
Journal of Automation and Intelligence 3 (2024) 129–143

a

b

c

Contents lists available at ScienceDirect

Journal of Automation and Intelligence

journal homepage: www.keaipublishing.com/en/journals/journal-of-automation-and-intelligence/

Research article

Optimal decarbonisation pathway for mining truck fleets
Gang Yu a, Xianming Ye a,∗, Yuxiang Ye b, Hongxu Huang c, Xiaohua Xia a

Department of Electrical, Electronic and Computer Engineering, University of Pretoria, Pretoria 0002, South Africa
School of Economics and Finance, University of the Witwatersrand, Johannesburg 2000, South Africa
School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China

A R T I C L E I N F O

Keywords:
Coal mine
Truck fleet
Carbon emission
Optimal decarbonisation pathway

A B S T R A C T

The fossil fuel powered mining truck fleets can contribute up to 80% of total emissions in open pit
mines. This study investigates the optimal decarbonisation pathway for mining truck fleets. Notably, our
proposed pathway incorporates power generation, negative carbon technologies, and carbon trading. Technical,
financial, and environmental models of decarbonisation technologies are established, capturing regional
variations and time dynamic characteristics such as cost trends and carbon capture efficiency. The dynamic
natures of characteristics pose challenges for using the cost-effective analyses approach to find the optimal
decarbonisation pathway. To address this, we introduce a mixed-integer programming optimisation framework
to find the decarbonisation pathway with minimum life cycle costs during the planning period. A case study for
the optimal decarbonisation pathway of truck fleets in a South African coal mine is conducted to illustrate the
applicability of the proposed model. Results indicate that the optimal decarbonisation pathway is significantly
influenced by factors such as land cost, annual budget, and carbon trading prices. The proposed method
provides invaluable guidance for transitioning towards a cleaner and more sustainable mining industry.
1. Introduction

The mining industry, responsible for 4%–7% of greenhouse gas
(GHG) emissions globally, confronts multifaceted challenges posed by
climate change [1]. The increased frequency and severity of extreme
climate events damage the mining infrastructure. The warm winter
in 2006 shortened the operation time of the ice road transportation
network in northern Canada by nearly a month, forcing the Diavik
diamond mine (owned by Rio Tinto) to change road transportation to
air transportation by spending an extra $ 11.25 million [2]. Climate
change intensifies the pollution caused by mining operations, including
acid mine drainage, soil contamination, and the disruption of ecological
systems, and exacerbates concerns about health hazards within the
local community. For instance, the increased precipitation increases
levels of water in pit lakes and tailings dams, thus contaminating
surface water and shallow groundwater with minerals and mining
wastes [3]. The heavy rainfall events lead to the infiltration of heavy
metals, such as copper and arsenic, from uncontained tailings of copper
mining into residential areas in Nacozari, Mexico [4]. The diminish-
ing annual precipitation, attributed to global warming, escalates the
persisting tensions between the mining industry and food and water
security in Mpumalanga province of South Africa. The province has
almost half of South Africa’s high-potential arable land while over
60% of the province’s surface area either being subject to mining
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rights or prospecting applications [5]. The challenges posed by climate
change, as well as increasing stress from government, investors, and
the public, force mining companies to transition to low-carbon and
sustainable production patterns. The mining transportation fleet is
one of the primary sources of on-site GHG emissions of the mining
industry, which can account for up to 30% of on-site GHG emissions
or up to 80% if the mine is without refinery facilities [6]. In [7],
it is reported that mineral loading and hauling operations account
for 41.4% of total energy consumption and contribute 37.1% of GHG
emissions during coal mineral processing. Therefore, decarbonising the
transportation system is critical for the decarbonisation of the whole
mining production process.

This study explores the optimal decarbonisation pathway for mining
truck fleets. The decarbonisation pathway is a step-by-step plan that
outlines the necessary annual financial and technological investments
to gradually decrease the carbon intensity of truck fleet activities,
ultimately achieving the final decarbonisation goal [8]. Intuitively, the
decarbonisation pathway has a start point and an end point. The start
point involves the current fleet configurations and the corresponding
energy consumption and carbon emissions, usually obtained through
carbon accounting [9]. Meanwhile, the end point represents the desired
fleet configurations with significantly reduced carbon emissions. The
carbon emission target is expected to be consistent with the 1.5 ◦C
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and 2 ◦C targets of the Paris Agreement [10]. The pathway encom-
passes the measures required to traverse from the initial high carbon
intensity fleet to the carbon-neutral or carbon-negative truck fleet, such
as renewable energy integration, carbon capture, and carbon trading.
The object is to create a clear and manageable framework for fleet
stakeholders to understand what types of actions and investments are
needed at what scale and by when in the future.

Early efforts in exploring the decarbonisation of truck fleets pow-
ered by fossil fuels focus on enhancing the energy efficiency of trucks,
optimising logistical systems, and investigating alternative power
sources. The enhancement of truck energy efficiency involves the
improvement of aerodynamics, engine efficiency, transmission, drive-
train, etc [11]. For the logistical systems, energy efficiency is typically
advanced by optimising transportation routes, waiting times, and fleet
sizes, therefore reducing GHG emissions per unit production [12,13].
Optimising logistical systems is a cost-effective approach to achieving
decarbonisation targets in the short term. The cost analysis in [12]
demonstrates that incorporating smart dispatching into an existing fleet
can yield 10%–30% reduction in emissions, and the associated adoption
cost equates to 47% of fleet electrification costs. Nevertheless, it is
imperative to acknowledge that while improvements in the energy
efficiency of trucks and logistical systems can effectively mitigate emis-
sions from truck fleets, achieving a fully zero-emission fleet remains
elusive. For this purpose, alternative power sources for trucks are
developed rapidly, whereas battery electric trucks (BETs) and hydrogen
fuel cell trucks (HFCTs) are regarded as primary alternatives [14–
16]. The life-cycle assessment conducted in [15] indicates that for
Class 8 heavy-duty trucks, battery significantly outperformed other
alternatives including compressed natural gas, biodiesel, and hybrid
in terms of life-cycle costs and environmental impacts. If BETs are
charged by the grid comprising about 10% coal, reductions on fuel
consumption-related emissions and the life-cycle cost surpass 70% and
63%, respectively. Ref. [16] compares the life cycle GHG emissions
from diesel, battery, and hydrogen fuel cell medium-duty urban de-
livery trucks in Singapore. The research indicates that BETs powered
by the 2019 electricity mix have up to 11% lower GHG emissions
than conventional diesel, but doubling battery capacity to meet travel
range requirements results in up to 12% higher emissions. FCTs using
gaseous hydrogen via steam methane reforming achieve 23%–30%
GHG reductions. The optimal replacement strategy for trucks with
alternative power sources is investigated in the literature to determine
the purchasing and salvaging decisions for trucks and the construction
plan of supporting infrastructures like charging stations and hydro-
gen refuelling stations to decarbonise transportation fleets. Ref. [17]
proposes an integer linear program-based cost minimisation solution
for bus fleet electrification while taking battery capacity and charger
type into account. However, the authors ignore the changes in fuel
and energy costs. In [18], a mixed-integer linear programming model
is proposed to support the fleet replacement decision process for
urban freight transport fleets while taking into account several types
of electrified vans including battery electric vehicles, hydrogen fuel
cell vehicles and range extender hybrid electric/hydrogen fuel cell
vehicles and the energy supply infrastructure. In [19], the authors
show a cost-minimising strategic green transition plan for truck fleets,
and the congestion effect at the charging stations and the loss of
time cost due to detours to reach charging stations are considered. In
countries that heavily rely on fossil fuel power generation like China
and South Africa, electrification of truck fleets will increase emissions
if there is no green power generation assisted [20]. Therefore, the
optimal decarbonisation pathway requires investments in green power
generation, which is not considered in previous studies [17–19]. In
addition, the adoption of alternative power sources, while crucial for
mitigating future emissions, faces a critical limitation — it cannot
address the historical emissions of the fleet. A just energy transition
necessitates a comprehensive consideration of historical emissions and
their profound influence on shaping decarbonisation pathway. Address-

ing historical emissions becomes integral in ensuring an equitable and
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balanced transition towards sustainable energy practices [21]. Within
this context, the integration of carbon capture technologies promises
an opportunity to substantially bolster decarbonisation efforts. These
technologies offer the potential to address not only current emissions
but also the historical emissions accumulated by truck fleets. Despite
this potential, their incorporation remains insufficiently explored in
ongoing research initiatives.

Carbon capture technologies are designed to remove CO2 emissions
roduced by various sources before they enter the atmosphere. There
re several types of carbon capture methods, including pre-combustion
apture, post-combustion capture, oxy-fuel combustion, direct air cap-
ure (DAC), and biological carbon capture. The pre-combustion capture
ethod operates on the principle of separating CO2 from carbonaceous

uels such as coal or natural gas before the combustion process occurs.
t converts fuels into hydrogen and carbon monoxide (known as syngas)
y using a gasification process. The syngas are then processed to
eparate the carbon from the hydrogen and other components and
btain pure hydrogen gas for combustion [22]. The post-combustion
apture method separates and captures CO2 from other gases produced
n the combustion process, such as in flue gas from power plants or
ndustrial facilities. To date, post-combustion capture is recognised as
he most established carbon capture strategy with proven pilot projects
nd commercial-scale plants such as Nanko Power Station in Osaka,
apan [23] and Statoil’s Sleipner natural gas processing facility, Nor-
ay [24]. The results in [25] reveal that the net efficiency (the percent
f net output of the plant compared with the fuel’s calorific value) of
oal-fired power plants using carbon capture and storage is about 10%
ower than that of power plants without carbon capture and storage.
he oxy-fuel combustion involves burning fuels in oxygen instead of air,
reating a concentrated CO2 stream that is easier to capture. The biolog-
cal carbon capture technology includes forestation and microalgae and
o on. Forestation involves planting trees to capture CO2 from the atmo-
phere through photosynthesis and storing carbon within forests. The
toring carbon can be categorised into above-ground carbon and below-
round carbon. The above-ground carbon refers to the carbon stored in
ree trunks, branches, leaves, and other visible parts of the plant [26].
elow-ground carbon involves the carbon stored in roots, soil organic
atter, and microbial communities associated with plant roots [27].
hrough the carbon sequestration process, the carbon is transferred
rom plant roots into the soil, where it can remain stored for extended
eriods, contributing to below-ground carbon reservoirs [28]. The costs
f forest carbon sinks exhibit significant regional variations. An analysis
rom [29] shows the carbon sink costs in China’s 32 provinces vary
rom 16.7 $/ton to 1262.7 $/ton, depending on factors such as land
vailability, climate conditions, rotation period, and afforestation costs.
he latest evaluation of the global forest carbon sink potential indicates
total of 328 Gt [30]. Within this estimate, the carbon sink potential
ithin existing forests is 139 Gt, achievable through forest conservation
ractices to facilitate their recovery to mature states. Additionally,
here is a carbon sink potential of 189 Gt in converted lands (areas
here forests have been removed). This potential can be harnessed
y converting farmland and grazing land back into forests, contingent
pon the land-use decisions of local communities. Microalgae is one
f the simplest and most ancient of the photosynthetic plants that
row in the aquatic system. Although microalgae reside in aqueous
nvironments, the efficiency of microalgae using solar energy to fix
arbon dioxide is 10–50 times higher than that of other terrestrial
lants [31]. In addition, microalgae can multiply in a few hours,
uch higher than terrestrial plants, and has strong environmental

daptability. Identifying microalgae strains that exhibit robust traits
uch as high tolerance to CO2 concentrations (exceeding 20%), efficient
O2 fixation rates, and resilience to toxic compounds like NOx, SOx,
nd H2S is crucial for scaling up microalgae-based carbon capture
pplications [32]. Certain strains like Chlorella and Chlorococcum [33]

demonstrate effectiveness in capturing CO2 from both industrial emis-

sions and effluents. The DAC uses a combination of chemical processes
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to capture CO2 directly from the atmosphere, which is independent
of CO2 emission origin and can be deployed anywhere. Sorption DAC
emerges as the primary technical route for the development of DAC
comprehensively considering their advantages and disadvantages of
energy penalty, stability, and cost [34]. In the sorption process, ambient
air passes through the adsorbent, where the contained CO2 is removed
selectively. Then, the adsorbed CO2 is released in a concentrated stream
or further utilisation, while the adsorbent is regenerated, and CO2-lean

air returns to the atmosphere [35]. The selection of sorbents poses the
main challenge to the development of DAC. It requires robust chemical
stability and sustained sorption performance even after undergoing
thousands of loading and unloading cycles [36]. Moreover, the low
CO2 concentration in the atmosphere requires large loading sorbents
and high energy demand in the regeneration process, which lead to the
costs of DAC are expected to be considerably higher than the discussed
CO2 capturing alternatives. Two groups of sorbents can be identified as
most promising, from a technical and economic perspective. The first
is based on using water solutions containing hydroxide sorbents with a
strong affinity for CO2, such as sodium hydroxide, calcium hydroxide,
nd potassium hydroxide. The second uses amine materials bonded to
porous solid support [37]. A wider range of solid sorbents are being

nvestigated (e.g. ionic membranes, zeolites, solid oxides), but are still
t the research stage.

This study investigates the optimal decarbonisation pathway for
ine truck fleets, minimising the life cycle cost (LCCs) during the plan-
ing period. The identified decarbonisation technologies encompass
lternative power sources for trucks, renewable energy power gener-
tion, carbon capture technology, and carbon trading. Considering the
ynamic characterise of cost trends and carbon capture efficiency of
ecarbonisation technologies, an optimisation framework is introduced
or the optimal decarbonisation problem. The decision variables are
he type and scale of decarbonisation strategies invested each year.
he investment budget of each year, capacity limitations, and the
ecarbonisation target constrain this problem. Compared to existing
esearch, the contribution of this study is summarised as follows:

• The proposed optimal decarbonisation pathway considers renew-
able energy power generation, carbon trading, and carbon capture
technologies, including forestation, microalgae, and direct air
capture.

• Technical, financial, and environmental performances of decar-
bonisation strategies are modelled. The established models cap-
ture regional variations and dynamic characteristics such as cost
trends and carbon capture efficiency.

• Considering the dynamic characteristics of truck fleets and decar-
bonisation technologies, a mixed integer programming model is
established to seek the optimal decarbonisation pathway of the
mining truck fleet.

The rest of this study is organised as follows. Section 2 details the
ethodology to find the optimal decarbonisation pathway for mining

ruck fleets. Section 3 proposes the energy consumption and carbon
mission models for truck fleets and technical, financial, and envi-
onmental models for decarbonisation technologies. An optimisation
ramework is formulated in Section 4 to explore the optimal decar-
onisation pathway with minimum LCCs. A case study is presented in
ection 5. Section 6 concludes this study.

. Methodology

The methodology to obtain the optimal decarbonisation pathway for
he mining truck fleet is described in Fig. 1. The detailed steps are as
ollows:

Step 1: Determine the decarbonisation target. Generally, two key
ime nodes including years achieving zero carbon emission and cumu-
ative carbon emissions are considered when formulating the decarbon-

sation target. Annual net carbon emissions (carbon neutrality) refer to
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the total amount of CO2 emitted each year by a region or industry,
calculated from the difference between annual carbon emissions and
annual carbon emission reduction [38]. The next step after achiev-
ing carbon neutrality is to achieve zero cumulative carbon emissions,
thereby making up for all CO2 ever emitted. This target is proposed
in [39]. The cumulative carbon emission is defined as the sum of CO2
emitted since the base year. According to the GHG Protocol Corporate
Standard [9], the base year is a year for which verifiable carbon
emissions data are available. In this study, we assume that the base
year for the truck fleet is 2023.

Step 2: Collect data. Related data includes weather data, energy
price data, equipment parameters, and emission factors. The weather
data includes the global horizontal irradiance (GHI), the photosyn-
thetically active radiation (PAR), temperature, and wind speed of the
location of the coal mine. The energy price data includes the price
of diesel, grid electricity, green hydrogen, PV, wind turbines, trucks,
carbon capture technologies, and carbon trading. The equipment pa-
rameters include fuel economy factors of trucks with different power
sources, the annual mileage of trucks, and the number of trucks in the
fleet. The emission factors of diesel, grid electricity, and hydrogen are
required.

Step 3: Model the annual energy consumption and carbon emission
of the mining truck fleet. This study involves Scope 1 and Scope 2 car-
bon emissions defined in the GHG Protocol Corporate Standard [9]. It
divides an organisation’s emissions into three scopes. Scope 1 includes
emissions that result from activities within the mine transportation
fleet’s control. Scope 2 is the indirect emissions from the electricity
that the fleet owners purchase and use. Scope 3 emissions are indirect
emissions along the entire value chain attributable to the truck fleet and
are not within the direct control of the mining truck fleet’s operation.
The reduction of Scope 3 emissions necessitates adjustments to the coal
supply chain and changes in the behaviour of coal consumers [40].
However, as these emissions are not directly related to the day-to-day
operation of the mining truck fleets, they are not included in the scope
of this study.

Step 4: Evaluate the technical, financial, and environmental perfor-
mances of decarbonisation technologies, including renewable energy
(solar and wind energy) and negative carbon technology (forestation,
microalgae, and DAC).

Step 5: Establish an optimisation framework to obtain the optimal
investment schedule for various decarbonisation technologies. The ob-
jective function aims to minimise the LCC of the truck fleet throughout
the planning duration, considering investment cost, O&M cost, land
cost, grid electricity cost, carbon trading cost, and carbon tax. The
optimisation problem is constrained by the decarbonisation target,
annual budget, required annual productivity, etc.

Step 6: Analyse the obtained optimal decarbonisation pathway in
terms of carbon emission and cost.

3. Modelling of decarbonisation strategies

This section models the annual energy consumption and carbon
emission of trucks, the technical, financial, and environmental per-
formance of renewable energy and negative carbon technology, and
carbon trading, using a coal mine in South Africa as an example. Due to
different raw material costs, labour costs, and climate conditions, these
performances differ across countries, but the evaluation methodology
is general.

3.1. Energy consumption and carbon emission modelling of trucks

This section models the annual energy consumption and carbon
emissions of the truck fleet. As mentioned before, this study focuses
on Scopes 1 and 2 emissions. All carbon emissions of the truck fleet
are from energy consumption including fuel combustion and electricity

consumption. Generally, the energy consumption of trucks can be
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Fig. 1. Methodology of this research.
obtained through the fuel economy factor [41] or the vehicle dynamic
model [42]. The fuel economy factor approach calculates the annual
energy consumption of the fleet based on the annual mileage and
corresponding fuel economy factors. The fuel economy factors vary
in terms of types of trucks and usage scenarios. The vehicle dynamic
model approach calculates energy consumption based on real-time
operation parameters including vehicle speed, payload, and road con-
dition [42]. The vehicle dynamic model approach is believed to have
higher accuracy than the fuel economy approach but relies on massive
real-time operational data. In contrast, the fuel economy approach only
used fewer data (typically annual mileage) for calculation. Therefore,
this study adopts the fuel economy approach to calculate energy con-
sumption and carbon emissions. Denote a set  = {di(esel), ba(ttery),
hy(drogen)}. The annual energy consumption of one truck is calculated
by

𝐹𝑣 = 𝑀𝑞𝑣, 𝑣 ∈  , (1)

where 𝑀 is the annual mileage of one truck and 𝑞𝑣 is the fuel economy
of trucks with different power sources. The annual carbon emission of
one truck is calculated by

𝐸𝑚𝑡
𝑣 = 𝐹𝑣𝑧𝑣, 𝑣 ∈  , (2)

where 𝑧𝑣, 𝑣 ∈  represent the emission factors of diesel, electricity, and
hydrogen. The values of 𝑞𝑣 and 𝑧𝑣 are given in Table 1.

Table 1
Fuel economy and emission factors for diesel trucks, BETs, and HFCTs.

Diesel Battery Hydrogen

Fuel economy 15.6 litre/km 55.6 kWh/km 3.7 kg/km
Emission factor 2.7 kg CO2/litre 0.99 kg CO2/kWh 0 kg CO2/kg
132
In practice, the annual mileage of trucks 𝑀 is easily obtained from
the truck’s dashboard. However, this data is not available in this study,
thus we have to use analytical methods. Intuitively, the annual mileage
is related to the annual coal handling demand 𝐺, the capacity of the
truck fleet, and the distance between load and dump points 𝐷. Then,
the annual mileage of one truck is estimated as

𝑀 = 2𝐺𝐷
𝑁𝐶

, (3)

where 𝑁 is the number of trucks in the fleet and 𝐶 represents the
tramming capacity of one truck. The proposed model examines the
relationship between energy consumption and annual mileage, incor-
porating two key parameters: fuel economy factors and truck annual
mileage. It is essential to recognise that unmodelled dynamics, such as
load weight, idling, and terrain characteristics, introduce uncertainties.
These uncertainties are addressed by converting them into variations in
the values of fuel economy factors. The development of fuel economy
factors exceeds the scope of this study, refer to related research for
more details [43]. Consequently, we adopt the results in [7,44], derived
from actual coal mine operation data.

In the case study, sensitivity analysis is conducted to investigate the
impact of annual mileage uncertainty on the optimal decarbonisation
pathway.

3.2. Modelling of PV and wind energy power generation

The annual power generation of PV system is given by

𝑊0 = 𝜂𝑝𝑣𝐻𝑠𝑖𝐴𝑝𝑣, (4)

where 𝐻𝑠𝑖 is the annual total solar irradiation on the PV array in
−2
kWh⋅m , 𝜂𝑝𝑣 is the panel efficiency, and 𝐴𝑝𝑣 is the installed area of
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Fig. 2. The GHI and wind speed in the region of interest.
he PV system. The production energy of PV systems is affected by
egradation. Let 𝑑𝑝𝑣 be the degradation factor, the energy generated
y solar panels of age 𝑗 is given by
𝑝𝑣
𝑗 = 𝑊0(1 − 𝑑𝑝𝑣)𝑗−1. (5)

The power output of one wind turbine is calculated as

𝑤𝑑 =

⎧

⎪

⎨

⎪

⎩

1
2𝜌𝐴𝑏𝑣̄3, 𝑣𝑐𝑖𝑛 < 𝑣̄ < 𝑣𝑟,
1
2𝜌𝐴𝑏𝑣3𝑟 , 𝑣𝑟 < 𝑣̄ < 𝑣𝑐𝑜𝑢,

0, otherwise ,

(6)

here 𝑣̄, 𝑣𝑟, 𝑣𝑐𝑖𝑛, 𝑣𝑐𝑜𝑢 are instantaneous, rated, cut-in and cut-out wind
peeds, respectively (in m⋅s−1). 𝐴𝑏 is the swept area of the blades.
ssume 𝑣̄ following a distribution 𝑓𝑤𝑑 (𝑣̄), the wind power production

s given by

𝑤𝑑 = ∫𝑃
𝑤𝑑 (𝑣̄)𝑓𝑤𝑑 (𝑣̄)d𝑣̄. (7)

imilar to the PV system, let 𝑑𝑤𝑑 be the degradation factor of wind
urbines, the energy generated by one wind turbine of age 𝑗 is given
y
𝑤𝑑
𝑗 = 8760𝐷𝑤𝑑 (1 − 𝑑𝑤𝑑 )𝑗−1. (8)

The solar irradiance and wind speed of the location of the coal
ine can be obtained from NASA’s POWER Project [45]. The climate
ata from 2020/01/01 to 2020/12/31 including hourly average GHI
nd wind speed are shown in Fig. 2. Then, we can calculate 𝐻𝑠𝑖 =
972 kWh⋅m−2. The efficiency of solar panels is highly related to the
aterials of the panels. IEA’s report reveals that crystalline polysilicon

emains the dominant technology for PV modules, with over 95% mar-
et share [46]. Therefore, the crystalline polysilicon panel is adopted in
his study. The efficiency is 19%–22% [47]. In this study, 𝜂 = 22%. The
egradation factor is 0.7% [48]. The wind speed follows the Weibull
istribution with 𝑘 = 2.23, 𝑐 = 5.95, obtained by Matlab Distribution
itter Toolbox. According to the review in [49], the 𝑣𝑟, 𝑣𝑐𝑖𝑛, 𝑣𝑐𝑜𝑢𝑡 are
elected as 4 m⋅s−1, 13.5 m⋅s−1, and 25 m⋅s−1. The O&M costs for PV
nd onshore wind energy are 5% of their installation costs [50]. The
seful lifespan is 20 years.

The learning curve approach is widely employed in technology and
nnovation to forecast the cost reduction of new products as more units
f a product are manufactured [51]. In this study, it is used to calculate
he installation cost for PV and wind turbines. The learning curve model
s given as follows

𝑡 = 𝑐𝑡0

(

𝑞𝑡
𝑞𝑡0

)
ln (1−𝐿𝑅)

ln 2

, (9)

where 𝑐𝑡 represents the installed costs of PV and onshore wind energy
in year 𝑡, and 𝑞 represents the total installed capacities of PV and
𝑡

133
onshore wind energy. 𝐿𝑅 is the learning rate. According to [52], the
learning rates over the last 40 years are around 20% for solar PV,
and 10% for wind energy, respectively. The global average installed
costs for renewable energy for 2022 are sourced from the International
Renewable Energy Agency (IRENA) [53], 876 $/kW for solar PV and
1274 $/kW for onshore wind, respectively. The historical installation
capacities from 2013 to 2022 for PV and onshore wind energy are
obtained from [54]. Linear and quadratic function models are used
to fit the growth trends of PV and onshore wind energy installed
capacity, respectively, as shown in Fig. 3. The installed capacities from
2023 to 2050 for PV and onshore wind energy are obtained based on
their trend lines. Then, the installation cost for PV and onshore wind
energy can be obtained according to (9). The results are summarised in
Fig. 4.

Fig. 3. Global PV and onshore installed capacity from 2013 to 2022.

Fig. 4. Global PV and onshore installed cost forecasting from 2023 to 2050.
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3.3. Modelling of negative carbon technology

3.3.1. Forestation
According to [55], the increase in total carbon stock including both

above- and below-ground carbon following forestation (ton per hectare)
is given by

𝐸̄𝑓
𝑗 = 0.00025𝑗3 − 0.05835𝑗2 + 5.815𝑗, (10)

where 𝑗 is the age of the forest. Then, the annual capture amount by
the forest can be calculated as

𝐸𝑓
𝑗 =

⎧

⎪

⎨

⎪

⎩

44
12 𝐸̄

𝑓
𝑗 , 𝑗 = 1,

44
12 (𝐸̄

𝑓
𝑗+1 − 𝐸̄𝑓

𝑗 ), 𝑗 ≥ 2.
(11)

According to [56], the forestation cost is $ 5774.86 per hectare.

3.3.2. Microalgae cultivation
The regulation of microalgal growth hinges upon crucial parameters

such as temperature, nutrient concentration, light intensity, CO2 and O2
oncentrations, pH, and salinity [57]. Literature contributes extensively
y developing growth kinetic models that account for single and mul-
iple influencing factors, see reviews in [58]. In the context of outdoor
ultivation, temperature and light intensity emerge as paramount reg-
lators governing microalgal growth and exhibit substantial regional
ariations [59]. Recognising this, kinetic models tailored to these two
actors are used in this study to adapt to the specific requirements
f mines in different areas [60,61]. The growth kinetic model of
icroalgae in an open pond is given as

d𝐶𝑏
d𝑡

=
𝜙𝐿(𝑡)𝜙𝑇 (𝑡) ∗ 𝑃𝐴𝑅(𝑡) ∗ 𝜙𝑝ℎ𝑜𝑡𝑜𝑛𝐴𝑐

𝑉
+

𝑅(𝑡)
𝑉

, (12)

here 𝐶𝑏 is the concentration of biomass in g⋅m−3, 𝑉 is the volume
n m3, 𝑅(𝑡) is the respiratory decay rate in g⋅s−1, 𝜙𝑝ℎ𝑜𝑡𝑜𝑛 = 1.5 g⋅mol−1

represents the photon efficiency, 𝑃𝐴𝑅(𝑡) is the rate of photosynthetic
spectrum photon incidence (in μmol⋅m−2⋅s−1), which represents the
spectral range of solar radiation from 400 to 700 nm that photosyn-
thetic organisms can use in the process of photosynthesis. Generally,
the ratio of PAR to GHI is between 0.41–0.57 across locations in South
Africa [62] (1 μmol⋅m−2⋅s−1 = 4.57 W⋅m−2). 𝐴𝑐 is the culture area in
m2, while 𝜙𝐿(𝑡) and 𝜙𝑇 (𝑡) represent dimensionless efficiency factors
dependent on the incident light intensity, and reactor temperature,
respectively. The average light intensity is given by

𝐼𝑎𝑣𝑒 =
1
𝐴𝑑 ∫

𝐴𝑑

0
𝐺𝐻𝐼𝑒−𝐾𝑒𝑠d𝑠, (13)

here 𝐴𝑑 is the pond depth in metres, and 𝐾𝑒 is the extinction coeffi-
ient of the microalgae culture. In [63], 𝐾𝑒 = 0.32 + 0.03𝐶𝑏. Then, the
ight efficiency is given by

𝐿 =
𝐼𝑎𝑣𝑔
𝐼𝑠𝑎𝑡

exp (1 −
𝐼𝑎𝑣𝑔
𝐼𝑠𝑎𝑡

), (14)

where 𝐼𝑠𝑎𝑡 represents the saturation light intensity in W⋅m−2.
The temperature efficiency is modelled by

𝑇 =
(𝑇𝑤(𝑡) − 𝑇max)(𝑇𝑤(𝑡) − 𝑇min)2

(𝑇𝑜𝑝𝑡 − 𝑇min)[𝑔1(𝑇𝑤(𝑡)) − 𝑔2(𝑇𝑤(𝑡))]
, (15)

𝑔1(𝑇𝑤(𝑡)) = (𝑇𝑜𝑝𝑡 − 𝑇min)(𝑇𝑤(𝑡) − 𝑇𝑜𝑝𝑡), (16)

𝑔2(𝑇𝑤(𝑡)) = (𝑇𝑜𝑝𝑡 − 𝑇max)(𝑇𝑜𝑝𝑡 + 𝑇min − 2𝑇𝑤(𝑡)), (17)

where 𝑇𝑤(𝑡) is the water temperature, and 𝑇𝑚𝑖𝑛, 𝑇𝑚𝑎𝑥, and 𝑇𝑜𝑝𝑡 are
the minimum, maximum, and optimal temperatures for the cultured
microalgae, respectively.

The respiratory loss decay rate is given by

𝑅(𝑡) =

{

𝐶𝑏
ln(1−𝜅)
3600Δ𝑡 𝑉 𝜙𝑇 (𝑡), if 𝐺𝐻𝐼 ≥ 5, (18)
0, if 𝐺𝐻𝐼 < 5,
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able 2
arameters of microalgae production model [60,61].
Parameters Values Units

Saturation light intensity 𝐼𝑠𝑎𝑡 294.12 μmol⋅m−2⋅s−1

Maximum temperature 𝑇max 42 ◦C
Minimum temperature 𝑇min 5 ◦C
Optimal temperature 𝑇𝑜𝑝𝑡 27 ◦C
Dark loss 𝜅 4.5 % AFDW
Depth of the pond 𝐴𝑑 2 m
Area of the pond 𝐴𝑐 1 m2

where 𝜅 represents the biomass loss [% AFDW] over the entire dark
eriod, and Δ𝑡 is the length of the dark period in hours.

The thermal model of an open pond is given by

𝐶𝑠𝑉
d𝑇𝑤
d𝑡

=
∑

𝑄𝑖, (19)

where 𝜌 represents the culture density, 𝐶𝑠 is the culture-specific heat in
J⋅kg−1⋅K−1, and ∑

𝑄𝑖 is the sum of all relevant heat fluxes, including
𝑄𝑠𝑜𝑙, 𝑄𝑎𝑖𝑟, 𝑄𝑔𝑟𝑜, 𝑄𝑟𝑎𝑑 , 𝑄𝑐𝑜𝑛, 𝑄𝑒𝑣𝑎, and 𝑄𝑖𝑛𝑓 . They are defined as follows.

The heat transfer due to direct irradiance of the open raceway pond
surface is given by

𝑄𝑠𝑜𝑙 = (1 − 𝑓𝑠)𝐺𝐻𝐼𝑎𝑐𝑢𝑙𝑡𝑢𝑟𝑒𝐴𝑐 , (20)

where 𝑓𝑠 = 0.025 represents the fraction of sunlight converted into
chemical energy by the microalgae during photosynthesis, and 𝑎𝑐𝑢𝑙𝑡𝑢𝑟𝑒 =
0.82 denotes the absorptivity of microalgae culture.

The air radiation heat flux is

𝑄𝑎𝑖𝑟 = 𝜅𝑤𝜅𝑎𝜎𝑇
4
𝑎 𝐴𝑐 , (21)

where 𝜅𝑤 = 0.97 and 𝜅𝑎 = 0.85 are the emissivities of the microalgae
and water mixture and air, respectively. 𝜎 is the Stephan-Boltzmann
constant. 𝑇𝑎 is the ambient temperature.

The ground conduction heat flux

𝑄𝑔𝑟𝑜 = −𝜖𝑡
(𝑇𝑤 − 290)

𝐴𝑑
𝐴𝑐 , (22)

where 𝜖𝑡 = 1.4 is the thermal conductivity of concrete.
The pond radiation heat flux

𝑄𝑟𝑎𝑑 = −𝜎𝜅𝑤𝑇 4
𝑎 𝐴𝑐 . (23)

The convection at the pond surface is given by

𝑄𝑐𝑜𝑛 = 𝜃𝑐 (𝑇𝑎 − 𝑇𝑤)𝐴𝑐 , (24)

where 𝜃𝑐 is the convection coefficient.
The evaporation and evaporative cooling heat flux is modelled as

𝑄𝑒𝑣𝑎 = −𝜖𝑒𝑙𝑤𝐴𝑐 , (25)

where 𝜖𝑒 is the evaporation rate in kg⋅m−2⋅s−1. For the determination
of 𝜖𝑒 and 𝜃𝑐 , please refer [64]. 𝑙𝑤 = 2.45 × 106 J⋅kg−1 is the latent heat
of water.

The inflow heat flux is

𝑄𝑖𝑛𝑓 = 𝐶𝑝𝜖𝑒(𝑇𝑎 − 𝑇𝑤), (26)

where 𝐶𝑝 = 4184 J⋅kg−1⋅K−1 is the specific heat capacity of the mi-
croalgae slurry.

The model parameters are given in Table 2. The temperature and
PAR data can be obtained from NASA’s POWER Project [45], shown in
Fig. 5. Then, the microalgae productivity per m2 per day is calculated
as 13.82 g in Spring, 13.97 g in Summer, 12.24 g in Autumn, and 7.72 g
in Winter.

The annual amount of CO2 absorbed by 1 m2 microalgae in an open
pond (kg⋅year−1) is estimated as

𝐸 = 36544Δ𝐶 𝐶 , (27)
𝑎 12 𝑏 𝑐
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Fig. 5. The PAR and temperature in the region of interest.
here Δ𝐶𝑏 is the average daily productivity of microalgae per m2, 𝐶𝑐
s the carbon content ratio in microalgae. According to the equivalent
hemical formula of microalgae CO0.48H1.83N0.11P0.11, 𝐶𝑐 is calculated

as 45.35 wt%.
The main capital costs of open raceways include the cost of pad-

dlewheels, liners for the pond as well as pond covers. The water
consumption of algae cultivation ranged from 4.59 m3⋅m−2⋅year−1 in a
tropical climate to 6.39 m3⋅m−2⋅year−1 in an arid climate, which consti-
utes a relatively minor portion of the overall operational costs [65,66].
he costs of nutrients, maintenance, harvesting, and dewatering costs
re the major contributors to the operation costs. According to the
alculation in [66], the capital cost and operating costs for microalgae
ultivation in open raceway ponds are 0.7959 $/m2 and 2.4745 $/m2,

respectively. The learning rate of algae is 12.4% [67]. The historic
global algae production data from 1950 to 2019 is obtained from [68]
as shown in Fig. 6. The global algae production forecasting from 2024
to 2050 is based on the trend line, where the quadratic function is
employed to fix the historic global algae production data. The capital
cost and operation cost of algae cultivation are shown in Fig. 6.

Fig. 6. Cost of microalgae cultivation.

3.3.3. Direct air capture
This section models the solvent-based DAC systems. During the

operation of solvent-based DAC systems, 80% of the required energy is
in the form of high-temperature thermal energy (largely for calcination)
and 20% of the required energy is electricity (largely for compressors,
pumps, and fans). The utilisation of both electricity and natural gas
contributes to the main operational costs. Since there is no reliable data
source for the historical price of natural gas, a variant outlined in [69]
is considered: DAC powered by fossil-fuel-free electricity, using electric
resistance heating to meet thermal energy needs. When operating with
grid-powered electricity, the total operation cost of capturing 1 ton CO2
is calculated as

𝑐𝑜𝑝𝑒 = 𝑝 𝑊 𝑑𝑎𝑐 + 𝑟𝑐𝑐𝑎𝑝 , (28)
𝑑𝑎𝑐 𝑔𝑟𝑖𝑑 𝑒 𝑑𝑎𝑐
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where 𝑊 𝑑𝑎𝑐
𝑒 are the electricity consumed when capturing 1 t CO2. 𝑟𝑐

𝑐𝑎𝑝
𝑑𝑎𝑐

represents the cost of maintenance, labour, and chemical consumption.
Considering the emission of grid electricity, the net amount of CO2
captured is calculated by

𝐸𝑑𝑎𝑐 = 1 − 𝑒𝑔𝑟𝑖𝑑𝑊
𝑑𝑎𝑐
𝑒 . (29)

When the DAC is powered by the green power generation, 𝐸𝑑𝑎𝑐 = 0
ton. According to [69], the capital cost of DAC is 2027 $/ton including
contactor, air contactor, regeneration system, and compressor, and
𝑊 𝑑𝑎𝑐

𝑒 = 2628 kWh/ton. Estimating future DAC cost requires three
fundamental input datasets: (1) The initial DAC cost; (2) The historic
and future cumulative DAC capacity demand; and (3) The learning
rates for DAC systems. In this study, the prediction of DAC capacity is
obtained from IEA’s report [70]. Since the global deployment of DAC is
still in its early stages, the learning rate is 15% based on the estimation
in [71], which is experienced from comparable technologies including
water electrolysers (18%), seawater reverse osmosis desalination (15%,
lithium-ion battery systems (12%–17%).

3.4. Carbon trading

The carbon trading system builds a ready market for carbon permits
helping companies to trade so that they can meet their allocated
emission limit. At the end of each year, each company is required
to ensure they have enough carbon permits to cover their emissions.
Companies have the flexibility to purchase additional carbon permits
from the market. Those companies with carbon permits left over can
sell them or save them for future use.

Although the carbon trading system has not been established yet in
South Africa, the impact of the carbon trading system can be investi-
gated by referring to other countries’ carbon trading prices. Currently,
the carbon trading price varies a lot in different countries. Accord-
ing to the World Bank’s data [72], this study roughly categorises
countries/regions into three types in terms of carbon prices, namely
countries/regions with low carbon prices, middle carbon prices, and
high carbon prices. As shown in Table 3, China, Regional Greenhouse
Gas Initiative (RGGI, United States), and Korea are countries with low
carbon prices, the carbon prices vary from $ 8.15–$ 15.39 in 2023.
Austria, Canada, and New Zealand are countries with middle carbon
prices. The carbon prices vary from $ 34.2–$ 48.03 in 2023. European
Union (EU), United Kingdom (UK), and Switzerland have the highest
carbon prices. The carbon prices vary from $ 88.13–$ 96.3 in 2023. This
study selects RGGI, New Zealand, and the EU as references for carbon
prices. The historical carbon trading prices and fitting trendlines of the
three countries/regions are shown in Fig. 7. The fitting results are given

in Table 3.
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Table 3
Carbon prices in different countries.

Scenario Representative country Price in 2023 ($/ton) Trendline of carbon price 𝑅2

Low price China, RGGI, Korea 8.15–15.39 𝑐𝑐𝑡𝑖 = 1.6981𝑖2 − 11.813𝑖 + 22.185 0.9469
Middle price Austria, Canada, New Zealand 34.2–48.03 𝑐𝑐𝑡𝑖 = 1.3807𝑖1.3548 0.9257
High price EU, UK, Switzerland 88.13–96.3 𝑐𝑐𝑡𝑖 = 0.2282𝑖2 − 1.7684𝑖 + 6.9499 0.8794

*Trend lines correspond to countries using bold.
Fig. 7. Carbon prices in EU, RGGI, and New Zealand from 2013 to 2023.

. Optimisation problem formulation

The previous section presents technical, financial, and environmen-
al models of decarbonisation technologies. Importantly, these models
re able to capture regional variations and dynamic characteristics such
s cost trends and carbon capture efficiency. In addition, other dynamic
arameters like energy and fuel costs influence the optimal decision.
he dynamic nature of these aspects complicates the identification of
n optimal decarbonisation pathway through the cost-effective analysis
pproach used in [73]. To address this, we propose a mixed-integer
rogramming optimisation based framework designed to optimise the
ecarbonisation pathway.

The objective function aims to minimise the LCC of decarbonisa-
ion strategies across 𝐾ℎ years. To enable the formulation, we de-
ine sets  = {pv,wi(nd), fo(restation),mi(croalgae),da(c)} and  =
{di(esel), ba(ttery),hy(drogen)}.

min LCC =
𝐾ℎ
∑

𝑘=1

1
(1 + 𝑟)𝑘

( 
∑

𝑖

𝑠𝑖
∑

𝑗=1
𝑐,𝑘𝑖,𝑗 𝑋𝑘

𝑖,𝑗 +

∑

𝑣

𝑠𝑣
∑

𝑗=1
𝑐 ,𝑘𝑣,𝑗 𝑌

𝑘
𝑣,𝑗 +


∑

𝑖

𝑠𝑖
∑

𝑗=1
𝑙𝑖𝑋

𝑘
𝑖,𝑗+

𝑐𝑘𝑐𝑡𝐸
𝑘
𝑐𝑡 + 𝑐𝑘𝑡𝑎𝑥 max{𝐸𝑘, 0} + 𝑐𝑘𝑔𝑟𝑖𝑑𝑋

𝑘
𝑔𝑟𝑖𝑑 −


∑

𝑖

𝑠𝑖
∑

𝑗=1
𝑞𝑖 𝑆

,𝑘
𝑖,𝑗 −


∑

𝑣

𝑠𝑣
∑

𝑗=1
𝑞𝑣 𝑆

 ,𝑘
𝑣,𝑗

)

.

(30)

The objective function (30) contains six parts: investment and op-
eration costs of carbon reduction technologies and trucks, land rent
costs, carbon trading costs, carbon tax, electricity costs, and salvage
values of decarbonisation technologies and trucks. The implementation
of renewable energy power generation and negative carbon technolo-
gies demands a substantial amount of land, potentially exceeding the
available land area within the mines. To address this, we incorporate
the land rent cost into the objective function, which enables mines
to lease extra land for the deployment of renewable energy power
generation and negative carbon technologies. 𝑙𝑖 is the land use factor. 𝑟
is the discount rate. 𝑋𝑘

𝑖,𝑗 , 𝑌
𝑘
𝑣,𝑗 , 𝐸

𝑘
𝑐𝑡, 𝐸𝑘, 𝑋𝑘

𝑔𝑟𝑖𝑑 , 𝑆,𝑘
𝑖,𝑗 and 𝑆 ,𝑘

𝑣,𝑗 are decision
variables, 𝑖 ∈ , 𝑣 ∈  . 𝑋𝑘

𝑖,𝑗 is a continuous variable that represents
the installed capacity of 𝑖th technology with age 𝑗 in year 𝑘. 𝑌 𝑘

𝑣,𝑗 is
an integer variable that represents the number of purchased 𝑣th type
vehicles with age 𝑗 in the fleet in year 𝑘. 𝐸𝑘

𝑐𝑡 is the amount of carbon
sink brought from the carbon trading market in year 𝑘. 𝐸𝑘 is the
net emission of the mining truck fleet in year 𝑘. 𝑋𝑘

𝑔𝑟𝑖𝑑 is the amount
of purchased electricity from the grid in year 𝑘. 𝑆,𝑘 and 𝑆 ,𝑘 are
𝑖,𝑗 𝑣,𝑗
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continuous variables and integer variables that represent the retired
capacity of 𝑖th technology with age 𝑗 in year 𝑘 and numbers of 𝑣th
type of vehicles with age 𝑗. 𝑐,𝑘𝑖,𝑗 and 𝑐 ,𝑘𝑣,𝑗 are the unit investment or
operation cost of 𝑖th type of technology and 𝑣th type of truck with age
𝑗 in year 𝑘. 𝑐𝑘𝑐𝑡 is the carbon trading price in year 𝑘. 𝑐𝑘𝑡𝑎𝑥 is the carbon
tax rate in year 𝑘. 𝑐𝑘𝑔𝑟𝑖𝑑 is the price of electricity brought from the grid.
𝑠𝑖 and 𝑠𝑣 represent the useful lifespans of 𝑖th type of technology and
𝑣th type of trucks, respectively. 𝑞𝑖 and 𝑞𝑣 are the salvage value of
𝑖th type of technology and 𝑣th type of trucks, respectively. There is a
nonlinear term max{𝐸𝑘, 0} in the objective function. It can be linearised
by introducing a new continuous decision variable 𝑢𝑘 = max{𝐸𝑘, 0}. 𝑢𝑘
satisfies

𝑢𝑘 ≥ 𝐸𝑘, (31)

𝑢𝑘 ≥ 0. (32)

The following constraints are satisfied

𝑋𝑘
𝑖,𝑗 = 𝑋𝑘−1

𝑖,𝑗−1 − 𝑆,𝑘
𝑖,𝑗 , 𝑗 = 2,… , 𝑠𝑖, (33)

𝑌 𝑘
𝑣,𝑗 = 𝑌 𝑘−1

𝑣,𝑗−1 − 𝑆 ,𝑘
𝑣,𝑗 , 𝑗 = 2,… , 𝑠𝑣, (34)

𝑆,𝑘
𝑖,𝑗 ≤ 𝑋𝑘−1

𝑖,𝑗−1, 𝑗 = 2,… , 𝑠𝑖, (35)

𝑆 ,𝑘
𝑣,𝑗 ≤ 𝑌 𝑘−1

𝑣,𝑗−1, 𝑗 = 2,… , 𝑠𝑣, (36)

𝑆,𝑘
𝑖,1 = 0, 𝑆 ,𝑘

𝑣,1 = 0, (37)

𝑆,1
𝑖,𝑗 = 0, 𝑆 ,1

𝑣,𝑗 = 0, (38)

∑

𝑣

𝑠𝑣
∑

𝑗=1
𝑌 𝑘
𝑣,𝑗 = 𝑁. (39)

Constraints (33) and (34) are capacity/quantity balance equations
for each type of technology 𝑖 and vehicle 𝑣, respectively. Constraints
(35) and (36) indicate that the retired capacity/number of technology
𝑖 and vehicle with age 𝑗 in year 𝑘 should be less or equal to the installed
capacity/number. Both technology 𝑖 and vehicle 𝑣 will be retired when
achieve their useful lifespans. Constraint (37) and (38) are used to
ensure that the invested technologies and vehicles are not retired in
the first year. Constraint (39) ensures the total number of trucks in the
fleet equals 𝑁 .

𝑋𝑘
𝑖,𝑗 = 0, 𝑗 ≥ 𝑠𝑖 + 1, (40)

𝑌 𝑘
𝑣,𝑗 = 0, 𝑗 ≥ 𝑠𝑣 + 1. (41)

The initial conditions of the truck fleet are given by

𝑋1
𝑖,𝑗 = 0, (42)

𝑌 1
𝑣,𝑗 = 0, 𝑣 = ∕{𝑑𝑖}, (43)

𝑌 1
𝑑𝑖,𝑗 = 𝑚. (44)

The following energy balance equation for year 𝑘 holds
𝑠𝑝𝑣
∑

𝑗=1
𝑋𝑘

𝑝𝑣,𝑗𝑤
𝑝𝑣
𝑗 +

𝑠𝑤𝑑
∑

𝑗=1
𝑋𝑘

𝑤𝑑,𝑗𝑤
𝑝𝑣
𝑗 +𝑋𝑘

𝑔𝑟𝑖𝑑 = 𝑊𝑏𝑎

𝑠𝑏𝑎
∑

𝑗=1
𝑌 𝑘
𝑏𝑎,𝑗 +𝑊 𝑑𝑎

𝑒

𝑠𝑑𝑎
∑

𝑗=1
𝑋𝑘

𝑑𝑎,𝑗 . (45)

The net emission of the mining truck fleet in year 𝑘 is given by

𝐸𝑘 = 𝑒𝑑𝑖
𝑠𝑑𝑖
∑

𝑗=1
𝑌 𝑘
𝑑𝑖,𝑗 + 𝑒𝑛𝑊

𝑑𝑎
𝑛

𝑠𝑑𝑎
∑

𝑗=1
𝑋𝑘

𝑑𝑎,𝑗 + 𝑒𝑔𝑋
𝑘
𝑔𝑟𝑖𝑑 − 𝐸𝑘

𝑐𝑡 − 𝐸𝑘
𝑐𝑐 , (46)

where 𝐸𝑘
𝑐𝑡 represent the trading amount of CO2 in the year 𝑘 and 𝐸𝑘

𝑐𝑐
represent the amount of captured CO in the year 𝑘.
2
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𝐸

A
B
B

The trading amount of CO2 is limited by

𝑘
𝑐𝑡 ≤ max

{

𝑒𝑑𝑖
𝑠𝑑𝑖
∑

𝑗=1
𝑌 𝑘
𝑑𝑖,𝑗 + 𝑒𝑔𝑋

𝑘
𝑔𝑟𝑖𝑑 − 𝐸𝑘

𝑐𝑐 , 0

}

. (47)

To linearise the nonlinear constraint (47), a new binary decision
variable 𝑧𝑘 is introduced. Then, constraint (47) can be converted to
constraints (48)–(51).

𝑒𝑑𝑖
𝑠𝑑𝑖
∑

𝑗=1
𝑌 𝑘
𝑑𝑖,𝑗 + 𝑒𝑔𝑋

𝑘
𝑔𝑟𝑖𝑑 ≥ 𝐸𝑘

𝑐𝑐 −𝑀(1 − 𝑧𝑘), (48)

𝑒𝑑𝑖
𝑠𝑑𝑖
∑

𝑗=1
𝑌 𝑘
𝑑𝑖,𝑗 + 𝑒𝑔𝑋

𝑘
𝑔𝑟𝑖𝑑 ≤ 𝐸𝑘

𝑐𝑐 +𝑀𝑧𝑘, (49)

𝐸𝑘
𝑐𝑡 ≤ 𝑒𝑑𝑖

𝑠𝑑𝑖
∑

𝑗=1
𝑌 𝑘
𝑑𝑖,𝑗 + 𝑒𝑔𝑋

𝑘
𝑔𝑟𝑖𝑑 − 𝐸𝑘

𝑐𝑐 +𝑀(1 − 𝑧𝑘), (50)

𝐸𝑘
𝑐𝑡 ≤ 0 +𝑀𝑧𝑘. (51)

To ensure that the converted constraints (48)–(51) are equivalent to
the original constraints (47), a large positive constant 𝑀 that is greater
than or equal to the potential maximum value of the decision variables
involved in the constraint should be selected.

The decarbonisation target can be written as
𝐾ℎ
∑

𝑘=1
𝐸𝑘 = 0, (52)

The budget limit in year 𝑘 is given as


∑

𝑖=1
𝑐,𝑘𝑖,𝑗 𝑋𝑘

𝑖,𝑗 +

∑

𝑣=1
𝑐 ,𝑘𝑣,𝑗 𝑌

𝑘
𝑣,𝑗 +


∑

𝑖

𝑠𝑖
∑

𝑗=1
𝑙𝑖𝑋

𝑘
𝑖,𝑗 + 𝑐𝑘𝑐𝑡𝐸

𝑘
𝑐𝑡 + 𝑐𝑘𝑡𝑎𝑥𝑢

𝑘 + 𝑐𝑘𝑔𝑟𝑖𝑑𝑋
𝑘
𝑔𝑟𝑖𝑑 ≤ 𝐵𝑘.

(53)

5. Case study

This section presents a case study for the decarbonisation planning
of a truck fleet in a coal mine in Limpopo, South Africa. The coal
mine is open-pit and uses conventional truck and shovel operation
to produce coal products including thermal, metallurgical, and semi-
soft coking coals. The mining right covers some 26 325 hectares. The
annual production is 26.1 million tons. Currently, the mining truck
fleet contains 27 diesel-powered mining trucks. The mining truck fleet
is controlled by a vehicle dispatching system. Once the mine truck
receives a dispatching order, it will travel to the assigned shovel.
After that, the coal is loaded onto the truck and the truck hauls the
material to the dump point. The truck is idling while waiting for a new
dispatching order. This procedure is repeated until the end of the shift.
The tramming capacity of trucks is 232 tons. The expected service life
of mining trucks and utility vehicles is 10 years. Since the usage times
of trucks are unknown, we assume the usage times of current mining
trucks follow a uniform distribution from 1 to 10 years.

The numerical simulation is performed by using Gurobi solver [74],
on an Intel Core i9-12900 CPU @3.20 GHz, 32 GB RAM. The solver
uses the branch-and-cut algorithm to solve the obtained mix-integer
programming problem. The termination condition for the branch-and-
cut algorithm specifies that the difference between the lower and upper
objective bounds is set to be less than 10−4. The run time is 0.135 s. The
simulation duration is from 2024 to 2050. The discount rate 𝑟 is 8%.
The prices of diesel-, battery-, and hydrogen-powered mining trucks are
$ 165 000, $ 816 000, and $ 386 000, respectively [75]. The salvage
value is assumed to be 20% of the purchased price. The O&M cost is 5%
of the purchase cost. The diesel and electricity prices in South Africa
from 2011–2021 are obtained from the Department of Energy, South
Africa [76,77], which are plotted in Fig. 8. Linear models are employed
to fit the trends of diesel and electricity prices and predict their prices
from 2024 to 2050. Since there is no mature green hydrogen market

in South Africa currently and the historical green hydrogen price data
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is not available, the green hydrogen price from 2024 to 2050 is based
on the prediction in [78]. The land cost is set to be 100 000 $/km2 per
year.

The carbon tax has been implemented in many countries. The tax
rate data is available in [72]. In South Africa, the Carbon Tax Act of
2019 came into effect on 1 June 2019. The first phase has a carbon tax
rate of $ 6.32 per ton of carbon dioxide equivalent emissions. This rate
will increase annually by inflation plus 2% until 2025, and annually by
inflation thereafter [79].

The levelised costs of energy (LCoE) for PV and wind power gener-
ation are calculated as

LCoE =

∑𝑛
𝑡=1

𝐼𝑡+𝑀𝑡
(1+𝑟)2

∑𝑛
𝑡=1

𝐸𝑡
(1+𝑟)2

, (54)

where 𝐼𝑡 is the investment expenditures in the year 𝑡, 𝑀𝑡 is the oper-
ations and maintenance expenditures in the year 𝑡, 𝐸𝑡 is the electrical
energy generated in the year 𝑡, and 𝑛 is the expected lifetime of PV and
wind turbine. The results are shown in Fig. 9. It can be observed that
the LCoE of both PV and onshore wind energy in the area where the
mine is located is lower than the LCoE of the grid electricity from 2031
and 2037, respectively. The potential of solar power generation in the
location of the coal mine is higher than that of the onshore wind power
generation.

The total costs of ownership (TCO) for trucks with different alter-
native power sources are calculated by

TCO = Acquisition cost + O&M costs − Salvage value. (55)

s shown in Fig. 10, the TCO of diesel-powered trucks is much higher
ETs from 2024 to 2050. The TCOs of diesel-powered trucks and
ETs using grid electricity increase fast from 2024 to 2050 due to the

Fig. 8. Fuel and energy prices in South Africa.

Fig. 9. LCoE of PV and wind power generation from 2024–2050.
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Fig. 10. TCO of trucks with alternative power sources from 2024 to 2050.

increase in diesel and grid electricity prices. The increase rate of TCO of
diesel-powered trucks is higher than that of BETs using grid electricity.
The TCOs of HFCTs and BETs using renewable energy decrease from
2024 to 2050. The TCO of BETs using renewable energy starts lower
than the TCO of BETs using grid electricity from 2031. The TCO of
green hydrogen-powered HFCTs starts lower than the TCO of BETs
using grid electricity from 2037.

The levelised cost of carbon reduction (LCoC) for carbon capture
technologies during 2024–2050 is calculated as

LCoC =

∑𝑛
𝑖=𝑡

𝐼𝑡+𝑀𝑡
(1+𝑟)2

∑𝑛
𝑡=1

𝐶𝑡
(1+𝑟)2

, (56)

here 𝐶𝑡 is the amount of CO2 captured in the year 𝑡. The LCoC of
orestation, microalgae, and DAC using grid electricity and PV power
eneration are shown in Fig. 11. The LCoC of DAC supported by
rid electricity keeps increasing due to the increase in grid electricity
rice, $ 532 $/ton in 2050. Although the LCoC of microalgae and
AC supported by PV power generation keep decreasing, 167 $/ton
nd 235 $/ton in 2050, respectively, forestation remains the least
xpensive carbon capture method for truck fleets (76 $/ton). It should
e noted that forestation is sensitive to the land cost. When the land
ost increases by 100%, the LCoC of forestation increases by 74%
135 $/ton), while the LCoC of microalgae in 2050 increases by 4%
176 $/ton).

Fig. 11. LCoC of carbon capture technologies from 2024 to 2050.

Since the annual budget has a significant impact on the decarboni-
ation pathway, two optimal decarbonisation pathways under different
udget levels: low annual budget ($ 18 million) and high annual
udget ($ 30 million) are shown in Figs. 12, including the annual
nvestment plan for different types of trucks, renewable energy power
eneration, carbon capture technologies, and annual emissions for each
138
scenario. The optimal LCCs under low and high annual budgets are
$ 142 826 721 and $ 127 469 000, respectively. Both pathways in-
volve investment in PV power generation, BET, HFCT, and forestation.
According to Fig. 12(b), it is suggested to retire existing diesel-powered
trucks as soon as possible under the high annual budget. Under the
low annual budget, diesel-powered trucks can be selected before 2024
as shown in Fig. 12(a). The energy and fuel costs for diesel-, battery-
, and HFCTs in 2024 are calculated as $ 1 226 367, $ 404 861, and
$ 995 058, respectively. BETs are the first option to replace diesel-
powered trucks before 2044. Under the low annual budget, HFCT can
be a supplementary because its purchasing price is lower than BET.
After 2044, HFCTs become the first choice of alternatives due to the
decrease in the price of green hydrogen. As Fig. 12(d) shows, the
installation of PV panels is expected to coincide with the adoption of
BETs under the high annual budget. Under the low annual budget, the
installation of PV panels has to be delayed as shown in Fig. 12(c).
Due to the adoption of HCFTs after 2044, the planned capacity of PV
decreases, which is caused by two reasons. One is the installed PV
panels achieve service life. Another is actively retiring PV panels to save
O&M costs when there are no battery trucks in the fleet. The actively
retired capacity of PV under the low annual budget is significantly
greater than that for the high annual budget. There are no more PV
panels installed after 2044 because of the adoption of HFCTs. The
forestation starts from 2044 under both low and high budgets to recycle
the historical CO2 emissions. Figs. 12(g) and 12(h) show the annual
emission of the mining truck fleet for the two scenarios. The baseline
emission of the truck fleet is computed based on the assumption that no
investments will be made in decarbonisation technologies from 2024 to
2050. The annual emissions from 2026 to 2028 under the low annual
budget and in 2025 under the high annual budget are greater than the
baseline emissions due to the use of grid electricity, which demonstrates
that electrification will increase the carbon emission of truck fleets in
South Africa if they are powered by the grid. The truck fleet emits more
CO2 under the low annual budget than that under the high annual
budget, 357 960 tons and 126 248 tons, respectively. Therefore, a
higher level of forestation is required for the recycling of historical CO2
emissions.

In the proposed models for truck energy consumption and carbon
emissions, the correlation between annual miles and the energy con-
sumption, as well as carbon emission of individual trucks, is simplified
as linear. Given that the annual miles of the trucks are estimated,
a sensitivity analysis is conducted to elucidate the impact of annual
mileage uncertainty on the optimal decarbonisation pathway. Three
scenarios are considered: the base scenario (denoted as M), an increase
in annual mileage by 10% (denoted as 110%M), and a decrease in
annual mileage by 10% (denoted as 90%M). The high annual budget
($ 30 million) is applied. Fig. 13 illustrates the planned number of
various truck types, the planned capacity of PV power generation,
and the planned forestation area. Simulation results indicate that the
uncertainty in annual miles does not influence the selection of decar-
bonisation technologies of the optimal decarbonisation pathway but
does impact their planned capacity. Lower annual mileage results in
reduced annual fuel costs, enabling more timely replacement of diesel
trucks with BETs within the limited annual budget. Consequently,
Fig. 13(a) reveals that in 2025, the 90%M scenario sees more diesel-
powered trucks being replaced by BETs. With lower annual mileage,
there are correspondingly lower planned capacities for PV power gen-
eration and forestation areas. In contrast to the base scenario (M) with
an optimal LCC of $ 127 469 000, the optimal LCCs for the 90%M
and 110%M scenarios are $ 121 076 771, $ 133 925 000, respectively.
This represents a decrease of 5% in LCC for the 90%M scenario and an
increase of 5% in LCC for the 110%M scenario compared to the base
scenario.

Our study examines the influence of carbon trading prices on the
optimal decarbonisation pathway. Using the three carbon price models
outlined in Table 3, we present simulation results in Fig. 14. The opti-

mal LCCs under low, middle, and high carbon trading price scenarios
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Fig. 12. The optimal decarbonisation pathways under low and high annual budgets.
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Fig. 13. The optimal decarbonisation pathways with different annual mileage of trucks.

are $ 135 135 981, $ 135 808 793, and $ 13 720 937, respectively.
We observe that the optimal decarbonisation pathways under both low
and middle carbon price scenarios are similar. Theoretically, higher
trading prices facilitate a more rapid transition from diesel-powered
trucks to BETs. However, when there is a budget limit, higher annual
carbon trading cost delays the replacement of diesel-powered trucks,
evident in the numbers of diesel-powered trucks in the year 2029 as
depicted in Figs. 12(c) and 14(c). Specifically, In 2029, under the low
and middle carbon price scenarios, there are still one and two diesel-
powered trucks in the fleet, respectively. The corresponding annual
costs for 2029 are $ 17 320 018 and $ 17 315 875, respectively, nearly
approaching the annual budget of $ 18 000 000. Importantly, these
findings suggest that when carbon trading prices are too low, achieving
the decarbonisation target for the mining truck fleet can be directly
realised through carbon trading. From a policymaker’s perspective, this
implies that low carbon trading prices may not effectively incentivise
the mining industry to actively invest in carbon capture technology.
The results under high carbon trading price scenario underscore this
140
point. Under the high carbon trading prices, afforestation becomes a
viable option for carbon capture, expanding the range of strategies
beyond solely relying on carbon trading.

6. Conclusion

In this study, the optimal decarbonisation pathway for mining truck
fleets is investigated. The technical, financial, and environmental per-
formance of multiple decarbonisation technologies, including mining
trucks with alternative power sources, renewable power generations,
carbon capture technologies, and carbon trading are investigated. A
mix-integer programming model is built to determine the annual invest-
ment combination of different carbon reduction technologies under the
carbon neutrality target. A case study for the optimal decarbonisation
pathway of truck fleets in a South African coal mine is conducted
to illustrate the proposed method. The identified optimal pathway
outlines an investment plan encompassing PV, BET, HFCT, and foresta-
tion. It suggests replacing current diesel-powered trucks with BETs and
deploying PV infrastructure to support BET charging as soon as possible
if the budget allows. HFCTs become more cost-effective compared to
BETs after 2044. Forestation is regarded as the most cost-effective way
among carbon capture technologies. In addition, the prevailing carbon
trading prices enable the truck fleet to achieve decarbonisation solely
through carbon trading without necessitating investment in specific
carbon capture technologies. The proposed method guides the decar-
bonisation of the mining transportation fleet and provides a research
basis for the decarbonisation of the entire mine industry.
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