional modelling before industrial de-
ployment.

7.4. Comparison with existing scrap sorting methods
Industrial steel recycling already achieves high recovery rates. Around 85-90% of steel from manu-
facturing waste and end-of-life products is currently recovered as steel scrap for new steel production,
according to Javier Bonaplata in an article for the World Economic Forum Annual Meeting of 2023 [55].
The optimised system’s 78%mass conversion is of the same order of magnitude, although it should not
be interpreted as directly equivalent to conventional recovery rates, since the proposed system mea-
sures conversion into recipe-compliant heaps rather than general scrap recovery. However, unlike a
bulk-sorted scrap approach, which may require dilution of impurities or direct scrap towards lower-value
applications [2], the recipe-driven method selectively allocates scrap to meet more valuable composi-
tion recipes. This allows mixed scrap to be used more strategically in higher-grade steel applications,
maintaining product quality by matching scrap combinations to chemical recipe constraints rather than
relying mainly on primary metals to compensate for impurity issues.

The recipe-optimised approach adds economic value by improving the use of scrap as a primary re-
source. Steel scrap has high intrinsic value as a substitute for iron ore in making new steel [55]. By
intelligently selecting and blending scrap to limit contaminant build-up, the system can reduce depen-
dence on virgin alloying additions. Raabe et al. [2] show that insufficiently sorted scrap can be unsuit-
able for high-performance steels because these grades require narrow chemical tolerances and strict
quality control. By targeting high-grade, high-value recipes from mixed scrap, the optimised system
not only yields competitive material conversion but also improves value capture. It allows recyclers
and steelmakers to obtain more economic value per tonne of scrap through recipe-compliant outputs,
thereby improving the competitiveness of renewable steel production.
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7.5. Chapter summary
This chapter discussed the implications, feasibility, limitations, and added value of the proposed recipe-
based scrap sorting approach. The results show that the Sorting Decision Layer can construct chem-
ically feasible heaps and that its performance depends strongly on the balance between buffer size,
heap capacity, number of heaps, and algorithmic efficiency. The most favourable results are obtained
under intermediate configurations, where sufficient allocation flexibility is available without excessive
unused heap capacity.

The discussion also showed that the proposed system is most realistic as a decision-support layer built
on top of existing sensor-based sorting infrastructure. However, the results should be interpreted as a
proof of concept, because the simulation relies on synthetic scrap data, simplified recipe constraints,
and idealised composition measurements. Further validation with industrial scrap data and real sensor
uncertainty is therefore required before practical implementation.

Overall, the proposed approach demonstrates how item-level composition data can be translated into
recipe-compliant and economically valuable scrap allocations. The Conclusion (Chapter 8) brings these
findings together by answering the main research question, summarising the main contributions of the
thesis, and outlining directions for future work.



8
Conclusion

The previous chapters developed the thesis from the need for higher-value steel scrap recycling towards
the design, simulation, and evaluation of a recipe-based Sorting Decision Layer. The literature review
showed that sensor-based sorting technologies can provide piece-level information, while the system
design translated this information into a recipe-based allocation model. The candidate algorithms and
simulation experiments then demonstrated how this allocation problem can be evaluated under realistic
operational constraints. The results and discussion showed that complementary scrap pieces can
be combined into chemically feasible and economically valuable heaps, but also that performance
depends on algorithm choice, buffer size, heap capacity, and the number of available heaps. This
chapter brings these findings together to answer how sensor-based scrap sorting can be developed
and simulated to enable recipe-based steel production from large volumes of scrap metal.

The chapter concludes the thesis by summarising the main findings of the developed and simulated
scrap sorting decision layer. First, Section 8.1 summarises the answers to the sub-research questions.
Next, Section 8.2 draws conclusions with respect to the main research question. Finally, Section 8.3
provides recommendations for industrial implementation, and Section 8.4 outlines directions for future
research.
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8.1. Summary answers to sub-research questions
The literature review (Chapter 2) showed that sensor-based sorting technologies such as LIBS, XRF,
and XRT can provide information on material type, density, and elemental composition at industrially
relevant throughputs. Reported throughputs of approximately 3-11t/h and purities above 95% indicate
that the hardware foundation for recipe-based scrap sorting already exists. The main research gap is
therefore not sensing capability itself, but the lack of system-level allocation strategies that use piece-
wise composition data to support recipe-based steel production.

A sorting decision layer was developed (Chapter 3) in which scanned scrap items are temporarily stored
in a buffer and then algorithmically assigned to steel recipes. Recipe constraints were derived from
European Steel Standards and translated into lower and upper elemental bounds. Potential heaps were
evaluated using mass-weighted average compositions, allowing sorted scrap streams to be formed
based on recipe compliance rather than broad material categories.

The allocation problem is highly combinatorial, making exact optimisation difficult to apply at the re-
quired scale. Greedy heuristic algorithms were found to be more suitable because they provide feasible
solutions within realistic computation times (Chapter 4). Among the tested approaches (Section 6.1),
the multi-pass greedy algorithm achieved the best balance between solution quality and computational
efficiency, while multi-start variants provided only limited performance gains at substantially higher
computational cost.

System performance (Section 5.1) was evaluated using item conversion, mass conversion, heap util-
isation, economic value, and throughput. These indicators enabled the comparison of different com-
binations of tuning parameters (Section 5.2.1) in terms of material utilisation, space efficiency, and
economic performance. The results show that performance tuning requires balancing value creation
against heap utilisation (Section 6.6), since no single configuration maximises all indicators simultane-
ously.

The simulation results (Chapter 6) show that buffer size, heap capacity, and the number of heaps
strongly influence system performance. Small buffers limit feasible combinations, while performance
gains diminish beyond approximately 700-1 000 scrap items. Increasing heap capacity and the number
of heaps generally improves mass conversion and economic value, but may reduce heap utilisation.
The best-balanced operating region was found around seven heaps with a heap capacity of 12 000
kg, achieving approximately 78% mass conversion and 89% heap utilisation while maintaining strong
economic performance.

8.2. Conclusions with respect to the main research question
The main research question was:

”How can a sensor-based scrap sorting system be developed and simulated to enable
recipe-based steel production and maximise the value from large volumes of scrap metal?”

This research concludes that a scrap sorting decision layer can be developed by combining piecewise
scrap composition data, recipe constraints derived from European Steel Standards (Section 5.3.2), and
scalable allocation algorithms. The proposed system shifts scrap sorting from a separation-oriented
process toward a recipe-based allocation process, in which the value of a scrap item depends on how
well it contributes to a chemically compliant and economically valuable steel heap (recipe).

The simulation framework demonstrates that recipe-based steel production frommixed scrap streams is
technically feasible under the assumptions (Section 5.3.1) of the model. By calculating mass-weighted
elemental compositions for candidate heaps (Equation (3.2)), the system can determine whether se-
lected scrap items satisfy the chemical bounds of specific steel recipes. This makes it possible to form
furnace-ready scrap heaps without relying solely on conventional scrap categories or excessive dilution
with newly mined material.

The results (Chapter 6) also show that maximising value from large volumes of scrap metal requires
both suitable algorithms and appropriate system configuration. Greedy heuristic algorithms, particu-
larly the multi-pass greedy algorithm, provide a practical solution to the combinatorial allocation prob-
lem. However, algorithm selection alone is not sufficient. Buffer size, heap capacity, and the number of
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available heaps strongly influence the degree to which the system can convert incoming scrap into valu-
able recipe-compliant heaps. Therefore, the proposed sorting decision layer should be understood as
an integrated decision-support framework in which sensing, buffering, recipe selection, and allocation
logic work together.

Overall, this thesis demonstrates that recipe-based scrap sorting is a promising strategy for increasing
the value of recycled steel scrap. By improving the economic competitiveness of recycled steel relative
to primary steelmaking from virgin raw materials, recipe-based scrap sorting can contribute to a more
sustainable steel production system. While the system does not guarantee globally optimal solutions,
it achieves strong performance within realistic computational limits. The proposed approach therefore
provides a viable blueprint for integratingmodern sensor-based sorting technologies into value-oriented
and more targeted steel recycling strategies.

8.3. Recommendations for industrial implementation
The results of this study show that industrial scrap sorting operations would benefit from a transition from
bulk classification toward piece-level, recipe-based allocation strategies. Rather than treating sorting as
a purely separation-driven task, the proposed system demonstrates the value of incorporating chemical
feasibility, economic value, and logistical constraints directly into the allocation logic.

A buffered sorting design is essential in this context, as it provides the flexibility required to assemble
chemically compliant scrap mixtures frommixed input streams. The simulations show that small buffers
limit achievable performance, while moderate buffer sizes enable substantial gains in conversion and
value. However, the observed diminishing returns at larger buffer sizes indicate that industrial imple-
mentation should not simply maximise buffer capacity, but instead determine a balanced buffer size
based on available space, handling capacity, and expected scrap variability.

From an algorithmic perspective, greedy heuristic approaches offer a practical and scalable solution for
industrial deployment. They achieve high-quality results within realistic computational limits and can be
simplified when faster decision-making is required. The integration of economic feedback into sorting
decisions is also recommended, as it allows the system to prioritise high-value steel recipes and adapt
to changing market conditions.

Although this thesis focuses on steel scrap and steel recipes, the proposed Sorting Decision Layer
should be implemented in a modular way so that the recipe library can be extended beyond steel. The
underlying allocation principle is based on itemmass, elemental composition, recipe limits, andmaterial
value. This makes the framework potentially applicable to other metal systems, such as aluminium and
copper alloys, provided that suitable composition limits, sensor data, and market values are available.

The proposed framework can be implemented incrementally. In the short term, it could function as a
decision-support tool that recommends recipe-compliant scrap allocations to operators. In later stages,
it could be integrated with automated sorting lines, buffer management systems, and production plan-
ning software. For successful industrial deployment, the system should be calibrated using site-specific
scrap data, available steel recipes, market prices, sensor accuracy, and logistical constraints.

8.4. Recommendations for future research
Although this research demonstrates the technical feasibility and potential benefits of recipe-based
scrap sorting, several topics remain open for future investigation. These recommendations directly
follow from the limitations discussed in Section 7.3.

First, future research should incorporate sensor uncertainty into the simulation model. The current
model assumes accurate and complete knowledge of the mass and chemical composition of each
scrap item. In practice, sensor measurements may be affected by noise, surface contamination, ob-
ject geometry, incomplete elemental coverage, and classification errors. Including these uncertainties
would make the model more representative of industrial operating conditions and would allow the ro-
bustness of recipe-based allocation to be evaluated.

Second, the model should be validated using real industrial scrap data. The present simulation relies
on synthetically generated scrap compositions, which are useful for controlled experiments but may not
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fully represent real scrap streams. Actual scrap data may contain correlations between elements, re-
curring product-origin patterns, irregular mass distributions, and temporal variation in material arrivals.
Validation with measured per-piece sensor data would therefore be an important step toward determin-
ing whether the observed conversion rates, heap utilisation, and value creation can also be achieved
in practice.

Third, future research should refine the representation of steel recipes and production constraints. This
thesis used chemical bounds derived from European Steel Standards, but simplified several aspects
of industrial steelmaking, such as carbon equivalent constraints, summation rules, furnace corrections,
order books, and production scheduling. Including these factors would allow the allocation model to
better reflect the constraints faced by steelmakers during actual production.

Fourth, future work could explore more advanced optimisation approaches. The greedy-based algo-
rithms used in this thesis were selected because of their computational efficiency, but they do not
guarantee global optimality. Hybrid methods that combine greedy allocation with local search, meta-
heuristics, or selective exact optimisation may improve solution quality while remaining computationally
feasible. Such methods should be evaluated not only on conversion and value, but also on runtime
and scalability.

Fifth, future research should investigate whether the proposed recipe-based allocation framework can
be transferred to other metal streams, such as aluminium and copper alloys. This would require alloy-
specific recipe libraries, suitable sensor data, and validation experiments to determine whether the
same mass-weighted allocation principle can improve value recovery beyond steel scrap sorting.

Finally, future research should extend the model with logistical and operational constraints. The cur-
rent simulation abstracts the physical system into buffers and heaps, while real sorting facilities are lim-
ited by conveyor capacities, crane movements, pile accessibility, storage layout, safety requirements,
and furnace charging procedures. Incorporating these constraints would support the transition from a
simulation-based proof of concept toward an implementable industrial decision-support system.

Together, these recommendations indicate that the proposed Sorting Decision Layer should be seen
as a proof of concept and a basis for further development rather than as a final industrial solution.
Future work should therefore focus on validating the approach with industrial scrap data, incorporating
sensor uncertainty, and extending the allocationmodel towardsmore realistic steelmaking and logistical
constraints. Nevertheless, the results of this thesis show that recipe-based scrap sorting can translate
piece-level composition data into chemically feasible and economically valuable scrap allocations. In
this way, the developed approach provides a practical foundation for increasing the value recovered
from recycled steel scrap and reducing the dependence on primary raw materials in steel production.
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A B S T R A C T

This appendix presents a paper-style summary of the proposed
sensor-based scrap sorting system. The system uses piece-by-
piece compositional information from scanned scrap items to con-
struct heaps that satisfy the chemical constraints of high-value steel
recipes. The approach combines recipe selection, mass-capacity
constraints, and element-wise compositional bounds into an allo-
cation framework. Candidate algorithms are evaluated using indi-
cators such as mass conversion, heap utilization, generated value,
and computational performance. The results provide insight into
how recipe-based allocation can improve the utilization and value
recovery of mixed scrap streams.

I INTRODUCTION
Steel is essential for construction, infrastruc-

ture, transport, and manufacturing, but its pro-
duction is resource- and energy-intensive. In
2024, global crude steel production reached 1 885
million tonnes, more than twice the level re-
ported in 2000 [1]. Steel production is also re-
sponsible for approximately 8% of global CO2

emissions [2]. Increasing the use of recycled scrap
is therefore a key route toward lower-emission
and more circular steel production. Steel can
be recycled repeatedly when impurities are con-
trolled [1], and electric arc furnace (EAF) steel-
making avoids part of the carbon-intensive iron
ore reduction step [3].

The main challenge is that end-of-life scrap
originates from many products and alloy systems,
leading to large variation in the chemical compo-
sition of individual scrap pieces [4]. Modern steel
grades are defined by strict compositional limits,
while the final melt composition depends on the
mass-weighted average of all inputs. Residual
and tramp elements such as copper and tin, or

unsuitable alloying elements, can exceed allow-
able limits and force dilution with primary ma-
terial or down-cycling into lower-value products
[3, 5].

Sensor-based scrap analysis creates oppor-
tunities to use scrap more strategically. XRF,
LIBS, and XRT can increasingly support iden-
tification, classification, and chemical character-
isation of individual scrap pieces [6, 7]. LIBS
has also shown potential for high-speed alloy-
level classification of post-consumer metal scrap
[8]. However, conventional sorting systems still
often classify scrap into broad material categories
rather than using detailed piece-level composi-
tion data for recipe allocation [4].

This paper proposes a recipe-based scrap
sorting decision layer. Instead of sorting scrap
only by material class, the system evaluates
whether combinations of individual scrap items
can satisfy the chemical limits of specific steel
recipes. A heap is feasible when the mass-
weighted average composition of the selected
items lies within the recipe bounds while respect-
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ing a maximum heap capacity. The contribution
of this paper is a simulation framework that com-
bines piece-level scrap data, European Steel Stan-
dard recipe constraints, and heuristic allocation
algorithms to evaluate recipe-based scrap sorting
under varying buffer sizes, heap capacities, and
heap counts.

II LITERATURE REVIEW
Scrap steel originates from end-of-life ve-

hicles, demolished buildings, industrial off-cuts,
and consumer products [9]. It is an impor-
tant secondary raw material, especially in re-
gions with high scrap availability [10]. Home and
prompt scrap usually have more predictable com-
positions, while obsolete scrap is more heteroge-
neous [11]. This heterogeneity limits high-grade
recycling because residual elements such as cop-
per and tin are difficult to remove during melt-
ing and can reduce ductility, formability, or sur-
face quality [3, 12]. Well-sorted scrap therefore
has higher value and broader usability [5]. Tradi-
tional magnetic and eddy-current sorting are ro-
bust and fast, but they do not provide the chem-
ical detail required for recipe-based production
[13, 14].

Magnetic, eddy-current, and induction-
based sorting are suitable for bulk separation,
but provide limited alloy-level information [13,
14, 15]. XRT distinguishes materials mainly
through density-related X-ray attenuation, while
XRF provides element-specific information but
involves a trade-off between accuracy, cost, and
throughput [16, 7]. LIBS is especially relevant
for alloy-level sorting because it can provide de-
tailed elemental information and detect lighter
elements, although it remains sensitive to sur-
face condition, calibration, and preprocessing [8].
Optical and NIR systems can classify shape, coat-
ings, and surface characteristics, but cannot di-
rectly determine elemental composition [17, 18].

Commercial systems from TOMRA [19],
SGM Magnetics [20, 21], STEINERT [22], and

Ocean Optics/Austin AI [23] demonstrate that
sensor-based alloy sorting can reach purities
above 95% and throughputs of several tonnes per
hour, depending on system configuration and in-
put material. However, most applications clas-
sify items into predefined material categories,
especially for aluminium and non-ferrous scrap.
They do not decide how individual ferrous scrap
items should be combined to satisfy steel recipe
constraints.

Previous work has addressed scrap sort-
ing through optimisation, sensor classification,
process simulation, and vision-based inspection.
Bernatzki et al. [24] formulated scrap selection
as a mixed-integer programming problem using
predefined scrap categories. Compañero et al.
[4] showed that better compositional informa-
tion can reduce production costs, but did not de-
velop a piece-level heap allocation method. Wu
et al. [25] modelled automated aluminium sort-
ing using DEM, while Williams et al. [26], Díaz-
Romero et al. [27], and Xu et al. [18] focused on
sensor- or vision-based classification.

These studies show that sensing, classifica-
tion, and optimisation can improve scrap sort-
ing. However, they generally classify items, op-
timise physical flow, or use aggregated scrap
classes. The remaining gap is a decision
layer that uses piece-level mass and composition
data to combine scrap items into heaps whose
weighted-average composition satisfies specific
steel recipes.

III METHODOLOGY
A Sorting Decision Layer

The proposed system is a decision layer
on top of a sensor-based scrap sorting process.
Scrap items are scanned for mass and chemical
composition, stored in a buffer, and assigned to
recipe-compliant heaps. Each heap corresponds
to a target recipe and is accepted only if its total
mass and mass-weighted elemental composition
satisfy the recipe constraints.

Figure A.1: Material flow of the proposed recipe-based scrap sorting system.
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Figure A.2: Conceptual representation of the recipe-based heap allocation model.

In each allocation round, candidate heaps
are constructed for all available recipes. The
highest-value feasible heap is finalised, its scrap
items are removed from the buffer, and the next
round starts. This continues until the maximum
number of heaps is reached or no feasible heap
can be formed.

Let i ∈ S denote scrap items, r ∈ R recipes,
and e ∈ E elements. Each item has mass mi and
composition xi,e. Recipe bounds are denoted by
Lr,e and Ur,e, and heap capacity by M . A heap
Hr is feasible if: ∑

i∈Hr

mi ≤M. (A.1)

Lr,e ≤
∑

i∈Hr
mixi,e∑

i∈Hr
mi

≤ Ur,e, ∀e ∈ E . (A.2)

The value of a candidate heap is:

Vr = pr
∑
i∈Hr

mi, (A.3)

where pr is the recipe price per kilogram.
During heap construction, an item is rejected if
it is already assigned, exceeds capacity, or vio-
lates any updated elemental bound.
B Candidate Algorithms

For one heap, the search space scales as
R × 2S , making exhaustive enumeration infeasi-
ble for 315 recipes and large buffers. Exact meth-
ods such as ILP, MILP, branch-and-bound, and
branch-and-cut can provide optimality guaran-
tees for small instances, but scale poorly [28, 29,
30]. Therefore, greedy heuristics were evaluated.

Five variants were tested: single-run greedy,
multi-pass greedy, multi-pass greedy with lo-
cal search, multi-start greedy, and multi-start
greedy with local search. Single-run greedy at-
tempts one mass-sorted pass. Multi-pass greedy
repeatedly scans the remaining items until no
further feasible addition is possible. Multi-start
greedy repeats greedy construction using ran-
domised orders. Local-search variants attempt
item swaps followed by greedy refilling. For each
round, the best candidate heap over all recipes
is selected using Equation (A.3).
C Simulation Data and Experiments

Because large-scale public datasets with
piece-level scrap compositions are unavailable,
synthetic scrap data were generated from Euro-
pean steel recipe data. The recipe database was
compiled from European standards for structural
steels, pressure-vessel steels, stainless steels, and
tool steels [31, 32, 33, 34, 35, 36, 37, 38, 39,
40, 41, 42, 43, 44, 45, 46, 47]. It contains 315
recipes with elemental minimum and maximum
limits. Where multiple product configurations
were available, restrictive variants were selected,
while derived constraints such as carbon equiva-
lent values were excluded.

Synthetic scrap items were generated by
sampling recipe rows with replacement and draw-
ing each tracked element uniformly between its
lower and upper bounds. Each item was assigned
a random mass and treated as chemically uni-
form and indivisible. Sensor uncertainty, con-
tamination, coatings, and oxidation were not
modelled, because the aim was to evaluate the
allocation strategy rather than sensor error.
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Algorithm Item conversion Mass conversion Value Compute time
Single-run Greedy 33% 24% €84168,21 23 359 ms
Multi-pass Greedy 50% 49% €175218,18 65 223 ms
Multi-pass Greedy + local search 50% 49% €175218,18 114316 ms
Multi-start Greedy 61% 51% €183142,54 636 020 ms
Multi-start Greedy + local search 61% 51% €181314,47 846 035 ms

Table A.1: Performance comparison of candidate algorithms.

The simulation was implemented in VBA in
Microsoft Excel to allow transparent inspection
of intermediate results. Performance was eval-
uated using item conversion, mass conversion,
heap utilisation, economic value, and through-
put. The experiments compared candidate algo-
rithms, assessed buffer size, and then varied heap
capacity up to 20 000 kg and heap count up to 12.
Finally, economic value was multiplied by heap
utilisation to identify balanced configurations.

IV RESULTS

A Algorithm Performance
Table A.1 shows that the single-run greedy

algorithm gives the lowest conversion and value.
Multi-pass greedy improves mass conversion
from 24% to 49% and value from €84 168,21
to €175 218.18. Adding local search does
not improve the solution but increases run-
time. Multi-start greedy gives the highest value
(€183 142.54), but only 4.5% above multi-pass
greedy while requiring almost ten times more
computation. Therefore, multi-pass greedy was
selected as the baseline algorithm.

B Buffer Size Assessment
Figure A.3 shows that performance im-

proves rapidly at small buffer sizes because
more scrap items increase compositional diver-
sity. From 50 to 300 items, item conversion rises
from 18% to 48%, and mass conversion from
16% to 38%. Beyond approximately 700-1 000
items, improvements become smaller and fluctu-
ate around a plateau. A buffer size of 1000 items
was therefore selected as a stable baseline.

Figure A.3: Cumulative mass conversion as a function of
buffer size.

C Mass Conversion
The selected multi-pass greedy algorithm

was tested under varying heap capacities and
heap counts. Figure A.4 shows that mass conver-
sion increases with both parameters. At 1 000 kg,
conversion ranges from 1% with one heap to 12%
with twelve heaps. Increasing capacity from 2000
kg to 6000 kg raises conversion from 12% to 37%
for six heaps and from 25% to 68% for twelve
heaps. Beyond approximately 8 000-10 000 kg,
improvements diminish, indicating saturation of
feasible combinations.

Figure A.4: Cumulative mass conversion for different heap
capacities and numbers of heaps.

D Heap Utilisation
Heap utilisation shows the opposite trend.

As shown in Figure A.5, small heaps are filled
almost completely, but utilisation decreases at
larger capacities. With twelve heaps, utilisation
falls from 98% at 1 000 kg to 66% at 10 000 kg
and 37% at 20 000 kg. Larger heaps can convert
more mass, but are harder to fill completely while
satisfying the chemical constraints.

Figure A.5: Cumulative heap utilisation for different heap
capacities and numbers of heaps.
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E Economic Value
Economic value follows the mass-conversion

trend. In Figure A.6, value increases strongly
at lower capacities because more material can be
assigned to recipe-compliant heaps. For twelve
heaps, value increases from €60 178 at 1000 kg
to €211 388 at 6 000 kg. However, larger capaci-
ties provide diminishing gains; from 8 000 kg to
20 000 kg the increase is only €8 840 for twelve
heaps. This shows that the most profitable fea-
sible combinations are mostly captured at inter-
mediate capacities.

Figure A.6: Cumulative economic value for different heap
capacities and numbers of heaps.

F Value and Heap Utilisation Trade-off
A utilisation-weighted value score was cal-

culated by multiplying economic value by heap
utilisation. Figure A.7 shows that performance
increases from small to intermediate heap capac-
ities, then declines when utilisation losses out-
weigh value gains. The best configuration is
seven heaps with a heap capacity of 12 000 kg,
reaching a maximum score of 209 653. This con-
figuration balances sufficient combinatorial flexi-
bility with efficient heap filling.

Figure A.7: Utilisation-weighted value score for different
heap capacities and numbers of heaps.

For this selected configuration, Figure A.8
shows that scrap is distributed across several
recipes rather than concentrated in one output
stream. This indicates that recipe diversity im-
proves conversion and value.

Figure A.8: Mass-conversion distribution for the selected
configuration with seven heaps and a heap capacity of

12 000 kg per heap.

Figure A.9 illustrates the chemical feasibil-
ity of one selected heap. Individual items may
fall outside recipe limits for some elements, but
the mass-weighted average remains within the al-
lowable range. This demonstrates the central
principle of the method: complementary scrap
pieces can be combined into feasible, higher-
value recipes.

Figure A.9: Elemental composition of a selected heap
assigned to recipe X6CrNiNb18-10. Points represent

individual scrap items, black bars indicate recipe limits, and
crosses indicate the mass-weighted average composition.

V DISCUSSION
The results show that a recipe-based deci-

sion layer can translate piece-level scrap compo-
sition data into value-oriented steel recipe allo-
cations. The multi-pass greedy algorithm pro-
vides a practical compromise between perfor-
mance and runtime: it achieves near-best value
while avoiding the high computational cost of
multi-start variants. This makes it suitable
for repeated simulations and potential decision-
support use.

The experiments also show that system tun-
ing is as important as algorithm selection. Buffer
size improves performance until sufficient com-
positional diversity is available, after which ad-
ditional items mainly increase computational ef-
fort. Similarly, increasing heap capacity and
heap count improves mass conversion and value,
but reduces heap utilisation at larger capacities.
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The best-balanced setting, seven heaps of 12000
kg, achieves approximately 78% mass conversion
and 89% heap utilisation.

Industrial implementation is most realis-
tic as a batch-based decision-support layer con-
nected to existing sensor-based sorting systems.
Sensors provide item-level mass and composition
data, while the allocation model periodically as-
signs buffered items to recipe-compliant heaps.
The greedy algorithm can also be simplified by
limiting passes or preselecting candidate recipes,
which supports scalability under changing scrap
streams, prices, and production priorities.

Several limitations remain. The simulation
assumes accurate item mass and composition,
while real sensors are affected by noise, sur-
face contamination, coatings, oxidation, and in-
complete elemental coverage. The scrap data
are synthetic and may not capture correlations,
mass distributions, contamination, or temporal
patterns in real industrial streams. The recipe
model also omits industrial constraints such as
carbon equivalent limits, alloy correction, fur-
nace scheduling, order timing, and logistics. Fi-
nally, the greedy algorithm does not guarantee
global optimality and may miss better combina-
tions in constrained scrap pools.

Compared with conventional sorting, the
proposed method changes the sorting objective.
Instead of separating material into broad cate-
gories, it allocates scrap to steel recipes based
on weighted-average chemical feasibility. This al-
lows items with unfavourable individual compo-
sitions to be used when balanced by complemen-
tary items. The method therefore shifts scrap
sorting from material classification toward value-
oriented recipe allocation.

VI CONCLUSION
This paper developed and evaluated a

recipe-based scrap sorting decision layer for high-
value steel recycling. The system combines piece-
level scrap information, recipe constraints from
European Steel Standards, and heuristic alloca-
tion algorithms to form recipe-compliant heaps
based on mass-weighted chemical composition.

The results show that sensor-based compo-
sition data can be used not only for classifica-
tion, but also for strategic allocation. Among
the tested algorithms, multi-pass greedy provides
the best balance between solution quality and
computation time. Buffer-size experiments show
diminishing returns beyond approximately 700-
1000 items, and system-level experiments reveal
a trade-off between mass conversion, heap utili-
sation, and economic value. The best-balanced
configuration was seven heaps with a heap ca-
pacity of 12000 kg, achieving approximately 78%

mass conversion and 89% heap utilisation.
The proposed approach demonstrates that

complementary scrap pieces can be combined
into chemically feasible and economically valu-
able steel recipes, even when individual pieces
fall outside some recipe limits. This supports a
shift from separation-oriented scrap sorting to-
ward value-oriented recipe allocation.

The findings should be interpreted as a
proof of concept rather than a direct industrial
prediction. Future work should validate the
framework with real piece-level scrap data, in-
clude sensor uncertainty, refine recipe and pro-
duction constraints, and add logistical limita-
tions such as conveyor capacity, storage layout,
pile accessibility, and furnace scheduling. De-
spite these limitations, the framework provides a
practical basis for integrating sensor-based scrap
characterisation with recipe-level steel produc-
tion decisions.
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B
Excel Tables | Appendix

This appendix provides a visual overview of the Microsoft Excel implementation used for the data-
generation and allocation procedure. The screenshots are included to clarify how the main interme-
diate and output tables were structured in the spreadsheet environment. Figure B.1 shows the input
recipe table containing the steel grades, source standards, assigned prices, and elemental composi-
tion limits. Figure B.2 shows the candidate scrap table generated by sampling recipe rows from the
input recipe table, while Figure B.3 shows the resulting generated scrap-item dataset with elemental
compositions and assigned masses. The allocation output is illustrated in Figure B.4, which shows the
candidate-heap result tables created for successive allocation rounds. Finally, Figure B.5 shows the
final allocation and annotation table, in which generated scrap items are linked to their assigned recipes
and corresponding values. The screenshots are intended to illustrate the spreadsheet structure rather
than to present the complete datasets, as several tables extend beyond the visible image frame.
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Results | Appendix

Additional figure references of Sections 6.6 and 6.7
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Figure C.1: Scrap composition per element for the third heap of the 7-heap configuration with a heap capacity of 12 000 kg per
heap. Each point represents a scrap item, the black bars represent the allowable composition range of the X5CrNiMo17-12-2

steel recipe per element, and the red crosses represent the mass-weighted average scrap composition per element.

Figure C.2: Scrap composition per element for the fourth heap of the 7-heap configuration with a heap capacity of 12 000 kg
per heap. Each point represents a scrap item, the black bars represent the allowable composition range of the X10CrNi18-8

steel recipe per element, and the red crosses represent the mass-weighted average scrap composition per element.
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Figure C.3: Scrap composition per element for the fifth heap of the 7-heap configuration with a heap capacity of 12 000 kg per
heap. Each point represents a scrap item, the black bars represent the allowable composition range of the X2CrNiMoN22-5-3

steel recipe per element, and the red crosses represent the mass-weighted average scrap composition per element.

Figure C.4: Scrap composition per element for the sixth heap of the 7-heap configuration with a heap capacity of 12 000 kg per
heap. Each point represents a scrap item, the black bars represent the allowable composition range of the S420M steel recipe

per element, and the red crosses represent the mass-weighted average scrap composition per element.
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Figure C.5: Scrap composition per element for the seventh heap of the 7-heap configuration with a heap capacity of 12 000 kg
per heap. Each point represents a scrap item, the black bars represent the allowable composition range of the X5CrNiMoTi15-2

steel recipe per element, and the red crosses represent the mass-weighted average scrap composition per element.

Figure C.6: Element-wise scrap composition of the remaining scrap items in the 7-heap configuration with a heap capacity of
12 000 kg per heap. Each point represents a scrap item, and the red crosses indicate the mass-weighted average composition.
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