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ARTICLE INFO ABSTRACT

Handling Editor: Kathleen Aviso Demand response (DR) of large industrial electricity consumers is a promising option to balance the fluctuating
supply by renewable energies in the electricity grid. Renewable energy technologies themselves depend on
copper as a key material. At the same time, the production of copper is a power-intensive process but its DR
potential has not yet been quantified in detail via process scheduling.

Keywords:
Demand side management (DSM)
Demand response

Resource-task network (RTN) Here, we analyze the DR potential of copper production by optimally scheduling the batch and continuous
Scheduling optimization tasks of a representative copper process. To determine the optimal schedule, we formulate a mixed-integer
Copper production linear program (MILP) based on the resource-task network (RTN) formulation approach. We first optimize

the production volume to define a reference case and then minimize the electricity costs under time-varying
electricity prices while retaining the production target. A sensitivity analysis evaluates the impact of task
capacities on the production volume and DR potential.

The results indicate a significant DR potential, as optimal scheduling can reduce the annual electricity
costs by up to 14.2% while still producing the maximum copper output as the reference process schedule.
The power-intensive electrolytic refining shows the largest potential for reducing costs. Offgas handling, air
separation, and air compression further show significant cost reduction potentials. These tasks must process
large material streams that are directly connected to operating the smelting and refining tasks. Our model
shows the potential of considering these interlinked tasks in one scheduling model that focuses on DR.

The results suggest that DR scheduling in copper production has a significant economic potential without
compromising production goals. Further, the DR scheduling shifts large amounts of electricity demand by
responding to fluctuating electricity prices, which enables flexibility of the demand side and can thus support
the integration of renewable energy into the electric grid.

1. Introduction prices on the day-ahead market. Thus, DR offers potential an economic
potential for industry while enabling flexibility for the grid (Heffron

The growing share of renewable energy in the electricity grid et al., 2020).
requires the balancing of fluctuations in the electricity supply. A The DR potential for industrial electricity demand in Europe is
promising option is demand side management (DSM) of industrial expected to be immense and could contribute significantly to a cost-

processes (Paulus and Borggrefe, 2011). DSM adjusts the energy de-
mands of consumers, which in industry typically includes adjusting
the production processes and energy supply (Zhang and Grossmann,
2016). Potentially, DSM benefits both grid operators and consumers
by stabilizing the electricity grid and reducing electricity costs (Zhang
and Grossmann, 2016). One category of DSM is demand response
(DR) which focuses on adjusting a consumer’s load profile in response
to economic incentives. Economic incentives typically include time- mand to times of high energy availability. For example, Finn and Fitz-
varying electricity prices for the consumer, such as hourly electricity patrick (2014) show that the cost-optimal load shifting of an industrial

effective transition to a low-carbon energy system (Papadaskalopoulos
et al., 2018): Economically, DR is expected to reduce costs by billions of
Euro per year through avoiding investments in additional capacities for
generation, transmission, and distribution as well as operational costs.
Environmentally, flexible process operations due to DR can increase
the utilization of renewable energy generation by shifting the de-
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consumer can increase wind power consumption in Ireland. Further, DR
typically offers higher efficiencies than many other balancing options
that use energy conversion technologies, e.g., power-to-gas (Heffron
et al., 2020).

A significant interest in DR of energy-intensive industries can be
seen in the many recent studies on, e.g., air separation, aluminium,
or cement production, as reviewed by Zhang and Grossmann (2016).
These studies indicate a high economic potential for the respective
industries to reduce operating costs by optimally scheduling their pro-
duction with DR in mind. Considering energy demands in scheduling
is a logical step, as the timing of consumption can significantly affect
energy bills, particularly given the growing share of renewable energy
supply (Merkert et al., 2015). However, the DR potential in copper
production has only been analyzed based on strongly-simplifying as-
sumptions until now, and only with regard to the most power-intensive
sub-processes, e.g., in Gils (2014) or Roben et al. (2019). Quantifi-
cation of the DR potential in copper production at the process level
by optimally scheduling the production is missing so far. However, a
detailed scheduling is important to capture the process structure and
dependencies between the many materials and tasks in the production.

Assessing the DR potential of copper production is important also
due to the expected substantial increase in future copper demand.
The global demand is expected to triple from 2010 to 2050 (Elshkaki
et al., 2016), strongly driven by socio-economic development world-
wide (Elshkaki et al., 2016; Deetman et al., 2018; Henckens and
Worrell, 2020). As copper is a key material for low-carbon technologies
like electric vehicles and renewable energy systems (Deetman et al.,
2018; Kuipers et al., 2018; IEA, 2021), the global shift towards high
shares of renewable energy sources increases the global copper de-
mand (Schipper et al., 2018). The International Energy Agency (IEA)
expects that the large-scale implementation of low-carbon technologies
will account for up to 40% of the global copper demand in 2040,
also due to their higher copper demand compared to fossil-fueled
technologies (IEA, 2021). At the same time cooper production itself
is an energy-intensive process consuming large amounts of fossil fuels
and electricity that must be integrated into an increasingly renewable
energy system. Thus, the flexible adjustment of the power demand by
DR becomes particularly relevant and is an important step towards
integrating renewable energy into copper production (Moreno-Leiva
et al., 2019).

Available scheduling models of copper production mainly focus on
maximizing the process throughput, e.g., Harjunkoski et al. (2006),
Suominen et al. (2016), Navarra et al. (2017). Harjunkoski et al.
(2006) present such a scheduling model that considers the production
tasks of flash smelting, converting, fire-refining, and casting, while
further including the cranes that transport materials in the plant.
The model includes processing times that vary due to changes in
the input materials with a scheduling horizon of 36 h. Similarly, the
model of Pradenas et al. (2006) optimizes the throughput of a copper
production plant in Chile while paying special attention to compliance
with tightened environmental regulations such as offgas release. A later
model focuses on minimizing the makespan of the refining and casting
operations in copper production with a heuristic approach (Pradenas
et al., 2011). Suominen et al. (2016) present a nonlinear scheduling
optimization problem that considers the flash smelting and converting
tasks to optimize key figures such as flash smelting production rate and
deviation from a predefined matte grade. Navarra et al. (2017) present
a discrete-event simulation (DES) framework that adapts operation
to comply with environmental constraints, which is necessary due to
changing weather situations. The uncertainty of the weather forecast is
analyzed, and the operation is simulated for a wide range of scenarios.
In another contribution, Navarra (2016) use a greedy heuristic in a
DES to schedule the converter operation. Recently, Korpi et al. (2019)
presented a two-level structure to optimize copper production and
enable model-based control of the processes. On the upper level, a
mixed-integer linear program (MILP) optimally schedules the operation
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of the processes. On the lower level, detailed process models enable
control of operating parameters and states. These detailed sub-models
can also be used on their own and are already included in industrial
software (Korpi et al., 2019). However, the mathematical formulation
of the MILP scheduling model is not disclosed.

A broader planning model is presented by Siemon et al. (2020),
which targets the optimal economic production of a copper plant,
including the blending of copper ore concentrates with different com-
positions from several mines. The recent model extension in Siemon
et al. (2021) further includes raw material purchasing and shipment
decisions in multi-plant networks. In result, these planning models ac-
count for long time horizons of several months, e.g., 90 days in Siemon
et al. (2021) and the chosen resolution of the time horizon of one
day is too coarse for considering DR. While many technical and eco-
nomic constraints are implemented in these planning models, the batch-
wise operation structure is not resolved and the sub-processes are
represented with steady-state operating points.

Thus, models to optimize the operation of copper production exist
but focus primarily on optimizing the plant throughput. As the existing
scheduling models do not consider electricity demands and planning
models do not include the operational detail of the batch structure and
necessary time resolution, a new scheduling model is required that is
suitable to determine the DR potential in copper production.

In this work, we formulate a new scheduling model which repre-
sents the process structure on a task-specific level, including all tasks
that have significant electricity demands, and considers the electric-
ity costs under time-varying electricity prices. We first determine a
reference schedule by maximizing the production volume neglecting
the electricity costs and then determine the cost-optimal schedule by
minimizing the electricity costs while keeping the production target.
We evaluate the economic benefit and analyze the amount of shifted
electricity demand over several schedules in the year and assess the
contribution of the different tasks. Since the capacity of a task has a
substantial influence on the available flexibility, we perform a sensitiv-
ity analysis of the most important tasks with regard to the DR potential
and determine the respective impact on the production volume and the
electricity costs.

The remainder of the paper is structured as follows: Section 2 gives
a brief overview of the copper production process and the considered
tasks. Section 3 presents the optimization problem formulation and the
parameters used in our model. Section 4 first analyzes the influence
of the scheduling horizon on the production volume, then presents the
results for the different schedules throughout the year, further shows
the sensitivity analysis of the critical tasks, and finally discusses the
implications of this work. Finally, conclusions are drawn in Section 5.

2. Copper production

In this section, we briefly describe a representative copper pro-
duction process (Fig. 1) which produces high-purity copper cathodes
from copper concentrates through smelting and refining. The process
description is based on Schlesinger et al. (2011).

The copper concentrate used in the flash furnace has typically been
concentrated up to 30wt-% copper at the mining site. In the flash
furnace, the concentrate is continuously blown into the furnace in an
oxygen-enriched blast of 50-70vol-% O,. In the blast, iron and sulfur
in the concentrate oxidize, which leads to a large heat release that
melts the solids. Thus, a large amount of energy is introduced into
the process by the ore. The molten material gathers in the furnace
bath, where it separates into two layers. The heavier copper-rich matte
(50-70 wt-% Cu) gathers at the bottom and the lighter slag, containing
mainly iron oxides, gathers at the top. When enough matte has been
accumulated, a part of the matted is tapped and sent to the converters.
The slag in the flash furnace is sent to the slag-cleaning furnace to
recover matte droplets that have not separated quickly enough. The
residence time in the slag-cleaning furnace lasts around five hours,



F.T.C. Roben et al.

Journal of Cleaner Production 362 (2022) 132221

___________________________ Smelting 9 R Acid ﬁ
!' ﬂ offgas handling — plant
I Air )
;17| separation Converter 7 l
| 1 it | p—m——_-———— = » ; —
c I offgas handling
| .
H 1 7
[ ="~ —_—l . ] Anode furnace
i : Converter [ offgas handling
i : Anode
= furnace Copper g
——> o o conerer > e Rt e
Copper T Anode storage Copper
concentrate furnace cathodes
: Converter
1 —>  Copper-rich material streams
| -
| Siag f | »  Copper slag
»1 cleaning Compressed air
furnace -——»  Oxygen
Ar 7 — — Offgas
compressor g High power consumption

Fig. 1. Simplified flowsheet of the representative copper production process. The flowsheet shows the material stream concentrating the copper (solid black arrows) as well as
other material streams associated with tasks that require significant power. The lightning symbol indicates tasks with high power consumption.

during which the slag is kept hot by electric resistive heating. The
recovered matte is intermittently tapped and added to the converters
along with the matte from flash smelting. In the converters, iron and
sulfur in the matte are further oxidized by blowing compressed air
through the matte. The oxidation also heats up the converter. Plants
often use oxygen-enriched air of around 22-28vol-% O,, with 23 vol-
% O, being used in our process. The iron oxides form a slag which
is removed, and the sulfur forms sulfur dioxide, which is collected by
the offgas system. The converting takes place in batches lasting several
hours. Thus, plants generally have two to five converters depending
on their smelting capacity, with our production process having three
converters. The final product of the converting is blister copper of
99 wt-% copper. A batch of blister copper is then sent to an anode
furnace where the remaining dissolved sulfur and oxygen are removed
by blowing first compressed air and then a reducing agent, e.g., natural
gas, through the melt. This process is called fire-refining. The resulting
molten copper with a purity of around 99.5 wt-% is then cast into solid
copper anodes. The casting of one batch takes several hours due to
the solidifying and cooling speed of the copper anodes on the casting
wheel. Including casting, the total processing time of one batch is about
9h, so plants usually have multiple anode furnaces feeding one casting
wheel, i.e., two in our process. The final step is the electrorefining,
which consists of electrolytically dissolving the copper anodes into an
electrolyte and plating the copper from the electrolyte onto stainless
steel cathodes. The final copper cathodes have a very high purity of
over 99.99 wt-% copper.

Besides the electrolytic refining, other tasks require considerable
amounts of electricity: As the flash furnace and converters require large
amounts of oxygen, an air separation unit has to be operated, which
constitutes an energy-intensive process by itself. The flash furnace,
converters, and anode furnaces require large quantities of compressed
air, which necessitates the operation of air compressors. Further, en-
vironmental protection measures can account for up to 30% of the
electricity consumption of a plant (Grave et al., 2014). For example,
large quantities of offgases have to be handled and cleaned before
release into the atmosphere. The large amounts of sulfur dioxide (SO,)
formed by the oxidation in the flash smelting and converting have to
be removed from the offgas. Typically, the sulfur dioxide is captured as
sulfuric acid (Schlesinger et al., 2011), which is a by-product produced
in large quantities. Note that the high electricity consumption of envi-
ronmental protection measures such as high-efficiency offgas handling

and cleaning refers to a best-practice approach. The use of elaborate
offgas-cleaning technologies can be influenced by the strictness of local
environmental regulations. Thus, the respective electricity demand can
vary between production sites based on the local emission restrictions.
The process we consider in this paper applies best-practice technologies
in terms of environmental protection, particularly in terms of SO,
capture and storage, and thus we assume that all offgases are treated
at all times.

While the shown representative process (Fig. 1) is based on a
specific design, it applies the most commonly used technologies for
copper smelting and converting, i.e., flash smelting and Peirce-Smith
converting (Wang et al., 2019). Moreover, the subsequent fire-refining
and electrolytic refining are applied to virtually all molten copper to
produce high-purity cathode copper, which can be used for electrical
applications (Schlesinger et al., 2011). Thus, the formulated model
is based on the most common process structure and should be as
representative as possible to analyze the potential for DR in copper
production.

3. Scheduling model description

In this section, we present the structure of our model and the
approach to determine the optimal schedule.

3.1. Resource-task network and copper scheduling model

We formulate a mixed-integer linear program (MILP) to optimize
the plant operation. The scheduling decisions include the timing of
tasks and their magnitude of operation.

The scheduling model is formulated as a discrete-time resource-
task network (RTN) (Pantelides, 1994). Resources include all materials,
utilities, and equipment in the process. Tasks include all operations
that consume, produce, or transport resources. Due to the general
formulation and uniform handling of resources, the RTN formalism
can describe a wide range of scheduling problems and is easy to
extend (Pantelides, 1994; Wassick and Ferrio, 2011; Castro et al.,
2019). RTNs have been shown to handle problems of industrial rele-
vance (Wassick and Ferrio, 2011; Harjunkoski et al., 2014) and can be
an important tool for industrial DR (Castro et al., 2013).
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Discrete-time refers to the structure of the scheduling time horizon
that is mapped onto a fixed time grid with time periods of typically
uniform length (Harjunkoski et al., 2014). The prior knowledge of the
time points in the time grid is the main advantage of a discrete-time
representation as it makes modeling events during the task opera-
tion particularly easy (Sundaramoorthy and Maravelias, 2011; Castro
et al.,, 2013; Harjunkoski et al.,, 2014). In our study, these events
are time-varying electricity prices and material interactions during
the execution of a task, i.e., materials can be consumed/produced in
different amounts in each operating time step of a task.

Although a few scheduling models for copper production exist in the
literature, the analysis of the DR potential requires a specific scheduling
model for several reasons: First, existing scheduling models are mainly
developed to maximize production under specific constraints (Har-
junkoski et al., 2006; Pradenas et al., 2011; Suominen et al., 2016),
while electricity demands, time-varying electricity prices, and DR po-
tential are not considered. Second, most existing models typically focus
on a part of the process which is critical for the respective analysis,
e.g., crane operations (Harjunkoski et al., 2006) or environmental
regulations (Pradenas et al., 2006). As the electricity costs have not
been assessed yet, models often do not include tasks which cause
large parts of the electricity demand. So, while these models consider
specific process details, they are not suitable to evaluate the DR poten-
tial. Third, existing scheduling models typically use a continuous-time
structure, which allows for an exact representation of processing times
but makes implementing time-dependent electricity prices and material
demands particularly difficult (Sundaramoorthy and Maravelias, 2011;
Harjunkoski et al., 2014). However, this time-dependent material de-
mand needs to be taken into account to determine the time-dependent
electricity demand and thus the DR potential.

In conclusion, it is necessary to formulate a scheduling model which
includes the electricity costs in the objective function and covers tasks
that are crucial for the copper production volume and the electricity
demand. The model needs to implement time-dependent costs and
material demands, and represents the structure of the batch operations.
By formulating such a model, we can determine the DR potential of the
process.

3.2. Problem description

In this section, the formal equations of the scheduling model are
presented. The equations are presented according to the RTN formal-
ism (Pantelides, 1994).

We consider two objectives: maximization of the production volume
and minimization of the electricity cost. The first objective determines
the achievable production volume of the process to define a reference
for the demand response case which minimizes the electricity cost. The
maximum production objective is written as

max Z Eerfss (€}
teT
where ¢, is the extent of operation of the electrolytic refining (erf)
in time step 7. As the electrolytic refining produces the final product
cathode copper, the production volume is maximized.
The minimal electricity cost objective is written as

min 2 I, ep;, (2)
teT

where I, is the total electricity consumption in time period ¢, and ep,

are the hourly-varying electricity prices.

The constraints of the scheduling model are written as given by the
RTN formalism (Pantelides, 1994). The excess resource balance deter-
mines the resource availability through the scheduling time horizon by
considering the change of the resource amount in each time step based
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on the interactions with tasks and external material in-/outputs. The
excess resource balance is written as
TI
R, =R, i+ 2 2 (Miro Nigso +Vipobiso) ., YreR, 1T, (3)
i€16,=0

where R, , represents the excess amount of resource r in time period ¢,
with R as the set of all resources and 7 as the set of all time periods.
R,,_; is the amount of resource carried over from the previous time
period. To account for the consumption and production of a resource,
all tasks i are considered, with 7 as the set of all tasks. For determining
the timing of resource interactions during task operation, ; defines
the time relative to the start of a task i and 7; defines the total task
duration. The integer variable N;, , and the continuous variable ¢;,_,
define the start and extent of operation of task i starting at time f.
Ui, and v, , are known constants which define the interactions with
resources during operation, i.e., negative values mean consumption
and positive values mean production of a resource. y;,, represents
interactions with resources independent of the extent of operation.
v; o defines the amount of resource consumed/produced in relation
to the task extent &, ,. To account for the addition or removal of
resources from the process, II,, defines external resource flows such
as the electricity supply from the grid.

To illustrate the structure and application of the parameters, Fig. 2
shows an exemplary task T1, which interacts with resources A to F.
The task T1 starts in time step 7; (Ng;; = 1) and has an operating
duration of 3 time steps (zr; = 3). The parameters y1 4 and vyq o for
the interactions with resources A to F are shown with the respective
timing that is defined by 6 which refers to the delay from the start of
the task. For example, resource A is consumed in the first three time
steps of the task duration (vyy a0, V11,415 V11,4,2) Which represents a
continuous material demand during operation. Similarly, resource E is
produced continuously during this time (vry g, V11,51, Vr1,5,2)> hence
representing a continuous production of E. Resources B and F interact
with the process just during the beginning and end of the task. There-
fore, these resources represent an initial consumption/charge and final
production/discharge of materials. Resource C is consumed only once
in the middle of the operation (vry¢ 1), corresponding to a one-time
material demand. Resource D represents an equipment which is con-
sumed/blocked at the beginning (y1; p o = —1) and produced/released
at the end (ur;po = +1) of operation, which means that the initial
amount of D (Rp ) represents the number of available equipment D.
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As this equipment is required for the task operation (u1y p o = —1), the
amount limits the instances of task T1 that can operate at the same
time.

The amount of a resource r which can be carried over to the next
time period is limited by

RUMM<R, <R™ VreR,1€T, Q)

where R;‘_‘j" and R?* are lower and upper bounds. These bounds
basically describe the storage capacity of resources in the process which
can be utilized for a more flexible operation.

Further, constraints on the tasks set the operational limits for the
magnitude of operation, according to

VmnN,, <&, VPN, VieIl teT,reRr, (5)

where Vimin and V;™* are the lower and upper operational limits of the
respective task.

Based on these equations, tasks can be defined with their respective
operating times and material demands. Additional constraints and as-
sumptions specific to the process and our model are explained in the
following.

Energy-intensive industries such as copper production typically run
continuously. Thus, we want to avoid any additional waiting times
of tasks due to empty material inventories. To this end, the initial
inventory of resources R, needs to be defined so that tasks throughout
the process can directly start their operation. To find optimal initial
material resource inventories, the initial inventories are defined as
variables in the optimization problem. To prevent the generation of
resources through R,,, a cyclic constraint is introduced such that
inventories at the beginning and at the end of a scheduling horizon
must be identical. The cyclic constraint is written as

Ro=R, — VreR. (6)

where R, are the initial excess resource levels, R,,  the final ex-
cess resource levels, and R, is the set of resources affected by the
cyclic constraint, i.e., all materials with available storage volume R;{‘f",
excluding the final product. The cyclic constraint also applies to the
equipment resources. Therefore, all tasks must be completed at the end
of the schedule so that all equipment is available for the beginning of
the next schedule.

Converting includes the sub-process of slag-blowing and copper-
blowing. These blowing processes generate such large offgas streams
that only two of the three converters are allowed to blow simultane-
ously (Schlesinger et al., 2011). Not being able to operate all converters
at once is a typical limitation also mentioned for the plant in Pradenas
et al. (2006) and for other plants in Schlesinger et al. (2011). However,
the converting task also includes the loading and unloading of the
converter. Thus, we assume that the operation of all three converters
may overlap as long as no more than two converters are blowing. As
this constraint is caused by the offgas system, it is implemented by
limiting the equipment of the converter offgas handling system to two
by

Rcoffh,O =2, )

where R o is the initial number of converting offgas handling sys-
tems. Since the converting offgas handling task requires one instance
of this equipment, only two instances can operate at the same time.
Since offgases are always generated during the converter blow, this
constraint directly affects the converter scheduling, as we assume that
the generated offgases must be treated immediately and cannot be
stored. Accordingly, their maximum excess resource level is defined as

Rg??gy[ =0 VtreT, (€)]

where Rg‘)‘}}‘gt is the upper bound of the excess resource level of the
converting offgas. Thus, the offgas handling task must handle the offgas

in the time step it is produced so that no excess offgas is left.
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The RTN structure of our model is presented in Fig. 3. Tasks include
the flash smelting, converting, fire-refining, and respective transport
tasks, which do not have significant direct electricity demands but are
required to capture the production volume and operating schedule.
To limit the model size, further material streams and tasks are only
included if they lead to an electricity demand and thus are relevant
for the DR potential. Material buffers are introduced where material
can accumulate or be stored, e.g., matte is accumulated in the flash
furnace bath (Schlesinger et al., 2011) and copper anodes can be
stored (Navarra et al., 2016).

As the many molten materials cannot be stored, the model struc-
ture needs to represent that the material occupies a vessel until it is
transported to the next vessel. The respective structure in our model is
explained for the example of the fire refining and the related materials
(Fig. 3): The transport task of the blister copper consumes an empty
anode furnace and blister copper to produce an anode furnace filled
with blister copper. Simultaneously, a converter with blister copper is
consumed, and an empty converter is returned. The fire-refining task
then processes the material and produces molten copper, occupying the
anode furnace until the casting task is finished.

Other materials without a buffer that have to be handled right away
are the offgases, compressed air, and oxygen. Storage capacities for
oxygen and compressed air are not included in the reference case due
to a lack of data. However, we evaluate their influence as part of the
sensitivity analysis.

3.3. Parameters and data

Based on the given structure and equations, our scheduling model
requires parameters for operating times, operating capacities, resource
interactions, electricity demands of all tasks as well as time-varying
electricity prices. These parameters are gathered from the literature
(Schlesinger et al., 2011; Coursol et al., 2010; Ramachandran et al.,
2003) and are used as fixed recipes in the model. Thus, the overall
operating times and specific material demands are fixed for each task.
An overview of the process tasks and their parameters can be found
in the Appendix. The time-varying prices of electricity are based on
the hourly electricity prices of the day-ahead market in Germany in
2019 (Bundesnetzagentur SMARD.de, 2020b).

As the electrorefining of copper is the most electricity-intensive task,
and therefore often considered as the most promising source of DR
potential in copper production (Gils, 2014; Rében et al., 2019), we want
to highlight the respective parameters and chosen simplifications in our
model.

Producing a copper cathode by electrorefining typically takes 6-8
days. However, a copper anode stays around 21 days in the electrore-
fining bath, which means that an anode takes part in around three
cathode cycles (Schlesinger et al., 2011). Since the copper is plated
continuously when a current is applied, we simplify the electrorefining
to a continuous task in our model. We assume that this simplification
is also justifiable because plants have a large number of electrolytic
cells grouped to separate sections, e.g., 1080 cells are mentioned in
literature for our example plant (Schlesinger et al., 2011). In result,
some sections will be nearly finished during most times. Assuming
that 20 cells are part of each section, the number of sections is 54.
Assuming further that the average plating takes 7 days, approximately
7.7 sections are completed per day, which is roughly equivalent to
one section every 3h. Thus, we assume that operational flexibility can
be achieved by changing operation of individual sections in a plant
and that turning off a section does not lead to negative effects on
the product. This assumption seems reasonable as the considered plant
already participates with it’s electrorefining load in DR programs for
interruptible loads (NEW 4.0 - Norddeutsche Energiewende, 2019).
However, it could still be necessary to keep a minimum current in
sections loaded with anodes and cathodes to avoid negative impacts
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on operation. Since we had no data on such a threshold, it was not
considered in our analysis but can be easily added to the model.

The peak production of one section is calculated to 0.803t/h, as-
suming the stated annual electrorefining capacity of 380,000t
(Schlesinger et al., 2011) and 54 sections operating the whole year
(8760h). As the copper anodes have to be removed from the cell before
they become structurally unstable and fall into the cell, an average
mass of 11% anode copper remains and is returned to the process
as scrap. To represent this incomplete conversion of anode copper
to cathode copper, a parameter of v,/ ..o = —1.124t,./t. defines
the required input per ton of cathode copper in the electrorefining
step. The specific electricity demand is v,/ .o = —350kWh/t cathode
copper based on the average demand of electrolytic refining (300 to
400 kWh/t) (Schlesinger et al., 2011).

3.4. Analysis approach

To evaluate the economic impact of optimal operation throughout
a full year, we use the following procedure.

First, we analyze the influence of the length of the chosen schedul-
ing horizon 7,,, on the maximum production volume by optimizing the
production volume under increasing scheduling horizons and evaluate
the achieved average hourly production. Based on this analysis, we
select a scheduling time horizon for the subsequent optimizations that
does not significantly constrain the production volume by being too
short, but is also not too long for reasons of computational tractability.

We then split the year into equal time periods based on the de-
termined scheduling time horizon. We determine the maximum pro-
duction Riiftmax and starting resource levels Rieof by maximizing the
copper production volume neglecting the electricity costs (Eq. (1)). To
obtain the identical maximum production (Rf:gftmax) in the electricity
cost minimization (Eq. (2)), we subsequently fix the copper production
volume and starting resource levels (R;?Of) to the results of the reference
schedule, i.e.,

ref
CCtmax’

R (C)]

(10)

CClmax

Ro=RS VreR.

Due to the cyclic constraint (Eq. (6)), each schedule ends with the same
amount of resources as it started with. Since the initial resource levels
are identical in each schedule, schedules can be connected to cover
longer time-periods such as an entire year.

Besides minimization of electricity costs, we determine the worst-
case by maximizing the electricity cost to evaluate the possible electric-
ity cost range for the given maximum production volume. We analyze
the results for each schedule with respect to the total electricity cost,
task-specific electricity cost, and shifted electricity demand. As the siz-
ing of tasks can significantly impact the available flexibility of a process
and hence the DR potential, we also conduct a sensitivity analysis on
tasks that appear to limit the production or are power-intensive.

We implement the presented MILP model in Python using the
Pyomo package (Hart et al., 2011). The problem is run on a computer
with an Intel(R) i7-6700 processor and 32 GB of RAM, using Gurobi
9.0.1 with standard settings and an optimality gap of 1% (Gurobi
Optimization, LLC, 2021).

4. Results

In this section, we first analyze the influence of the chosen schedul-
ing horizon on the production volume (Section 4.1). Then, we evaluate
the economic results and process operation of the schedules which
minimize the electricity costs in comparison to the reference sched-
ule (Section 4.2). Further, task parameters are varied in a sensitivity
analysis (Section 4.3) to evaluate the impact on the production volume
and electricity cost. Last, we discuss the significance and limitations
of our work with regard to the formulated model and discuss possible
additions for future work (Section 4.4).

4.1. Influence of scheduling horizon

We analyze the impact of the chosen scheduling time horizon on
the achievable average hourly production volume of the representative
process (Fig. 4).

As some tasks take a long time to complete, short schedules reduce
the averaged hourly production by limiting the amount of batches
that can be completed during the scheduling horizon. For example,



F.T.C. Roben et al.

Journal of Cleaner Production 362 (2022) 132221

—_ 40 ] SRR e
2L 35 ] i
= > ] H
5 an ] 5
= g304 - |
o3 1 - |
%0 S 25 1 <= Two weeks
5% ] ;
< Z 20-E i
T S ——
0 168 336 504 672

Scheduling horizon [h]
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if 4.6 batches could be completed in a scheduling horizon, the op-
timal schedule can only produce 4 batches as another batch cannot
be finished in time. This impact becomes more pronounced for short
schedules as a single batch has more relative impact. Being able to
finish another batch in time leads to a repeating step-wise structure.
Only if the scheduling horizon time increase allows another batch to be
finished, the production volume will increase. Thus, the average hourly
production drops until this threshold is reached. Notably, the maximum
average hourly production quickly approaches a limit, such that further
increases of the scheduling horizon offer only minor improvements.
As can be seen from Fig. 4, the production volume is close to the
asymptotic limit with a scheduling horizon of two weeks (336h). We
thus select two weeks as scheduling horizon length in all further anal-
yses. The total production in the two-week period Rgiftmax is 12,970t
of cathode copper, which corresponds to an annual copper production
of 337,220t, accounting for 26 schedules in the year. This production
volume is close to the value of 340,000t, which is reported for the

main smelter production of the plant our model is based on Mackey and
Warner (2019). Note that the total value of 473kt of cathode copper
reported in Aurubis (2019), also takes into account a secondary copper
production.

4.2. Cost-optimal schedules

Here, we compare the electricity cost-optimal schedules throughout
the year with the reference schedule and determine the DR potential.
Further, we analyze the share of each task on the annual electric-
ity costs and the respective cost-reduction potential to evaluate the
economic potential of DR in each task.

Fig. 5(a) shows the specific and total electricity costs for each two-
week schedule. The optimal scheduling with time-varying electricity
prices noticeably decreases the electricity cost per ton of copper pro-
duced in all two-week periods, achieving cost reductions from the
reference case between 4.4% and 17.6%. Considering all schedules,
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Fig. 6. Electricity consumption of the copper production for the maximum throughput case (a) and the optimal demand response case (b) for identical production volumes under

time-varying day-ahead electricity prices shown on the right axis. In (c), the difference
volume. Shown are the first 2 weeks of the year.

the annual electricity cost reduction from the reference case is 7.9%,
corresponding to total savings of about 1.2 million Euro.

Since each two-week period has a different electricity price series
(Fig. 5(b)), the results show the impact of the electricity prices on the
economic result. We observe that both the overall electricity costs and
the achievable reduction by optimal scheduling vary significantly. For
example, the average electricity prices in the time periods of weeks
49/50 and 51/52 are very similar. However, due to the higher variance
in the 49/50 period, the respective costs can be reduced more (13.3%
instead of 8.2%), indicating higher economic potential for DR.

The reference case ignored electricity prices. Thus, the resulting
electricity costs are arbitrary. To analyze the full range of potential cost
savings, we also calculate the worst-case by maximizing the electricity
costs for each respective time period (Fig. 5(a)). The corresponding
annual cost reduction from the maximum case to the minimum case
is 14.2% (2.3 million Euro), which defines the full DR saving potential.
Thus, this result shows the overall potential economic range for DR in
our model.

To put the specific electricity costs per ton of copper into context,
we compare them to the typical revenue streams of a copper production
plant. Copper producers generally pay for the copper content in the
ore concentrate and recycling materials based on the market price of
copper. The actual revenue realized for the treatment and refining of
the materials is based on treatment and refining charges (TC/RC) as
well as premiums for selling high-purity copper cathodes (Diaz-Borrego
et al., 2019). Based on these three revenue streams, we calculate the
specific revenue per ton of copper to around 435 EUR/t Cu, applying the

between the two cases is shown for electricity consumption and cumulative final production

charges and premiums in February 2020 (Aurubis, 2020). The specific
electricity costs (Fig. 5(a)) indeed constitute a relevant cost factor, as
they reach values of 8.2% to 15.7% in relation to the calculated revenue
(435EUR/tCu) in the reference case. Thus, reducing the electricity
costs through DR is economically attractive. Note that the copper price
has increased strongly in recent time, which influences the TC/RCs
negotiated between mines and smelters. An index of the TC/RCs shows
a strong decline due to a high copper demand and limited supply
of copper concentrates, which causes smelters to lower their TC/RCs
to ensure their ore concentrate supply (Fastmarkets, 2021). Although
there are additional revenues, e.g., due to recycling and selling of
by-products, lower revenues would further incentivize cost reduction
through DR.

Note the negative electricity prices that occur during some hours
of the year (Fig. 5(b)). Negative prices result from low demand coin-
ciding with high inflexible generation (Bundesnetzagentur SMARD.de,
2020a). These situations typically occur during times of very high
renewable electricity generation, where conventional power plants re-
duce their generation to their minimum operating point but avoid a
complete shutdown for economic reasons (Agora Energiewende, 2020).
Continued conventional generation in these times may also be due to
combined heat and power generation, regulatory restrictions, or readi-
ness to provide ancillary grid services (Goetz et al., 2014; Bundesnet-
zagentur SMARD.de, 2020a). To encourage the adoption of renewable
electricity generation, market premiums and incentives have often been
introduced which can make renewable generation profitable even with
negative electricity prices (Bundesnetzagentur SMARD.de, 2020a; Seel
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et al., 2021). Negative electricity prices incentivize restructuring of the
energy system, as inflexible generation is affected the most, while stor-
age and flexible operation via DR benefit from negative prices (Winkler
et al., 2016).

Fig. 6 compares the electricity demand of the reference case (a)
with the minimal electricity cost case (b) for the first two weeks of the
year. The schedule with minimized electricity costs shifts production
to times with more favorable prices. However, even during negative
electricity price hours, not all tasks can operate at full capacity because
of dependencies in the plant. The nearly constant operation of the
slag-cleaning suggests that this task could be the bottleneck of the

production in our representative process (cf. sensitivity analysis in
Section 4.3).

The shifted electricity demand is 16.3% (2.53 GWh) in the shown
first two weeks, i.e., the overall load increase and decrease from the
reference schedule are +2.53 GWh and —2.53 GWh. On average, the
shifted load is 2.55 GWh, considering all 26 schedules. The respective
annual shifted electricity demand corresponds to 16.5% (66.3 GWh) of
the annual electricity demand.

To analyze the impact of optimal DR on process operation, Fig. 6(c)
compares the tasks’ electricity consumption and the cumulative pro-
duction volume of cathode copper of the minimum-cost schedule to the
reference case. The minimum-cost schedule produces the same amount
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of cathode copper as the reference case during the first 2.5 days.
Still, the minimum-cost schedule allows to provide DR because the
intermediate process tasks can shift their operation, as seen by the task-
specific electricity demands. The substantial shift in electricity demand
illustrates that the process operation strongly responds to the electricity
price. Thus, cost-optimal scheduling enables substantial DR potential
when considering fluctuating electricity market prices. The final pro-
duction step, i.e., the electrorefining, can continue operating in the first
days due to the intermediate storage of its input material, anode copper.
At the end of the schedule, anode copper reaches the same volume due
to the cyclical constraints (Eq. (6)). These adjustments in the minimum-
cost schedule highlight the potential to utilize the storage capacities in
industrial processes for DR. Further, it shows the potential to shift single
production steps without impacting the overall production volume.

To further analyze the amount of load shifted over time, we calcu-
late the cumulative load shift for each electricity cost-optimal schedule
in comparison to the maximum throughput schedule neglecting the
electricity cost (Fig. 7).

The cumulative shifted load of the different schedules (Fig. 7(a))
shows a daily recurring pattern that is also pronounced in the electricity
prices (Fig. 7(c)). As we use a schedule of two-week length, each
schedule has the same weekly and daily structure, i.e., each schedule
starts with a Tuesday and considers the following two weeks. Thus, the
typically lower electricity prices at night refer always to the same hours
in the scheduling, causing a load increase in electricity-cost-minimized
schedules. The strong cumulative shifted load increase starting around
hour 84 can be explained by the overall lower electricity demand in
the throughput maximization during this time (Fig. 7(b)), which also
overlaps with the generally lower electricity prices at Saturday and
Sunday (Fig. 7(c)). Therefore, the load in the schedules with minimized
electricity costs is generally higher during this time.

The maximum cumulative load shift achieved in one schedule is 573
MWh, which means that the optimal electricity cost schedule consumed
573 MWh of electricity more than the throughput maximization up to
this time point. The schedule with the minimum shifted load reaches
—517 MWh meaning that the electricity cost schedule consumed 517
MWh less than the throughput maximization up to the respective time
point. However, at the end of the two weeks each schedule reaches zero
as the load is only shifted in time but not changed in quantity.

We analyze the task-specific electricity costs to evaluate the achiev-
able DR potential per task. Fig. 8 shows the specific electricity costs per
ton of copper produced for the individual electricity-consuming tasks
averaged over all 26 schedules. The maximum and minimum electricity
costs differ most for the converter offgas handling (-2.45EUR/t Cu
(19.3%)), the electrorefining (—1.94 EUR/t Cu (13.6%)), and the air
separation (—0.91 EUR/t Cu (12.1%)). Comparing the minimum elec-
tricity costs of these tasks to the maximum throughput schedule shows
cost reductions of 10.8% for the converter offgas handling, 7.5% for
the electrorefining, and 6.9% for the air separation.

While the tasks of smelting, converting, and fire-refining have no
direct electricity demand, significant electricity demands are caused
by the connected tasks of air separation, air compression, and offgas
handling, which are necessary to supply materials required for the oper-
ation. The task-specific DR potential shows that scheduling the overall
process considering these task dependencies can enable significant DR
potential.

4.3. Sensitivity analysis

As discussed in Section 4.2, the slag-cleaning and electrorefining
are critical tasks, since the former seems to be the bottleneck and the
latter constitutes the task with the largest electricity demand. Thus, we
analyze the impact of varying the peak capacity of the slag-cleaning and
electrorefining tasks in our model. Further, we determine the additional
DR potential from adding storage capacity for compressed air and
oxygen.
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Fig. 9 shows the influence of changing the peak capacity of the slag-
cleaning and electrorefining on the production volume and the specific
electricity cost per ton of copper, based on the average from all 26
two-week schedules of the year.

Increasing the capacity of the slag-cleaning task increases the over-
all production volume until it starts to plateau at a capacity of 115% as
another task becomes the new bottleneck (Fig. 9(a)). However, the spe-
cific electricity costs per ton of copper also slightly increase (Fig. 9(c))
due to the higher production rate increasing the utilization rate of
other tasks, which allows for less headroom to shift load. Increasing
the capacity beyond 115% decreases the specific electricity cost slightly
further as the task can offer more flexibility in operation. Conversely, at
decreased capacities, the production volume and the specific electricity
costs decline due to the lower utilization rate of other tasks that have
more headroom for load shifting available. Thus, the analysis of the
bottleneck is of particular importance for the evaluation of the DR
potential. The discussion shows that a simple debottlenecking of the
process does not necessarily improve the DR potential and cost. In
fact, the slag-cleaning is a beneficial bottleneck for DR due to its low
electricity demand such that headroom for DR is available for more
electricity-intensive tasks.

The electrorefining is analyzed in Fig. 9(b, d). The decrease of
the task capacity shows that the electrorefining in our model has
available over-capacity since the production volume only decreases
at a task capacity below 90%. However, at a capacity of 90%, the
specific electricity cost is maximal as the task looses headroom for load
shifting (Fig. 9(d)). Similar to the slag-cleaning, once the task becomes
the bottleneck, a further decrease of the capacity reduces the specific
electricity cost as more headroom is available in the other tasks. An
increase in capacity allows for even better utilization of time-varying
electricity prices and reduces the electricity cost further, with a 10%
capacity increase reducing the total electricity cost by 1.2% (Fig. 9(d)).
Again, the analysis shows the complex trade-offs in optimizing copper
production and the need for a comprehensive scheduling model.

To create additional flexibility potential, we add storage capacity
to the compressed air and oxygen supply (Fig. 10). Due to a lack of
data, the storage capacity is based on the number of hours the storage
can supply the peak demand of the respective material. The capacities
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of the air compression and air separation are set to the respective
peak demand so that the tasks are not arbitrarily over-sized. Thus, the
increased DR potential can be accounted to shifting the peak demand of
the process and the added storage capacity, allowing for a more flexible
process operation. Additional investment costs and potential storage
losses are not considered.

The minimal electricity costs decrease when increasing the storage
capacities for oxygen and compressed air in relation to the case without
the storage capacity. The reason is that the air compression and separa-
tion supply time-varying material demands due to the batch operation
of other tasks, which means that the peak demands are not required
continuously. Thus, depending on the state of operation of these tasks,
there is headroom to produce and store oxygen and compressed air,
which allows for more DR potential by partially decoupling the supply
from the other tasks’ operation and enable operation during cheaper
electricity prices.

Adding storage capacity for compressed air and oxygen that corre-
sponds to 1h of peak demand reduces the electricity costs by around
0.3% (Fig. 10). Increasing the storage capacities to 12 h of peak demand
reduces the electricity costs only by 0.7% and the specific cost savings
of further capacity increases decline strongly. Thus, the first hour of
storage capacity brings the largest cost reduction potential (Fig. 10,
right axis). This small increase for large storage capacities indicates that
a large share of DR potential can already be exploited by the scheduling
of the process without this storage capacity. Note that these results lie
in the range of the optimality gap of 1%.

4.4. Discussion

The results show substantial potential for demand response in cop-
per production by operating the process in response to time-varying
day-ahead market electricity prices. In the following, we discuss the
significance and limitations of our results with regard to the underlying
model and briefly outline potential future work.

The scarcity of operating data in the public literature may affect the
results of our model, as we had to derive the relevant parameters of the
process from different literature sources (Ramachandran et al., 2003;
Coursol et al., 2010; Schlesinger et al., 2011). As the representative
copper production process uses the most common technologies applied,
we expect our model to provide a good indication of the DR potential
in copper production. Further, the task-specific impacts and sensitivity
analysis point to specific areas for DR potential and make the results
more applicable. Most importantly, our disclosed model and parameters
are easily adaptable to a specific site, enabling readers with access to
non-publicly available plant-specific data to replicate and update our
analysis.

The parameters from the literature are used as fixed recipes in the
model, such that the operating times and specific material demands
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cannot be adjusted in the scheduling. The reviewed scheduling models
for material throughput optimization implement variable operating
times for tasks and determine more exact operating times. However,
these models typically use continuous-time formulations (cf. Section 3),
which makes implementing time-dependent electricity prices and ma-
terial demands difficult. Further, the respective sources do not fully
disclose the chosen parameters, preventing a direct adoption. While
our model implements time-dependent electricity prices and material
demands and also discloses the used parameters, we see potential in
improving the model by using a finer time grid or input-dependent
operating times. However, this extension requires more detailed oper-
ating data, which we only expect to see in direct collaboration with the
industry.

The electricity prices used are all based on hourly day-ahead elec-
tricity market prices in Germany in 2019. Importantly, the different
two-week time periods show substantial variations in the electricity
costs and DR potential (Fig. 5). Thus, the analysis of local electricity
prices applicable to a plant is necessary to determine the economic
potential for a particular site. Since many copper plants are built near
the coast as they receive ore concentrates by ship, we see a further DR
potential through the possible proximity to offshore wind power.

Our assessment of the DR potential in copper production by schedul-
ing is the first study to analyze the DR potential of an entire representa-
tive copper plant under consideration of dependencies and interactions
between the tasks. Our analysis therefore considerably extends be-
yond existing studies that only consider large electricity consumers,
e.g., electric furnaces and electrorefining. The determined DR poten-
tial shows that the consideration of tasks without direct electricity
demands is required so that connected tasks can operate cost-optimal
when supplying materials or treating by-products. Therefore, additional
process data can help to further refine the model and improve the rep-
resentation of the process interactions. Especially, the offgas handling
and cleaning systems consume large amounts of electricity, which are
required to capture and store the SO, by converting it to sulfuric acid.
However, such capture systems require capital investment and operat-
ing costs, most notably electricity costs. Thus, the local environmental
regulations can have a significant impact on the energy-intensity and
DR potential of the process.

Our approach of formulating a discrete-time RTN to optimally
schedule copper production with DR is consistent with studies in other
industries involving batch production. For example, Ave et al. (2019)
presented a discrete-time RTN model for steel production that mini-
mizes electricity costs based on the day-ahead and intraday electricity
markets, using a non-uniform time grid to reduce computational com-
plexity. Leo et al. (2020) analyzed the DR potential of steel production
including uncertain electricity prices formulating a stochastic MILP
model based on an RTN formulation. When optimizing continuous
production processes, such as air-separation plants (Zhao et al., 2019),
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studies often consider several operating states and transitions between
these states. Some studies even formulate a dynamic optimization prob-
lem and integrate the model with the process control as an economic
model predictive control (Caspari et al., 2019). Other approaches con-
sider data-driven models to represent the dynamics in the process (Tsay
et al., 2019), requiring less computational resources. For future work on
copper production scheduling, the inclusion of non-uniform time grids
and uncertain electricity prices in a discrete-time RTN seem promising
extensions.

5. Conclusions

In this paper, we analyze the demand response (DR) potential of a
representative copper production process. To this end, we formulate
a mixed-integer linear scheduling model based on the discrete-time
Resource-Task Network (RTN) formalism and consider time-varying
electricity prices of the Germany day-ahead market.

The optimization of the production schedule based on day-ahead
market electricity prices reduces the annual electricity cost by up
to 14.2% without reducing the total production volume. Therefore,
the scheduling has substantial economic potential, emphasizing the
potential for DR in copper production. Although technical limitations
are likely to reduce this potential in industrial practice, the shown DR
potential is substantial.

The average load shifted is 2.55 GWh in a two-week schedule hori-
zon, based on the electricity cost-optimized 26 schedules throughout
the year compared to the reference schedule. Considering all optimized
schedules throughout the year, the shifted load amounts to 66.2 GWh
(16.5%).

The sensitivity analysis reveals that the slag-cleaning furnace is the
bottleneck in our process, limiting the production volume. Expand-
ing the respective peak capacity increases the production volume but
slightly reduces the economic DR potential since the rest of the process
has less headroom for load shifting. However, the cost-optimal schedule
is still able to significantly reduce the costs compared to the reference
case.

The electrorefining shows a large DR potential as it is the most
electricity-intensive task, reducing its electricity cost by 7.5% on aver-
age. Increasing the peak capacity by 10% reduces the overall electricity
costs by further 1.2%.

Adding storage capacity to the compressed air and oxygen enables
additional operational flexibility due to the fluctuating demand of the
batch tasks, even without over-capacity of the corresponding supply
tasks. The potential electricity cost reduction could reach up to 0.7%
for large storage capacities of oxygen and compressed air. However,
0.3% cost savings would already been achieved by a storage capacity
equal to only 1h of peak demand.

Debottlenecking the process by increasing the slag-cleaning capac-
ity is shown to increase the production volume but also the specific
electricity cost per ton of product, since DR flexibility is lost. Thus,
optimizing copper production leads to complex trade-offs that require
a comprehensive scheduling model.

Further research could focus on the local conditions of specific plant
sites such as specific process characteristics, local electricity prices, and
environmental regulations. The availability of specific operating data
could also improve the model by enabling the use of a finer time grid
or input-dependent operating times. Further, specific operating data
could allow for the implementation of alternative operating modes.
As the reduction of industrial climate change emissions is a critical
goal, we see additional flexibility in the decarbonization of the process
through Power-to-H,, which indirectly electrifies fossil-fueled energy
demands (Roben et al., 2021).
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Nomenclature

Abbreviations

AF Anode furnace

BC Blister copper

C Converter

Comp. air Compressed air

DES Discrete-event simulation

DR Demand response

DSM Demand side management

EQ Equipment

FF Flash furnace

FR Fire-refining

FS Flash smelting

MC Molten anode copper

MILP Mixed-integer linear program

MT Matte

OHS Offgas handling system

RTN Resource-task network

SCF Slag-cleaning furnace

Sets

iel Tasks

rer Resources

teT Time steps

Parameters

Hirp Resource interaction in relation to activation of
task [-]

Viro Resource interaction in relation to extent of task
[t/t, m?/t, kWh/t, kWh/m?]

T; Operating duration of task i [h]

ep, Electricity prices in time step t [EUR/kWh]

Rf}“x Maximum resource level [t, m3, kWh]

R’r“ti" Minimum resource level [t, m?, kWh]

! max Last time step in 7 [-]

y;max Maximum task size per batch or hour [t, m3,
kwWh]

y;min Minimum task size per batch or hour [t, m?, kWh]

Variables

1, External resource streams [t, m3, kWh]

0; Time relative to the start of task i [h]

it Extent of task i in time step ¢ [t, m3, kWh]

N, Start of task i in time step ¢ [-]

R,, Excess resource level [t, m?, kWh]

Subscripts

0 Initial

ac Anode copper

cast Anode casting

cc Cathode copper

coffg Converter offgas

cofth Converter offgas handling

conv Converting

cyc Resources with cyclical constraint

el Electricity

erf Electrorefining

fref Fire refining

fslg Flash smelting slag

mmff Merge matte flash furnace

mmscf Merge matte slag-cleaning furnace

sc Slag cleaning

tbe Transport blister copper

tmtt Transport matte
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Table A.1

Task operating limits in alphabetical order.
Task Unit*? By B
Air compression m’/h 0 116000
Air separation m3/h 0 27500
Anode casting t/h 67.5 67.5
Converting t 270 270
Converting offgas handling + acid production m’/h 0 155000
Electrorefining® t/h 0 0.803
Fire refining t 270 270
Fire refining offgas handling m’/h 0 101000
Flash smelting® t/h 0 60
Flash smelting offgas handling + acid production m3/h 0 68000
Merge matte flash furnace t 0 450
Merge matte slag-cleaning furnace t 0 150
Slag cleaning t 0 66.67
Transport blister copper t 270 270
Transport matte t 150 150
Transport slag t 0 66.67

2Volumetric units are stated in relation to standard state.

bUnits not given in relation to time refer to a batch of the respective task output.

¢Max. continuous production per section of 20 electrolytic cells based on 380,000t of annual production

(Schlesinger et al., 2011).

Superscripts

max Maximum
min Minimum
ref Reference
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Appendix. Model parameters

Table A.1 shows the operating limits of all tasks in our model.
These parameters refer to one instance of the respective task and are
calculated from Schlesinger et al. (2011).

Since the operating time of the batch processes is fixed, we also
fix the batch size of each task to the typical parameters mentioned
in Schlesinger et al. (2011). The converting batch size is based on
the average batch size, which is stated as 260 to 280t of output
material (Schlesinger et al., 2011). The fire-refining is based on the
stated batch size of anode copper (Schlesinger et al., 2011).

The casting rate of the anode copper is given as 75 to 80 t/h. Thus,
it takes more than three hours to cast the 270t of anode copper. We
round up the casting task to four hours, corresponding to an average
casting rate of 67.5t/h because the minimum time step in our time
grid is one hour. The transport tasks are defined so that they can carry
a charge of the respective material.

The air separation, air compression, and offgas handling are set to
values which do not limit the overall production but which are close
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Table A.2
Number of equipment units in the process in alphabetical order.

Equipment Initial value (R, )

Air compressor 1
Air separation unit 1
Anode furnace 1
Anode furnace offgas handling system 2
Anode furnace with blister copper 1
Anode furnace with molten copper 0
Casting wheel 1
Cell section (with each 20 electrolytic cells) 54
Converter

Converter offgas handling system
Converter with matte

Converter with blister copper
Equipment transport matte
Equipment transport slag

Equipment transport blister copper
Flash furnace

Flash furnace offgas handling system
SCF virtual equipment

[ . S

Table A.3
Excess resource limits in alphabetical order. Resources with a zero limit have to be
directly handled by the following process task.

Resource Unit Ryin Ry
Anode copper t 0 ©
Blister copper in converters t 0 810
Blister copper in anode furnaces t 0 540
Electricity® kWh 0 0
Cathode copper t 0 ©
Compressed air m? 0 0
Converting offgas m? 0 0
Fire-refining offgas m? 0 0
Flash smelting offgas m’ 0 0
Matte t 0 0
Matte in converters t 0 450
Matte in flash furnace t 109 273
Matte in slag-cleaning furnace t 0 149
Molten anode copper in anode furnace t 0 540
Ore concentrate® t 0 0
Oxygen m’ 0 0
Slag in flash furnace t 126 294
Slag in slag-cleaning furnace t 429 515

2Electricity and ore concentrate are inputs to the process.

to the necessary capacity since we have no process-specific data. As we
consider no storage capacity for oxygen and compressed air in the base
scheduling model, headroom of the respective tasks has no effect on the
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Table A.4
Parameters of the continuous tasks for interaction with material v,,, and equipment y;,,. The required equipment units are returned in the
next time step (;,; = 1).

Task/Resource Unit? Value Reference/Comment
Air compression m?/h 116000 Task peak capacity
Air compressor - -1 Equipment
Electricity kWh/m?3 -0.05 Based on Coursol et al. (2010)
Compressed air m3/m?3 1.0
Air separation m?/h 27500 Task peak capacity
Air separation unit - -1 Equipment
Electricity kWh/m3 —0.407 Based on Coursol et al. (2010)
Oxygen m?/m3 1.0
Converting offgas handling m3/h 155000 Task peak capacity
Converter OHSP - -1 Equipment
Electricity kWh/m3 —0.0675 Based on Coursol et al. (2010) and Schlesinger et al. (2011)
Converting offgas m3/m3 -1.0
Electrorefining t/h 0.803 Task peak capacity
Cell section - -1 Equipment
Anode copper t/t -1.124 89% utilization of anodes Schlesinger et al. (2011)
Electricity kWh/t -350 Mean from Schlesinger et al. (2011)
Cathode copper t/t 1.0
Fire refining offgas handling m3/h 101000 Task peak capacity
Anode furnace OHSP - -1 Equipment
Electricity kWh/m3 —0.0085 Based on Coursol et al. (2010) and Schlesinger et al. (2011)
Fire-refining offgas m3/m?3 -1.0
Flash smelting t/h 60 Task peak capacity
Flash furnace - -1 Equipment
Ore concentrate t/t -2.14 Based on Schlesinger et al. (2011)
Oxygen m3/t —344.28 Based on Schlesinger et al. (2011)
Compressed air m3/t —400.72 Based on Schlesinger et al. (2011)
Flash smelting offgas m3/t 976.55 Based on Schlesinger et al. (2011)
Slag in flash furnace t/t 1.38 Based on Schlesinger et al. (2011)
Matte in flash furnace t/t 1.0
Flash smelting offgas handling m3/h 68000 Task peak capacity
Flash furnace OHSP - -1 Equipment
Electricity kWh/m3 —0.1413 Based on Coursol et al. (2010) and Schlesinger et al. (2011)
Flash smelting offgas m3/m?3 -1.0

aVolumetric units are stated in relation to standard state.
bOffgas handling systems are abbreviated as OHS and include the acid production in case of the flash smelting and converting offgases.

Table A.5
Parameters of the converting task based on Schlesinger et al. (2011) and offgas output on Ramachandran et al. (2003).
Veonv.r6 Unit 0=0 0=1 0=2 0=3 0=4 0=5 0= 0= 0= 0=9
Matte t/t -0.556 0 -0.556 0 0 0 0 0 0 0
Comp. air m3/t 0 —-155.6 0 -155.6 -166.7 -166.7 -166.7 -166.7 -166.7 0
Oxygen m3/t 0 -3.94 0 -3.94 —4.22 —4.22 —4.22 —4.22 —4.22 0
C Offgas m3/t 0 574.1 0 574.1 574.1 574.1 574.1 574.1 574.1 0
BCin C t/t 0 0 0 0 0 0 0 0 0 1
Heonv,r,0 -
C with MT - -1 0 0 0 0 0 0 0 0 0
C with BC - 0 0 0 0 0 0 0 0 0 1
Table A.6
Parameters of the fire-refining task based on Schlesinger et al. (2011) and offgas output on Coursol et al. (2010).
Viref 6 Unit 6=0 0=1 0=2 0=3 0=4 6=5
BC in AF t/t -1.0 0 0 0 0 0
Comp. air m3/t 0 -0.722 0 0 0 0
Fire-refining offgas m3/t 0 373.5 373.5 373.5 373.5 0
MC in AF t/t 0 0 0 0 0 1
Hiref,r,0 -
AF with BC - -1 0 0 0 0 0
AF with MC - 0 0 0 0 0 1
Table A.7 operation and DR potential. The impact of the corresponding storage

Parameters of the anode casting task calculated from four hours casting time

- capacity is analyzed in Section 4.3. As explained in Section 3.2, the
(Schlesinger et al., 2011).

offgas handling of the converting is set to the capacity of one converter

Unit 0=0 0=1 0=2 0=3 0=4 . .

Yeastr = blow with two systems available. The transport tasks are set to the

]\A/IHCO;: i\:pper Zt ;1 ;1 1_1 1_1 ? respective batch size which assumes that the corresponding material
can be moved in one hour.

Heastyr0 - The residence time of slag in the slag-cleaning furnace is five

Casting wheel - -1 0 0 0 1 : .

AF with MC ~ 3 o o o o hours (Schlesinger et al., 2011). To represent the operating structure

AF - 0 0 0 0 1 of the furnace, we introduce a transport task which moves the slag
from the flash smelting to the slag-cleaning furnace. While there is only
one slag-cleaning furnace, we implement five equipment resources to
represent the residence time of five hours while new material can be
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Table A.8

Parameters of the slag-cleaning task calculated from Schlesinger et al. (2011).
Veerd Unit 6=0 0=1 0=2 0=3 0=4 6="5
Slag in SCF t/t 0 0 0 0 0 -1
Electricity kWh/t -9 -9 -9 -9 -9 0
Matte in SCF t/t 0.00168 0.00168 0.00168 0.00168 0.00168 0
Hsc,r0 -
SCF virtual equipment - -1 0 0 0 0 1

Table A.9

Parameters of the virtual tasks for merging matte from the flash furnace
and slag-cleaning furnace. The output of these tasks is the matte that is
transported by the following task and allows supplying the converters
with matte from both furnaces.

Merge matte flash furnace

Vmmff,r.0 Unit =0
Matte in flash furnace t/t -1
Matte t/t 1
Merge matte slag-cleaning furnace
Vmmscf,r,0 Unit 6=0
Matte in slag-cleaning furnace t/t -1
Matte t/t 1
Table A.10
Parameters of the transport task handling the matte.
Vet Unit 06=0 =1
Matte t/t -1 0
Matte in converters t/t 0 1
Htmtt,r.0 -
Converter - -1 0
Equipment transport matte - -1 1
Converter with matte - 0 1
Table A.11
Parameters of the transport task handling the slag from the flash furnace.
Vislg.r,6 Unit 0=0 0=1
Slag in flash furnace t/t -1 0
Slag in slag-cleaning furnace t/t 0 1
Hfslg.r.0 -
Equipment transport slag - -1 1
Table A.12
Parameters of the transport task handling the blister copper.
Viber.o Unit 0=0 0=1
Blister copper in converter t/t -1 0
Blister copper in anode furnace t/t 0 1
Htbe,r.0 -
Converter with blister copper - -1 0
Converter - 0 1
Equipment transport blister copper - -1 1
Anode furnace - -1 0
Anode furnace with blister copper - 0 1

added at any time. Thus, the slag-cleaning task can start in each time
step with a corresponding time period of five hours. If started, the slag-
cleaning task consumes electricity over five hours and discards the slag
after this time. The retrieved matte is accumulated and returned to the
primary process chain. To enable use of matte from SCF and FF to start
a converter batch, we implement the virtual tasks merge matte FF and
merge matte SCF. These tasks are given capacities that do not limit
operation.

The matte from the flash furnace is typically charged in the con-
verter in several steps followed by oxidation of the ferrous sulfide
(FeS) in the matte (Schlesinger et al., 2011). In the absence of detailed
process-specific data, we assume that the matte is charged into the
converter in two steps, each followed by one hour of slag blowing
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(Table A.5), as matte is generally charged step-by-step and the slag
blow takes 2 h (Schlesinger et al., 2011).

In Table A.2, we present the number of each equipment available
for our reference plant based on Schlesinger et al. (2011). The converter
and anode furnaces are assumed to start in different states of operation.

The excess resource limits in Table A.3 are based on average ma-
terial limits of our reference production process (Schlesinger et al.,
2011), e.g., the flash smelting and slag-cleaning furnace material limits
are based on the allowed volumes in the furnace multiplied with the
average material densities (Schlesinger et al., 2011). The material limits
for the materials in the converters and anode furnaces are based on
the maximum amount of equipment and material capacity for the
respective material, e.g., two anode furnaces with a batch size of 270t
mean an upper bound of blister copper in anode furnaces of 540t.
To prevent unrealistic storing of material, the transport tasks require
the respective equipment, thus accounting for a vessel holding the
material (cf. Section 3.2) and the corresponding amount of material
being transported.

Table A.4 shows the material interactions of the continuous tasks in
our model while Tables A.5-A.12 present the material interactions of
the batch processes.
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