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Determining the impact of haulage
optimisation on addressing open pit
mining economic and environmental
challenges: A case study

by P. Malepfane’, B. Genc'

Abstract

This study proposes a new approach to reduce the environmental impact during surface
mining by improving environmental factors through the incorporation of carbon footprint
into strategic mine planning. Two key variables were analysed by contrasting and comparing
the baseline and optimised models generated. These variables include net present value, which
helps determine the financial feasibility of the mining models and their carbon emissions. The
variables were analysed by using linear regression, Spearman’s correlation, a P-value hypothesis,
and an exponential decay test.

Results show that at Mine A the projected net present value was 62% higher than when
running a baseline model. Furthermore, the net present value from the baseline model
portrayed a high rate of decay at 0.667 versus 0.118 from the optimised model. This indicates
the baseline model’s sensitivity to long-term project timelines and fluctuating markets. The
optimised method presents an opportunity to manage emissions during the high operational
costs phases. It is represented by a 31% improvement in carbon emissions during the periods
of high operational costs, whilst maintaining a positive net present value when compared with
the baseline model. It was shown that the optimised model presents a better chance of achieving
financial feasibility and balancing environmental impact, thereby ensuring that Mine A can
align with the environmental aspect of economic, social, and governance principles through
lowering the carbon footprint resulting from its hauling operations.

Keywords
haulage optimisation, environment, open pit mining, carbon footprint, mine planning, net
present value

Introduction

Gold mining activities in the Asufiti North district of Ghana are known to cause environmental
degradation. Such activities significantly impact farming within the region, and companies operating in
this region have become increasingly susceptible to public scrutiny (Amankwa, 2023).

Mine A is one such mine, located in the gold mining region of Ghana, 300 km northwest of Accra
(Sec, Edgar, 2021). The mine operates using both underground and open pit mining methods, with
most of the gold being extracted through conventional open pit mining techniques, that is, truck and
shovel. There are more than three active open-pit areas of varying size, but they can reach depths of 300
m (Sec, Edgar, 2021). These pits can be extensive, with robust infrastructure to support the mining and
processing operations. Figure 1 shows the location of mine A within the Sunyani region of Ghana.

Mine A is characterised by rolling terrain, including valleys and ridges typical of the West African
savannah. Forest reserves, farmlands, and rural communities define the region’s landscape. Access to the
mine is facilitated by major roads connecting it to the regional capital, Sunyani, and to the capital city
of Accra (Sec, Edgar, 2021). The proximity to key infrastructure such as highways, electricity, and water
resources ensures that mining activities are well-supported logistically (Sec, Edgar, 2021). However,
managing the mine's geographic impacts—particularly land use and the socio-economic effects on
nearby communities—remains a critical concern for the operators and the government (Ghana Chamber
of Mines, 2022). These concerns arise because Mine A uses surface mining methods, such as truck and
shovel operations, to extract the ore. Accessing these ores for economic benefit involves the clearance
of vast hectares of land, leading to environmental degradation and excavation, which causes landscape
deterioration and a negative impact on air quality (Sasmito et al., 2016). Despite surface mining
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Figure 1—A geological representation of the mining site being reviewed in the case study (Sec, Edgar, 2021)

operations contributing greatly to the global economy, they are not
immune to the challenges faced by the mining industry today.

Surface mining impact on environment

Surface mining impact on the environment is well documented.
A surface mining operation is more susceptible to the following
factors (Phillips, 2016):

»  Public scrutiny - ease of accessibility, operating close to local
communities.

»  Environmental conditions - wind can exacerbate dust
conditions and an overall shift in climatic conditions.

»  Operational costs - fuel increases, labour costs, maintenance
costs.

All the above-listed challenges are related to the frameworks
of economic, social, and governance (ESG), which have become
a major role player in the investment sector. The South African
Code for Reporting of Exploration Results, Mineral Resources and
Mineral Reserves (SAMREC) has further highlighted the impact
of global ESG shift by incorporating it into its reporting guidelines
(SAMCODES, 2017). First released in 2016, the South African
guideline for reporting of environmental, social, and governance
parameters (SAMESG) provides guidance on, but is not limited to
(SAMCODES, 2025):

»  Key environmental parameters
»  Risk analysis and materiality
»  Audits on conformance and compliance.

Furthermore, a study conducted by Evans et al. (2023) suggests
that the ESG-related challenges will continue to threaten the
viability of companies, especially those that are resource intensive,
such as mining in South Africa. Statistically, it is nearly impossible
to achieve a high score on all three pillars of ESG and maintain
profitability due to the complexity of the frameworks (Evans et al.,
2023). Therefore, it is ideal to target each individual pillar. For this
study, the pillar of relevance is the environment.

Amoako et al. (2018) studied the carbon footprint of Ghanas
gold mining industry. Their research discovered that 12 gold mines
in the Birimian complex contributed significantly to the carbon
emissions directly from the mining activities and indirectly from
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processing and other third-party activities. Mine A, though fairly
new, operates within this region, where there are growing concerns
about the effects of mining on the environment and mounting
pressure for mining operators to show accountability.

Greenhouse gases (GHG) are often categorised into primary
and secondary, where primary emissions are necessary for
maintaining atmospheric balance, and secondary emissions are a
result of the gradual increase in industrialisation (Tuckett, 2019).
These secondary GHGs include carbon dioxide (CO2), methane
(CH4), chlorofluorocarbons (CFCs), tropospheric ozone (03), and
nitrous oxide (N20) (Watson et al., 2018).

GHG emissions are classified into three categories (UNFCCC,
2020):

o Scope 1 emissions: Direct emissions resulting from an
organisation's activities that the organisation can control, such
as burning fuels by mobile or stationary vehicles.

o Scope 2 emissions: Indirect emissions resulting from activities
that directly benefit an organisation, such as emissions from
generating electricity used in the processing plant.

o Scope 3 emissions: Indirect emissions not included by Scope 1
or Scope 2, such as emissions due to employee travel or goods
purchased by the organisation.

The Paris Agreement aims to reduce global GHG emissions
to cap global warming to 1.5 degrees Celsius, influencing ESG
frameworks to manage varying factors such as climate change
and environmental degradation (UNFCCC, 2020). Sustainable
mining has become a necessity, with multiple operations adopting
ESG strategies to report on energy consumption, GHG emissions,
air quality, water management, and land use (European Banking
Authority, 2025). Energy production remains the primary source
of GHG emissions in South Africa, contributing around 80% of
the country’s total emissions (DEA, 2016). This is not unique to
South Africa; a similar trend was observed in Ghana’s gold mining
industry, where fuel and electricity use contributed significantly to
GHG emissions (Amoako et al., 2018). This indicates that the trend
between GHG emissions and the mining industry is prominent
in South Africa and globally, necessitating an effective resolution
through technology adoption and adaptation. Plenty of work has
been done on ESG and its effects on profitability and its role in the
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Table 1

Literature that influences and focuses on key areas

Author Research topic Area of influence in the current study
Feng et al. Energy efficiency and CO: emission comparison of alternative powertrain Fuel consumption
(2022) solutions for mining haul trucks using integrated design and control
optimisation.
Abolghasemian Simulation-based multi-objective optimisation of open-pit mine haulage MILP optimisation method
etal. (2022) system: A modified-NBI method and meta modelling approach.
Alipour et al. Production scheduling of open-pit mines using a genetic algorithm: A case MILP optimisation methods
(2019) study.
Amoako et al. Carbon footprint of the large-scale gold mining industry of Ghana. Carbon footprint in surface
(2018) mining
Barnewold, Identification of digital technologies and digitalisation trends in the mining Application of digitisation in
Lottermoser (2020) | industry. mining
Chang et al. The Paris Agreement effect of consumer awareness and sustainable investing: | ESG frameworks in
(2024) Some international evidence. mining
Davies (2024) The role of strategic mine planning in decarbonising the mining industry. Decarbonisation through mine planning

future of mining; however, not much has been done on the practical
application of the principle in everyday mining activities (Nehring,
Knights, 2024). That is the research gap that this research aims to
fill.

Studies have shown that optimised haulage operations
can reduce CO2 emissions by up to 20%, contributing to more
sustainable mining practices (Feng et al., 2020). Surface mining
truck fleets constitute the highest amount of operational costs
owing to their quantity and ratio to loaders, but they also consume
the highest amount of fuel (Dindarloo, Siami-Irdemoosa, 2016).
Several studies have proven that haulage optimisation software can
substantially improve fuel efficiency by optimising truck routes and
reducing idle times (Barnewold, Lottermoser, 2020).

The implications of ESG on mining are over-extensive, with
mounting pressure from stakeholders to reduce environmental
impact, improve social responsibility, and ensure transparent
governance. However, reaching these goals without increasing costs
poses a significant challenge. Hence, this study seeks to answer if
mine planning software aids the industry in improving its current
operations without increasing costs and maintaining alignment with
the ESG frameworks by reducing the environmental impact and
achieving sustainable mining.

Methodology

This study integrated qualitative and quantitative research methods
to determine the effectiveness of mine planning software in
optimising the haulage plan of a gold mining company in West
Africa. The qualitative research method entailed collecting and
analysing information to help understand the status of optimiser
applications in the mining industry. This was achieved through
reviewing documentation in the form of reports, journal articles,
book sections, and websites, as follow:

»  Thematic literature review: This review involved reviewing
reports (extending over a decade) with common themes such
as the application of technology in mining, the adoption
of technology in mining, the ideal solvers for effective
optimisation of mining software NPV models, and insights
into the environment vs technology, refer to Table 1.

»  Itaided in the identification of common issues faced in the
industry concerning technology as well as a constraint-based
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analysis: Integrating the knowledge from the literature review
with the constraints identified on-site to draw context to the
conditions on-site, further aiding in developing a scope of
work and research limits.

For the quantitative component, operational data was collected
from Mine A. This included planned daily production volumes,
ore grades, operational costs, maintenance schedules, and revenue
projections. The data were collected and stored in the mine’s
database over six months.

Secondary data, including market forecasts and commodity
price predictions, were also integrated from publicly available
reports by industry analysts (PWC, 2024). Other data, such as the
equipment specifications, operating costs, mine layout, and ore
reserves were shared via a .CSV file and other MS Excel file sheets.
Furthermore, the data were verified against historical records and
confirmed by mine engineers for accuracy. The data were cleaned
to eliminate outliers, gaps, and errors. Spot checks ensured data
consistency and removed any anomalies.

The quantitative process focused on two main areas, which are
the NPV and the fuel consumption. To determine these key focus
areas, the validated operational data from the mine was input into
a financial optimisation solver in Hexagon’s MinePlan Schedule
Optimiser, which was available for this study. The model was built
using multiple simulations to test different operational scenarios.
The model's primary objective was to maximise the NPV and
generate the equivalent fuel consumption by adjusting key variables
such as mining rate, operational cost, and production schedules and
observing constraints such as equipment fleet and dump capacity.

A scenario analysis was derived using the information obtained
from the engineers, such as the loading area, dump capacity,
material type, the desired output NPV, and fuel burned to achieve
the desired NPV. The second aspect of the quantitative method
involved obtaining data on the fuel consumed by the baseline and
optimised mining models. The carbon footprint was calculated
under the same ideal conditions to assess its consistency with the
optimised NPV.

Calculating carbon footprint

Scenario analysis uses engineer-provided data—loading area, dump
capacity, material type, desired NPV, and fuel consumption—to
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Figure 2—Schematic diagram showing the material mapping network for Mine A

assess outcomes. Figure 2 illustrates how material is mapped from
each loading to dumping area using the shortest or optimal route.
Mining cut C2 has material eligible for both D1 and D2 dumps,
but to meet constraints and maximise NPV, no material goes to D1
due to longer travel times and higher cycles. Total travel distance
(empty and full) is multiplied by each truck's fuel burn rate over a
set period to determine total fuel consumption, which is essential
for carbon footprint calculations.

The software repeats this methodology multiple times to
produce the results in Appendix A and Appendix B. The fuel
consumed by the baseline and optimised mining models, with
loading and dumping per Appendices A and B, was computed
as shown by the report in Table 2, which provides the amount
of fuel consumed annually by the truck fleet in alignment with
the financial performance in the tables in Appendix A and B.
Furthermore, under the same ideal conditions, the calculation for
carbon footprint was conducted to determine coherence between
the optimised NPV and the resulting carbon footprint. The final
output of the model was a set of recommendations for operational
adjustments that would optimise the NPV (sustainably) of the

Table 2
Total fuel consumed by trucks at Mine A annually
Fuel consumption by CAT777D Trucks in litres
Year Baseline model Optimised model
1 3048210 3402 000
2 3641 504 2104995
3 7181181 6734976
4 2254678 3951084
5 2898138 1914 075
6 2842127 1545 456
7 2605 061 1727 363
8 6107 370 3239001
9 2778 394 1008 865
10 1441 4765203
» 66 JANUARY 2026 VOLUME 126
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Figure 3—Mine A's GHG emissions by category (Amoako et al., 2018)

mining site within the set constraints.

Carbon footprint estimation calculations can be complex and
may differ from operation to operation; to simplify the approach,
it is best to start by identifying the key sources of GHG emissions
(IPCC, 2019). Mining operations necessitate extensive land use,
followed by the implementation of processes to reduce extracted
rock into smaller, mineable fragments. Substantial energy is
required for both breaking the rock and transporting it from its
original location to designated processing sites. Processing at the
plant must be employed to obtain the mineral of interest. These are
all categories of GHG emissions at Mine A elaborated in Figure 3.

This research only focused on Scope 1 emissions, that is,
emissions resulting from Mine As direct activities. Based on the
literature reviewed by Amoako et al. (2018) and the DEA (2016),
energy-related activities account for the highest GHG emissions
globally. Therefore, the category of interest for this research
was Scope 1 emissions within the energy category. The energy
category is divided into two subcategories: mobile combustion and
electricity. The key focus of this research is on mobile combustion,
which contains activities such as the transportation of personnel
and the hauling of materials and goods (IPCC, 2019).

Tier 1 methods were applied for this calculation and used two
key equations to estimate the carbon emissions, as indicated in the
following Equations 1 and 2. It is important to note that, though the
emitted gases do not only comprise CO», they are also reported in
CO; equivalents for ease of comparison (IPCC, 2006). For example,
a single kilogramme (kg) of CH, equals 28 kg of CO; (IPCC,
2019). Furthermore, under the guidelines of the United States
Environmental Protection Agency (USEPA, 2020) and Amoako
et al. (2018), the following assumptions are necessary for more
accurate estimations:

»  Regarding CO; equivalents, CHy and N,O account for 5% of
diesel engine combustion emissions. All CO; estimates will
be multiplied by 1.05 to account for this.
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»  Any emission of CO is rendered negligible compared to CO,.
»  Fuel is converted to CO; during combustion.

Tier 1 method equations
Equation 1: Emissions calculation (USEPA, 2020)

Fuel emissions (GHG) = Fuel consumption*CO, ]
Emissions factor

where:

Fuel consumption is the total fuel burned over a particular period
by a source.

CO; emissions factor is a given GHG's default emission factor by
fuel type.

Equation 2: CO; Emissions factor calculation (USEPA, 2020).

CO; emissions factor=Mass of diesel*CO2 Oxidation 2]

factor*Molecular weight
where:

Mass of diesel, in this instance, equates to 1 gallon of diesel, convert
litres to gallons.

Oxidation factor for CO; is usually 1; however, for this research,
it was assumed to be 0.99 to account for residual fuel that may be
left not combusted. Molecular weight is the ratio of the molecular
weight of CO to carbon.

Taking fuel consumption generated from Mine Plan’s software,
applying the assumptions and Equations 1 and 2, the carbon
footprint is derived, as indicated in Table 3.

It must be noted that the total carbon footprint of the baseline
model is 58 994 tCO; higher than the optimised model. This
difference is greater than the 10-year average of the baseline model.

Results and discussion

To analyse the relationship between the datasets generated from the
software and calculations, four methods are applied:

i  Simple linear regression. This method of analysis was chosen
because it allows for the investigation of the relationship
between two variables: time in years and NPV (Sykes, 1993).

ii  Spearman’s correlation. The Spearman rank test uses data ranks
to aid in deriving a linear relationship from data that would
have been considered non-linear and not fit for parametric
analysis (Al-Hameed, 2022).

Table 3

Carbon footprint estimations derived for the baseline and
optimised models

Carbon footprint estimation

Year Emissions baseline model Emissions optimised model
in tCO: in tCO:
1 9206 10 275
2 10998 6 357
3 21 688 20 341
4 6809 11933
5 8753 5781
6 54 686 41238
7 41733 27 672
8 97 840 51 889
9 44510 16 162
10 38 45 803
Total 296 444 237 450
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iii P-value hypothesis test to test the validity of the results against a
set hypothesis.

iv. Exponential decay test for the sensitivity of the NPV from
the derived models over a particular period because it is well
known that discounted cash flows exhibit an exponential
relationship with time (Campos et al., 2015).

Analysis of the NPV and carbon emissions at Mine A

The linear regression analysis revealed that the baseline model's
NPV trend line produces a much sharper decline than the
optimised model's NPV between year 1 and year 10, as indicated in
Figures 4 and 5. The regression model for the baseline model gives y
=7530.4 when x = 6.5, while the regression model for the optimised
model gives y = 12142.1. This indicates that the optimised model
yields an NPV approximately 62% higher than the baseline model.
The accuracy of this prediction is further substantiated by strong

R2 values: R = 0.9162 for the baseline model and R2 = 0.8278 for
the optimised model. The residual plots analysis further tested the
accuracy of the linear models, confirming that there is neither an
identifiable pattern in the data nor correlation with the predicted
models.

Analysis of the relationship between NPV and carbon
emissions

By observation of the analysis on NPV and emissions in the
aforementioned, it could be assumed that in both the baseline and
optimised models, there is an inverse relationship between the NPV
and the carbon emissions resulting from hauling material from one
design point to another at Mine A. However, to test this assumption,
a non-parametric test can be employed since the relationship
between NPV vs carbon emissions results in a distribution that is
not normal and cannot be explained directly by linear regression. To
run this test, the following holds:

— Baseline Model NPV 2

25000
y =-2268,4x + 22275 08

R*=0,9162

20000

I I I .I.. 3
I A. :
10

-5000 0
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NPV (Million USD)
o
w
Discount Rate

mmmm Baseline Model NPV =@ Discount rate --------- Linear (Baseline Model NPV)

Figure 4—Linear regression model for the baseline model

o Optimised Model NPV
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v =-1652,3x + 22882 038
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s B B B B .
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10000 N BN B BN M BN @000 - a
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mmmmm Optimised Model NPV ===@== Discount rate «--:-««-+ Linear (Optimised Model NPV)

Figure 5—Linear regression model for the optimised model

VOLUME 126 JANUARY 2026 67 «



Determining the impact of haulage optimisation on addressing open pit mining

Table 4
Baseline model original data vs Spearman ranks assigned
Emissions Baseline Emissions Baseline | Difference | Squared
Year | baseline model model NPV baseline model in model in ranks difference
in tCO2 tCO: rank NPV rank (d) (di)
1 9206 24 340 5 10 -5 25
2 10 998 16 769 6 9 -3 9
3 5472 13736 2 8 -6 36
4 6 809 11339 3 7 -4 16
5 8753 8 089 4 5 -1 1
6 54 686 8373 9 6 3 9
7 41733 7962 7 4 3 9
8 97 840 5478 10 3 7 49
9 44 510 1900 8 2 6 36
10 38 0 1 1 0 0

Each numerical variable is assigned a representative number
by rank from smallest to largest.

The ranks represent the data from which a relationship or
correlation between the original data can be derived.

Table 4 indicates the original data and the assigned ranks per
value for the baseline model, which is employed in performing the
Spearman rank test. Equation 3 can be used together with Table 4
to determine Spearman’s correlation coefficient (rs). The sum of the
squared differences is 190 and the number of years is 10. This gives
an rs of —0.2, meaning that there is a negative relationship between
the NPV and carbon emissions of the baseline model at Mine A.

Equation 3: Spearman's correlation equation (Al-Hameeda,
2022).

6+ Y d?
nx(n2-1)

(3]

Spearman's correlation (r;) = 1 —

where:

Spearman’s correlation (rs ) is between -1 and 1.

Y. d7 is the sum of the squared difference in ranks between the NPV
and the carbon emissions.

n is the number of years.

A similar analysis is then applied to the optimised model
using Table 5 and Equation 3. For the optimised model, the sum
of squared differences is 274, and the number of years is 10. This
yields an rs of -0.7, implying that the relationship between the NPV

and the carbon emissions of the optimised model at Mine A is also
negative.

The Spearmans rank test has determined that from the data
presented for both models, the relationship between the NPV and
the carbon emissions is negative, meaning that an increase in one
variable results in a decrease in the other. However, the true benefit
of this analysis is in determining whether this finding holds true
at any given point in time. In order to determine that, another test
can be performed, the probability test, to determine the probability
that the hypothesis above is true at any given time. The following
assumptions hold:

> Null hypothesis (HO0): There is no inverse relationship between
NPV and carbon emissions at Mine A for both the baseline
and optimised models.
Alternative hypothesis: There is an inverse relationship
between NPV and carbon emissions at Mine A for both the
baseline and optimised models.
The null hypothesis is rejected when the probability value
is lower than the significance level; and accepted when the
probability value is equal to or greater than the significance
level.

The level of statistical significance is assumed to be 0.05 or

5%. This is an ideal assumption for statistical analysis, where

the intention is to measure probability against a null hypothesis

for time series data sets (Vaidyanathan, 2023). For this study,

Table 5
Optimised model original data vs Spearman ranks assigned
Year Emissions optimised | Optimised | Emissions optimised | Optimised Difference in Squared
model in tCO0, model NPV model in tC0, model NPV ranks (d) difference (di)
1 10 275 25732 3 10 -7 49
2 6 357 17 667 2 9 -7 49
3 20 341 17 388 6 8 )
4 11933 15730 4 7 -3
5 5781 12298 1 6 -5 25
6 41 238 11921 8 5 3 9
7 27 672 8532 7 2 5 25
8 51 889 11748 10 4 6 36
9 16 162 9791 5 3 2 4
10 45 803 7 140 9 1 8 64
» 68 JANUARY 2026 VOLUME 126 The Journal of the Southern African Institute of Mining and Metallurgy



Determining the impact of haulage optimisation on addressing open pit mining

Table 6
Regression statistics for the baseline and optimised models
Coefficients Standard tStat | P-value | Analysis Outcome

Baseline Baseline model p-value > Accept

model NPV rank 015 043 | 068 significance | HO

Optimised | Optimised model 066 249 | 0.04 p‘—va.lue < Reject HO

model NPV significance
probability value (p-value) refers to the strength of evidence against Table 7
the null hypothesis, which states that there is no difference in the .
relationship identified between one or more variables in a sample Discount rate vs NPV
and a population (Thiese et al., 2016). Table 6 indicates the output Discount rate vs NPV
regression statistics generated from the carbon emissions and the R square st t Stat
NPV. It can be noted.tha.t for the baseline model, the NPV indicates Baseline model 093877457 | 0.00000245 | 1178973053
a p-value of 0.68, which is greater than the threshold, thereby —
suggesting that the null hypothesis is true. This means that the Optimised model 0.86033131 | 0.00006846 | 7.51253664

inverse relationship between NPV and carbon emissions is always
true for any given period in the baseline model.

In the optimised model, the NPV generated a p-value of
0.04, which is slightly lower than the threshold, implying a strong
rejection of the null hypothesis regarding an inverse relationship
between the NPV and carbon emissions. There is, therefore, not
enough statistical evidence in the data collected at Mine A to
conclusively state that the relationship between NPV is inversely
proportional to carbon emissions at any given time. Though it
may appear to be the case by visual inspection, it is not statistically
significant. This means that attempting to generate a predictive
model from this data set based on the assumption of inverse
proportionality may significantly yield incorrect results in the
optimised model.

The Spearman rank test determined that there is a negative
relationship between NPV and carbon emissions for both the
baseline and optimised models. The correlation coefficient for the
baseline model is -0.2, and for the optimised model, it is -0.7.
This means that an increase in one variable results in a decrease
in the other. The p-value hypothesis test showed that the inverse
relationship between NPV and carbon emissions is always true for
any given period in the baseline model. However, for the optimised
model, the relationship is not statistically significant. This means
that attempting to generate a predictive model based on the
assumption of inverse proportionality may yield incorrect results
for the optimised model. Furthermore, this means that there is
room for change or improvement with the optimised model, which
is not possible with the baseline model during the periods of high
operational costs.

Analysis of the relationship between discount rate and
NPV at Mine A

The discount rate is a major factor in discounted cash flows as it
provides a more realistic value of money over time. In this study’s
data, the discount period is set to end of period, starting at 9% in
year 1 and decreasing gradually. This makes it important to identify
how it relates to the NPV over the specified period to understand
the financial viability of the mine plan. Table 7 shows the regression
statistics of the baseline model and the optimised model NPV's
against the discount rate over 10 years. A multi-linear regression
methodology is applied to explain this relationship because a simple
linear regression method does not give a clear indication of the

The Journal of the Southern African Institute of Mining and Metallurgy

impact of discount rate on NPV. For the NPV vs discount rate, the
HO states that, at any given time at Mine A, the discount rate has
little to no effect on the NPV.

This data indicates a trend similar to NPV vs time. There is
a strong correlation (93% for baseline and 86% for optimised
model) of the NPV and the discount rate with the baseline model,
indicating a stronger relationship at 93% due to a better dispersion
of data about the mean. For both models, the p-value is well below
the 5% level of significance, meaning that the HO hypothesis is
rejected. Though there is a high correlation in the data, it is clear
that the discount rate does affect the NPV. This may imply that
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Figure 6—Baseline model sensitivity analysis
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Figure 7—Optimised model sensitivity analysis
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the NPV is sensitive to the discount rate. To substantiate this, a
sensitivity analysis is performed on the NPV by assuming a constant
10% decrease in discount rates from 1 to 10. The results, indicated
by Figures 6 and 7, show an overall decrease in total NPV by 33 %
in the baseline model and 30% for the optimised models.

It must be noted that though both models relate similarly to
the discount rate, the optimised model outperforms (3% more) the
baseline in its ability to cushion the NPV from fluctuating markets
and volatile environments.

The discount rate is a crucial factor in discounted cash flows
as it provides a more realistic value of money over time. The study
sets the discount period to end of period, starting at 9% year 1 and
decreasing gradually. A multi-linear regression methodology was
applied to explain the relationship between the discount rate and
NPV, showing a strong correlation between the discount rate and
NPV, with R2 values of 93% for the baseline model and 86% for the
optimised model indicated in Appendix B. The p-value was well
below the 5% level of significance for both models, indicating that
the NPV is sensitive to changes in the discount rate.

Analysis of the relationship between NPV and time at Mine A

It is well known that discounted cash flows exhibit an exponential
relationship with time (Campos et al., 2015). Generally, in the
NPV calculation, time is defined as the independent variable and is
plotted on the x-axis, while NPV is the dependent variable plotted
on the y-axis. These trends indicate exponential decay or negative
growth, meaning that the present value contribution of each year’s
cash flow decreases exponentially over time. To test the validity of
this, an exponential analysis was applied.

An exponential line of best fit was derived from the NPV
datasets of both models. This equation implies that a higher rate
of decay (high discount rate) results in a faster exponential decay,
impacting long-term investments negatively, and the converse is
also true. Applying this to the case study models, the baseline model
portrays a steeper decay (Figure 8 versus Figure 9) as opposed to
the optimised model, though the same discount rates were applied
for both models. In the baseline model, the rate of decay is equal to
0.667, whilst in the optimised model, it is only 0.118. It therefore
means that the baseline model is susceptible to longer project
periods, making it least ideal for a long-term 10-year project.

Increasing the discount rate can impact the models negatively,
however, the most affected model is the baseline, indicated by the
high rate of decay. Mining operations rely on long-term NPV to
cushion against capital-intensive projects such as a processing
plant enhancement. High rates of decay, such as that of the
baseline model, provide an idea of the level of risk associated with
a particular investment or, in this case, a particular model. Also, if
Mine A continues to mine per the baseline model (to combat the
effects of a lower NPV), they may need to opt for more intensive
resource depletion in the earlier years of mining. This can result in
high fuel consumption and, inadvertently, high carbon emissions.

Key observations

A study by Amoako et al. (2018) on the carbon footprint of Ghana's
large-scale gold mining industry aligns well with the scope of
research for Mine A. This study provides a detailed approach to
understanding the baseline carbon footprint for gold mines in the
West African region, which is the location of Mine A. A similar
approach was employed to determine the carbon footprint of
haulage trucks at Mine A.
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Figure 9—NPV versus time for optimised models

The NPV analysis indicates that the NPV has an exponential
relationship with time. Over time, the baseline models’ NPV decays
faster than the optimised, making the optimised model least ideal
for a mining operation intending to operate profitably over the long
term.

Based on the analysis, the optimised model proves to be a better
schedule in comparison to the baseline model, which was one of the
objectives of the study. It is indicated by the NPV analysis resulting
in a linear predictive model that shows that the baseline model
will always yield an NPV that is 62% lower than the optimised
model at Mine A. A residual plot analysis was further employed to
substantiate this statement. From these residual plots, the predictive
linear model is true and presents an accurate representation of the
data analysed. Furthermore, an outlier was identified in the baseline
and optimised models’ residual plots. This outlier is a result of the
first year of mining, where operations are slowly ramping up and
operational costs are lower. It is a common phenomenon and is to
be expected for new projects such as Mine A. Therefore, based on
the NPV analysis, the Mine Plan software has been able to optimise
the baseline to yield a better and positive projected NPV throughout
the planned 10 years.

However, the objective of this study was not only to optimise
NPV, but to determine if the optimised NPV would yield a
sustainable mining plan. This was also tested by reviewing the
carbon footprint resulting from these mining models. The total fuel
consumption associated with each model’s NPV was collected and
analysed. This fuel data was then converted to carbon emissions
to improve comparability. By analysing the carbon emissions,
the carbon footprint of each model was derived. At a glance, the
carbon footprint of the baseline model and the optimised model
may exude a similar trend. However, further analysis indicates that
between year 1 to 5, the carbon emissions of the baseline model are
25% lower than that of the optimised model. This is because the
baseline model operates on the shortest and easiest access routes
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during this period, whereas the optimised model seeks to ensure
that it mines in sequence. Between year 6 to 10, the baseline and
optimised models both show an increase in carbon footprint owing
to an increase in fuel consumption due to an increase in travelling
distances, that is, pit expansion farther from the main surface
infrastructure and stockpiles. During this period, the baseline
model’s carbon footprint exceeds that of the optimised model by
31% owing to the fact that the model has exhausted the shorter
hauls and often hauls from C5 to the stockpiles. This finding
indicates that when operational costs increase, the optimised model
is the ideal model in that it produces the highest NPV and lowest
carbon footprint for the 10-year period at Mine A.

It would not do the research justice to only analyse NPV and
carbon footprint independently, as it is not clear how the two
variables relate. Therefore, another analysis was performed to
determine if a relationship exists between the NPV and carbon
footprint. By observation of the graphical representation of the
data, one can assume that NPV is inversely proportional to carbon
footprint for both the baseline and optimised models. Hence, the
Spearman’s correlation test was conducted. The purpose of the test
was to determine if a correlation (relationship) exists between the
two variables. By applying Spearman’s equation to the baseline
and optimised models’ data sets, a correlation coefficient of -0.2
and -0.7 were calculated for the baseline and optimised models,
respectively. The negative sign indicates a negative relationship,
meaning that it can be conclusively stated that for both the baseline
and the optimised models, the NPV is inversely proportional to
the carbon emissions. This means that an increase in one variable
will result in a decrease in the other at Mine A. Do note that this
remains true for the baseline model, especially when operational
costs are high. However, the optimised model offers a chance to
mitigate this by reviewing multiple scenarios and maintaining the
sequence to achieve all set objectives.

The hypothesis test was conducted employing the p-value test
to determine if this conclusion is true at any point in time at Mine
A. Results show that the conclusion holds for the baseline model
only. It appears that the optimised model’s inverse proportionality is
only representative of this particular data set. This means that using
a predictive model to determine carbon emissions outside this data
range could provide incorrect data. Furthermore, this elaborates
the need for concurrent incorporation of the carbon footprint
calculations simultaneously with the cash flow projections during
the planning phase to ensure that the correct values are obtained
and the informed assumptions are made.

The final hypothesis test was employed to determine the
relationship between NPV and discount rate. It can be said that
NPV is indeed dependent on the discount rate. This can be
observed by analysing the sensitivity of the NPV against a changing
discount rate, showing direct proportionality to the discount rate
for both models. However, the optimised model is less sensitive to
the discount rate when compared with the baseline model.

Conclusions

This study has confirmed that primarily focusing on NPV as a
success criterion can be short-sighted. This is because the mine
planning optimisation engines do not have a carbon emissions
estimator built into the mine planning software. Therefore,
by default, the system always optimises for productivity and
profitability instead of striking a balance.

To achieve sustainable mining, the relationship between NPV
and carbon footprint should be investigated simultaneously and
concurrently with long-term planning. This way, a more proactive

The Journal of the Southern African Institute of Mining and Metallurgy

approach is adopted towards reducing carbon emissions from the
initial stages, rather than only proactively in mine rehabilitation
and mine closure. Mine planning software developers need to
incorporate carbon footprint calculations into the long- to short-
term planning modules of the software. A proactive approach
facilitates informed decision-making; for example, at Mine A,
choosing the optimised model increases the probability by 62%
and enables the strategy team to evaluate NPV relative to years
associated with elevated carbon emissions. This short-term
compromise, if efficiently reported in the now-mandatory annual
ESG reports, could improve funding and investment opportunities
by demonstrating proactive, sustainable mining practices. This also
supports a more responsible mining industry.

It is recommended that the study is expanded to cover multiple
commodities and industries. Mine A and other mining operations
should consider incorporating carbon footprint estimations
throughout the life of mine planning to improve environmental
awareness and adopt a proactive approach to sustainable mining.
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Appendix A

Cash flow and production reporting for the baseline model over 10 years

7] 2 3] 4 5] 6 7] g 9 10{Grand Total (million)
IAUD, in gold (in million USD) 27277.18| 20104.21| 17990.37| 16215.91| 12638.84[ 1422099127490 11108.40| 4237.77 | 0.06 138543.00

Crusher_dst 15.84 15.20 11,51 8.47 12.67 15.34 1293 1226 | 308|000 106.70
WD110_dst 365 458 1.20 1.46 0.00 0.00 1.80 473 296 | 0.00 20.39
WD121_dst 1.91 0.00 011 0.47 0.00 0.00 0.00 0.50 126|000 4.26
WD122_dst 147 22.27 0.00 0.04 0.00 0.00 0.13 124 119|000 26.05
WD200_dst 3.96 342 1.80 0.79 4524 1634 || 6.77 3173 | 1548 | 0.06 125.59
WD211_dst 33.57 0.98 174 0.37 0.69 867 459 0.19 139 | 0.00 52.19
WD212_dst 9.26 7.75 0.10 1.55 5.00 8.24 358 3165 | 153 | 0.00 68.75
WD213_dst 141 16.61 0.38 0.52 2.00 1169 | 375 0.95 0.70 | 0.00 38.02
WD220_dst 1.76 0.44 32.63 0.08 0.46 9.02 197 0.96 0.90 | 0.00 48.20
WD241_dst 0.66 0.00 6.44 0.32 1.79 585 287 078 085 | 0.00 19.56
WD242_dst 1.19 0.89 0.38 0.27 137 463 3.53 0.81 139 000 14.45
WD243_dst 2.14 022 0.51 0.00 132 453 1.43 026 1.61 0.00 12.02
WD252_dst 3.02 14.60 0.51 0.41 1.10 7.36 447 4.46 093|000 36.86
WD310_dst 0.70 0.00 1.72 19.13 5.82 0.00 1468 || 0.00 002|000 42.06
WD320_dst 0.79 0.00 0.01 7.85 5.13 0.00 1453 || 0.00 0.00 | 0.00 28.32
WD330_dst 0.24 0.00 24.37 44,08 7.04 0.00  [=rsre— 0.00 0.13 0.00 89.66
Mining Cost Total 81.27 86.96 83.39 85.63 89.73 9167 | 90.19 | 9053 | 3343 | 006 733.06
Crusher_dst 74.00 74.00 74.00 74.00 74.00 7400 | 7400 | 7400 | 4756 | 0.00 639.56
Processing Cost Total 74,00 74,00 74.00 74.00 74.00 7400 | 7400 | 7400 | 4756 | 0.00 639.56
PRILG_STK 0.00 0.00 0.00 14.00 3.39 1.31 8.84 5.0 002|000 32.66
PRIMG_STK 0.00 2.16 6.03 1.2 1.05 0.24 0.87 0.87 0.00 | 0.00 13.15
SAPLG_STK 0.00 0.00 0.00 5.98 6.2 0.12 2.18 6.15 24.03 | 0.00 47.75
SAPMG_STK 0.00 0.00 8.61 0.05 0.0 0.00 0.00 0.00 0.00 0.00 B.66
Reclaim Cost Total 0.00 216 14.64 24.95 B 167 11.89 1211 2405 | 0.00 102.21

MS_777D ROCK 0.87 0.09 0.45 7.40 0.85 0.35 0.53 0.21 0.33 0.00 11.09
_ 8.18 9.57 10.55 11.66 10.28 5.46 12.79 9.92 2.79 0.01 81.20
al [Hauling Operating Cost Total | 8.05 9.66 11.00 19.06 11.14 5.80 13.32 10.12 3.12 0.01 92.29
0.32 0.03 0.1 1.10 0.30 0.10 0.18 0.05 0.07 0.00 2.27
_ 2.58 3.43 1.61 1.04 245 1.37 1.46 3.02 0.89 0.00 17.85
Hauling Fuel Cost Total 2.90 3.46 1.72 2.14 2.75 1.47 1.64 3.08 0.96 0.00 20.12
SHOVEL-ROCK 0.41 0.04 0.22 2.02 0.42 0.23 0.29 0.15 0.33 0.00 4.1
3.80 4.19 4.01 2.21 3.81 4.00 3.94 4.08 1.49 0.00 31.53
tal| Loading Operating Cost Total | 4.21 4.23 4.23 4.23 4.23 4.23 4.23 4.23 1.82 0.00 35.65
i 575.00 0.00 13.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 588.00
Net Cash Flow 26530.76| 19923.75| 17788.37| 16005.70| 12446.37| 14042.06| 14554.12 10914.33| 4126.83 | -0.01 136332.00
Discount Factor 0.92 0.84 0.77 0.71 0.65 0.60 0.55 0.50 0.48 0.42
Present Value 24340.14| 16769.42| 1373589 11338.84| 8089.28 | 8372.82 | 7961.60 | 5477.53 | 1900.11 | -0.01 97985.63

Cumulative Present Value 24340.14| 41109.56| 54845.45| 66184.29| 74273.57| B82646.39| 90608.00{ 96085.53| 97985.64) 97985.63

Appendix B
Cash flow and production reporting for the optimised model over 10 years
Period _|__
Ca: s B gl 2[ 3 4 5] 6] 7 8 9 10|Grand Total (million)

1AUD. gold (n millon USD) _[286827.56] 21207.58] 22771.50] 22475.49] 19156.25| 20262.75] 15620.03] 29695.67  21536.44] 717,32 21293188
Crusher_dst 1584 1154 1583 1564 1130 1579  0.87] 1584  11.22] 1244 135.28
WD110_dst 000 000 000 168 000 00 3.72“ 161 5453 058 62.12
WD121_dst 0.00]  000[ 000] 2616] 000] 000] 059] 000 _ 0.00] 0.0 2675
WD122_dst 90.29 1.49| 114.98 85.62 22.52 0.42 60.89)| 156.41 40.25 0.95 573.82
WD220_dst 000 000 _ 000 000 000 000] 0.00] 001 859 0.00 860
WD241_dst 267 135 270|109 1526] 000 2714 188 249 331 57.88
WD243_dst 0.02 0.24 0.53 40.21 0.00{ 155.03 5.82 0.21 18.12 0.92 221.11
WD252_dst 066 241 236 133 073] 158  268] 032 2339 144.26 178.71
WD310_dst 000 025] 000 308] 1763  000] 000 000 013 000 21.12
WD330_dst 0.96 83.39 0.00 0.80 50.74 0.83 1.59 0.00 0.00 0.00 138.31
11043 100.70] 136.40] 17561 118.18] 173.64] 112.29] 176.28 168.72| 162.45 1424.70

7400 7400] 7400  7400] 7400] 7400 7400 7400  74.00] 74.00 740.00

7400 74.00] 7400 7400 7400] 7400 74.00] 7400 74.00] 74.00 740.00

0.00 1456 001 067 771 000 535 0.00 1565 _ 9.07 53.03

0,00 0,00 0% 7.67 0.16 14.87 0.00 0.00 245 2515

0.00 1456 001, 067 15.38] _ 0.16] 20.22  0.00__ 1565 11.52 78.18

716 5.9 4.0 11210 3.93 .91 0.24 10.61 0.8U 2.6l 7390,

374] 1577 1104 200 1538 297  1.08| 484 433 1088 72.92

10.89 21.66 16.64 13.21 19.31 10.48 9.30 20.65 11.13 13.56 146.82

202 098] 190 33|  1.14] 26| 226 407 175 0.8 2053

121 1.02] 450 040 08| 054 021 173 0.89] 364 14.82
323 200 640 375 1.82] 270 247 580 264 453 35.35)

3.79 1.75 1.51 7.85 2.59 5.54 5.16 6.63 4.16 1.58 40.56

1.98 3.06 5.22 0.81 3.18 3.12 0.61 2.02 3.84 6.43 30.26

577] 481 673 86s| 577| 865|577 865 801 801 70.82

575.00 0.00 13.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 588.00

28048.27| 20989.84| 22518.31| 22203.59] 18921.81| 19993.16| 15595.97|23406.49_21265.30|16903.26 209848.01

092 (084 Jo77 _ Jo71 065 060  [0.55 (050 046|042

_ |Present Value 25732.36|_17666.73| 17388.27 | 15720.58] 12207.88] 11921.27] 8531.53|11747.93_ 9791.14] 7140.12 137946.80
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