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Abstract 
A theoretical upper limit for the annual primary supply rate of copper is estimated under the overoptimistic assumption that all known mineral deposits can be mined 
simultaneously. Factors for mineral resource and reserve-to-production relationships – often referred to as Taylor’s rule – were derived for specific deposit types and 
mining methods based on data for existing mining operations. These were used to estimate potential production rates with uncertainty bounds for the remaining set of 
known deposits that are not currently being mined. A Monte-Carlo analysis was performed and the 90% confidence intervals for the upper limit of primary supply were 
determined. For the deposits (n = 407) with defined mineral reserves in 2015 (649 Mt Cu) this was found to be 22-27 Mt Cu/year. For the broader set of deposits (n = 2296) 
with resource estimates in 2015 (3,054 Mt Cu) this was found to be 59-69 Mt Cu/year. Published scenarios indicate that annual primary copper demand may reach the 
upper primary supply limit derived from mineral reserves by the middle of this century, but not the upper limit derived from identified mineral resources. This suggests 
that successful conversion of mineral resources to reserves and subsequent mine development may be able to bridge potential supply-demand gaps. Further analysis of 
factors not considered by this study such as social and environmental considerations and the availability of labour, equipment, energy and capital into the sector may 
provide further insight into the upper limits of primary copper supply. 
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Estimating an upper limit for primary copper supply using empirically 1 

derived mineral resource-to-production rate relationships 2 

 3 

Abstract 4 

A theoretical upper limit for the annual primary supply rate of copper is estimated under the overoptimistic 5 

assumption that all known mineral deposits can be mined simultaneously. Factors for mineral resource and 6 

reserve-to-production relationships – often referred to as Taylor’s rule – were derived for specific copper 7 

deposit types and mining methods based on data for existing mining operations. These were used to 8 

estimate potential production rates with uncertainty bounds for the remaining set of known deposits that 9 

are not currently being mined. A Monte-Carlo analysis was performed and the 90% confidence intervals for 10 

the upper limit of primary supply were determined. For the deposits (n = 407) with defined mineral reserves 11 

in 2015 (640.9 Mt Cu) this was found to be 22-27 Mt Cu/year. For the broader set of deposits (n = 2296) with 12 

resource estimates in 2015 (3,054 Mt Cu) this was found to be 59-69 Mt Cu/year. Published scenarios 13 

indicate that annual primary copper demand may reach the upper primary supply limit derived from mineral 14 

reserves by the middle of this century, but not the upper limit derived from identified mineral resources. 15 

This suggests that successful conversion of mineral resources to reserves and subsequent mine development 16 

may be able to bridge potential supply-demand gaps. Further analysis of factors not considered by this study 17 

such as social and environmental considerations and the availability of labour, equipment, energy and 18 

capital into the sector may provide further insight into the upper limits of primary copper supply. 19 
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1. Introduction 24 

Over a decade ago, Gerst (2009) published an upper bounding scenario for primary (i.e. mined) copper 25 

demand, finding that by 2100 the in-use stock of copper may be as large as contemporaneous estimates of 26 

identified mineral resources. This upper bound was not intended to represent a likely outcome, as it 27 

specifically excluded important factors such as recycling, but rather it was meant as “an exploration of the 28 

bounds of possible technological outcomes” (Gerst, 2009). Before and since then, a myriad of studies has 29 

modelled strong growth in primary copper demand towards the middle of the 21st century in response to 30 

continued socio-economic development and the deployment of technologies required to electrify and 31 

decarbonise the global economy (e.g. Watari et al., 2020; 2021; 2022; Dominish et al., 2019; Klose and 32 

Pauliuk, 2023; Schipper et al., 2018; IEA, 2024). Emerging from these studies and the public discourse 33 

surrounding them are growing concerns regarding society’s ability to meet long-term copper demand with 34 

primary supply from the mining sector, even with enhanced supply from secondary sources and recycling 35 

(Elshkaki et al., 2018; Hunt et al., 2021). 36 

These concerns have emerged despite the majority of these studies not actually assessing primary material 37 

supply constraints in detail (Singer et al., 2017; Watari et al., 2021).1 To the extent that such constraints are 38 

considered, typically it is just through comparison of cumulative primary demand over time against static 39 

estimates of mineral reserves or resources (Hunt et al., 2021). Yet this approach is regarded by many 40 

scholars to have limited utility for understanding long-term supply potential due to uncertainties associated 41 

with future exploration, technology development and the relationship between mineral reserve/resource 42 

definitions and prevailing economic conditions (Tilton and Lagos, 2007; West, 2020; Wellmer, 2022). These 43 

factors combine to create price and economic feedback cycles that mean that any likely impending mineral 44 

scarcity has often historically been overcome through additional investment in exploration, mine 45 

development, demand reductions, material substitutions, product substitutions and technology 46 

development (Wellmer and Dalheimer, 2012; Tilton et al., 2018).  Existing studies have also given only 47 

limited consideration to annual supply rates that are actually achievable based upon defined mineral 48 

reserves and resources. Studies that assess future supply rates often use highly aggregated estimates 49 

derived from methods such as fitting Hubbert curves to historic production and estimates of ultimately 50 

recoverable resources, despite the shortcomings of these types of approaches (Meinert et al., 2016; Tilton, 51 

2018; Riondet et al., 2023). More sophisticated, but often still aggregated approaches using systems 52 

dynamics modelling are also being used for these purposes (see Watari et al., 2021). Deposit scale estimates 53 

of achievable production capacity have rarely been incorporated into scenario models, although some 54 

examples do exist (e.g. Kushnir and Sandén, 2012; Guj and Schodde, 2025) and we note that new scenario 55 

modelling approaches have been developed to incorporate this more explicitly (Northey et al., 2023).  56 

To provide a thematic continuation from the work of Gerst (2009), we estimate the upper limits of annual 57 

primary supply of copper using the overoptimistic assumption that all known mineral deposits can be 58 

exploited simultaneously. This upper estimate is found by relating the estimated mineral reserve and/or 59 

resource of each deposit to the annual mine production rates that they can support – using empirically 60 

derived factors for a power law relationship (P=aRb) that is often known as Taylor’s rule (Taylor, 1977; Long, 61 

 

1 In a review of 70 studies of long-term scenario analysis of metal supply and demand, Watari et al. (2021) found that 
only 27 explicitly addressed physical availability. Of these 27, 17 simply considered projected demand in relation to 
reserve or resource estimates, while only 10 modelled supply using either the Hubbert curve model, scheduling models, 
systems dynamics models, linear programming models or predator-prey models. 
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2009; Wellmer and Drobe, 2019). The derived upper limits for primary supply provide the basis to conduct a 62 

sanity check on published scenarios for long-term primary copper demand – raising important questions 63 

regarding future sustainable development, the material requirements of technology deployment and the 64 

need for continued mineral exploration and possible material substitution. 65 

2. Methods 66 

2.1. Approach for Estimating an Upper Limit for Primary Metal Supply Rates 67 

A multi-stage process was used to estimate the upper limit of annual primary supply for copper. The main 68 

steps in this process were: 69 

1. Collation of datasets for copper mineral resources, reserves and mine production and classification 70 

2. Classification of existing mines into open pit (OP), underground (UG) or both open pit and underground 71 

(OP-UG) mine types. 72 

3. Derivation of regression factors for power-law resource or reserve-to-production relationships (i.e. 73 

Taylor’s rule; P=aRb) on both an ore basis2 and a contained metal basis for each deposit type and mine 74 

type combination. 75 

4. Estimation of production rates, including uncertainty bounds, for all deposits not currently being 76 

mined.  77 

5. Estimation of the upper limit for annual primary supply based on a Monte-Carlo analysis of the sum of 78 

observed production rates at existing mines and those derived for deposits not currently being mined. 79 

6. Determination of the minimum and maximum number of mines required to reach a given annual 80 

supply rate. 81 

The upper primary supply limits were then compared to several primary demand scenarios from the 82 

literature. 83 

2.2. Data Preparation 84 

A published dataset for globally identified copper deposits was used as the basis of this study (Mudd and 85 

Jowitt, 2018). This dataset contains a mixture of the reported mineral reserves, mineral resources, metal 86 

grades, contained metal tonnages and deposit type classifications of 2,301 deposits for the year 2015. 87 

Mineral resources estimates within the dataset are inclusive of reserves when these have been defined (and 88 

reported) for a given deposit. Estimated contained copper within the mineral resources and mineral reserves 89 

in this dataset amount to 3,034.7 Mt Cu and 640.9 Mt Cu, respectively. This represents a minimum estimate 90 

of total copper in known resources and reserves given that reporting is incomplete as a result of some 91 

resources and reserves being held by private or government entities or by differences in reporting standards 92 

 

2 Noting that under the CRISCRO International Reporting Template (CRISCRO, 2024), the term “ore” should only be used 
in reference to a mineral reserve estimate due to connotations of economic feasibility and should not be used for 
describing a mineral resource. However, in the context of this article it is assumed that all identified mineral resources 
would be economic to mine and so a broader, more colloquial definition of the term “ore” is used to also refer to 
mineralised material forming a mineral resource estimate.  
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and requirements for different countries, meaning that some known reserves and resources are unreported 93 

or have no publicly available data. Building on this published dataset, we classified individual deposits within 94 

these datasets based upon whether they were being actively exploited by a mining operation in 2015 and 95 

have used compiled estimates of annual ore production and annual metal production in 2015 for each 96 

deposit in the dataset. These production statistics are primarily based on a mixture of mining industry 97 

technical and financial corporate reporting, industry association reporting, as well government reports and 98 

databases. We have assigned a primary mining method (open pit and/or underground) for each mine being 99 

exploited and cross-validated these where possible using a combination of industry corporate and technical 100 

reporting, satellite imagery and web-based searches and data sources such miningdataonline.com. We also 101 

initially sought to sub-classify underground mining methods but decided against this once we identified that 102 

a significant number of underground mines utilise multiple mining methods (e.g. stoping, caving, etc.) that 103 

become difficult to quantitatively resolve due to data limitations. Instead, the influence of differing 104 

underground mining methods is captured implicitly as part of our uncertainty analysis. A summary of the 105 

classified datasets is provided in Table 1. This includes annual copper production statistics for 189 copper 106 

mines constituting ~12.5 Mt Cu production in 2015, which represents ~65% of the estimated 19.3 Mt Cu of 107 

global mine production in 2015 (BGS, 2025).  These data include mines that produce Cu as a main product as 108 

well as those that produce Cu as a co- or by-product of one or more main products (e.g. gold, molybdenum, 109 

nickel). This co-production was not explicitly considered as part of this analysis. 110 

2.3. Empirically deriving factors for mineral resource or reserve-to-production rate relationships 111 

Equation 1 shows a simple power law relationship that can be used to predict mineral production rates (P; 112 

mass.time-1) based upon a deposit’s given mineral resource or mineral reserve estimate (R; mass). This is 113 

sometimes referred to as Taylor’s Rule in the minerals industry, after the original study on the issue by 114 

Taylor (1977). The empirical calibration factors a and b have previously been fitted for this relationship by 115 

other authors (Long, 2009; Wellmer and Drobe, 2019) and been shown to have sufficient predictive capacity 116 

for use when determining likely ranges of production capacity for mine feasibility studies. Achieved mine 117 

production rates are observed to generally increase as deposit size increases, albeit in a non-linear way due 118 

to physical, operating and economic constraints that can be quite variable across mine sites. 119 

Equation 1:  𝑷 = 𝒂 ∙ 𝑹𝒃 120 

The calibration factors available in the literature have some limitations in terms of suitability for the research 121 

presented in this paper. Literature values have often been derived using datasets that include multiple 122 

datapoints for individual mines in cases where they have undergone expansion to higher production rates 123 

and larger defined reserves throughout their mine life, which may introduce some bias into the datasets. 124 

These literature values are almost always derived based on estimated mineral reserves rather than mineral 125 

resources (Long, 2009; Taylor, 1986; Wellmer and Drobe, 2019), whereas for most identified deposits we 126 

only have mineral resource estimates. The literature values discussed here are also often derived by 127 

excluding mines using block caving from underground mine datasets and instead grouping these with open 128 

pit mines when deriving calibration factors (Long, 2009). In subsequent studies we plan to use these 129 

relationships as part of modelling to understand potential land-use change impacts associated with mining, 130 

where the distinction between open pit and underground mining and different deposit types is critically 131 

important. For these reasons we decided to derive new calibration factors more directly suited to our 132 

purpose using the datasets described previously in Section 2.2. As part of this, our calibration factors 133 

produce supply capacities in units of tonnes ore per year or tonnes recovered copper per year, whereas 134 
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most factors presented in the literature are derived for units of tonnes per day. We view this as a more 135 

appropriate presentation, as we are working with annual production data and so resolving to achieved 136 

hourly production rates would require additional assumptions for mine operating periods or utilisation. 137 

The a and b calibration factors for the relationship in Equation 1 were derived to relate: (1) a mineral 138 

resource estimate (inclusive of reserves when available) to annual production, and (2) a mineral reserve 139 

estimate to annual production. This was done through regression analysis of log10 transformed data for 140 

every deposit type and mining method combination on both ore and contained metal bases. Explanatory 141 

variables were calculated for the regression data including the coefficient of determination (R2), the 142 

standard error of the slope (SE), the geometric standard deviation (SD) and the probability of the null 143 

hypothesis (p). Regression factors derived for some deposit type and mine type combinations were excluded 144 

from use in the subsequent analysis, as they were derived from an insufficient sample size (n<=3) or were 145 

not statistically significant (p>0.05). 146 

2.4. Estimating Upper Primary Supply Limits via Monte Carlo Simulation 147 

The upper supply limit is defined on the assumption that all known deposits can be mined simultaneously 148 

and so is the sum of estimated production rates (P) for all deposits (d) (Equation 2). There is considerable 149 

uncertainty associated with estimating the production capacity of individual deposits and the observed 150 

values follow a log-normal distribution. As log-normal distributions are positively skewed the simple 151 

summation of Taylor’s rule derived production capacities for all deposits without considering uncertainty 152 

would be biased to underestimate total upper supply capacity. For this reason, Monte-Carlo analysis of 153 

Equation 2, considering the uncertainty of estimated production rate for each deposit, was performed 2000 154 

times and weonly present results for the full range of calculated upper primary supply limits. 155 

Equation 2:  𝑼𝒑𝒑𝒆𝒓 𝑺𝒖𝒑𝒑𝒍𝒚 𝑳𝒊𝒎𝒊𝒕 = ∑ 𝑷𝒅 𝒅  156 

For each simulation of the Monte-Carlo analysis, where the production rate deposit in 2015 was known, this 157 

this original production rate was used. To estimate the production capacity of all other deposits without a 158 

known production rate, Equation 1 is first applied to determine a mean estimate for each deposit (d). This 159 

was incorporated into a log-normal probability distribution function (Equation 3) to stochastically estimate 160 

production rates for each deposit, also using the geometric standard deviations derived from the regression 161 

analysis. Deposit type specific factors were used in cases where there was a high likelihood of statistical 162 

significance for the derived factors (p value < 0.05). In other cases, the factors derived for the set of all 163 

copper mines was used. 164 

Upper supply limits derived from the set of deposits with mineral reserve estimates and the set of deposits 165 

with mineral resource estimates were estimated on both a metal and an ore tonnage basis.  166 

Equation 3:  𝑃𝑑 = 𝑓(𝑥) =
1

√2𝜋
𝑒−

1

2
(

𝑥−𝑎𝑅𝑑
𝑏

𝜎
)

2

  167 

3. Results and Discussion 168 

3.1. Derived mineral resource and reserve-to-production rate factors 169 
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Figure 1 shows the derived regression factors for the set of all mines for which production data was available 170 

in 2015. Additional figures are available in the electronic supporting information for all mine and deposit 171 

type combinations (see Supplementary Figures 1 to 45). 172 

The regression factors derived for mineral resource and reserve to production rate relationships are shown 173 

in Table 2. Statistically significant (p<0.05) relationships were derived for a number of deposit types including 174 

porphyry, iron oxide copper-gold (IOCG), magmatic sulphide, skarn, sediment-hosted and volcanic massive 175 

sulphide (VMS) deposits as well as for open pit and underground mines across the full set of copper deposits. 176 

However, for specific mine type and deposit type combinations, many of the derived regression relationships 177 

were found to not be statistically significant (e.g. open pit mining of magmatic sulphide deposits), potentially 178 

in part due to small sample sizes.  179 

Copper mines vary considerably in their scale of production. For open pit mines, the observed annual supply 180 

rate range from 185 kt – 184 Mt ore/year and 400 – 828,400 t Cu/year, with mineral reserves ranging from 181 

1.3 Mt – 8.6 Gt ore and 1 kt – 50.6 Mt Cu and mineral resources ranging from 7.4 Mt– 19 Gt ore and 84.5 kt – 182 

104 Mt Cu. In comparison, underground mines have observed annual supply rates that range from 17 kt–59 183 

Mt ore/year and 100 t – 471 kt Cu/year, mineral reserves that range from 289 kt– 1.7 Gt ore and  1 kt – 15 184 

Mt Cu, and mineral resources that range from 289 kt – 21.7 Gt ore and 1.6 kt – 99 Mt Cu. Deposits with 185 

defined reserves above ~83 Mt ore or resources above ~140 Mt ore were more often mined via open pit 186 

methods than underground. The dataset contained some outliers, such as several medium-to-high tonnage 187 

deposits with very low annual copper supply rates. Factors contributing to this are varied, but include some 188 

mines being in their initial stage of production ramp up and also some mines primarily target other 189 

commodities, where copper is being extracted from low copper grade ore as a co- or by-product of another 190 

commodity. Despite the presence of these outliers, sample sizes were generally large enough that most 191 

regressions had a good statistical fit. 192 

Regressions performed using reserves data typically resulted in a higher coefficient of determination (R2) and 193 

a lower geometric standard deviation (SD), although there are exceptions for some deposit type and mine 194 

type combinations. This is notable as previous studies have relied on mineral reserve estimates when 195 

deriving similar regression factors, including the two most relevant studies by Taylor (1977) and Long (2009). 196 

Long (2009) in particular provided updated factors for copper deposits on a metric tonnes per day basis 197 

based on data for 94 open pit (and block caving) and 31 underground mines (with high geographical bias 198 

towards Australia and the Americas). 199 

Definitions for mineral reserves and resources have varied across jurisdictions and through time, but in 200 

general mineral reserves have a higher degree of economic and/or geologic certainty and an associated 201 

higher likelihood to be economically recoverable (i.e., the essential definition of a reserve). Mineral reserve 202 

estimates are also influenced by modifying factors to better incorporate aspects of the economic and 203 

technical feasibility of ore extraction, which can be highly tailored and site specific (Jowitt and McNulty, 204 

2021). There is increasing conformance of mineral reserve and resource reporting terminology across 205 

jurisdictions as a result of initiatives such as those by CRISCRO (2024). Wellmer and Drobe (2019) noted that 206 

mining projects in China and Russia had smaller installed production capacity than predictions based on Long 207 

(2009)’s regression factors, suggesting that one reason could be due to differences in mineral reserve 208 

reporting standards. The deposit data used by this study includes both reporting code and non-code 209 

compliant mineral resource estimates (Mudd and Jowitt, 2018) and so these types of biases and 210 

uncertainties may be embedded in the dataset.  211 
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3.2. Upper Supply Limits based on Monte Carlo Simulation 212 

The derived upper primary supply limits for copper resources are shown in Figure 3 and in Supplementary 213 

Figure 51. For the set of deposits with mineral reserve estimates the 90% confidence interval for the upper 214 

primary supply limit is estimated to be 22-27 Mt Cu/year and 4.6-6.0 Gt ore/year. In comparison, for the set 215 

of deposits with mineral resource estimates the 90% confidence interval for the upper primary supply limit is 216 

59-69 Mt Cu/year and 12-15 Gt ore/year. 217 

These derived upper primary supply limits can be compared with published scenarios for primary copper 218 

demand, which may provide some indication of their potential feasibility. Increasingly, scenarios for future 219 

mineral production and commodity demand are incorporating defined scenario frameworks, such as the 220 

shared socio-economic pathways (SSP) that were developed for understanding socio-economic transitions 221 

and climate mitigation pathways (O’Neill et al., 2017). Some scenarios for primary copper demand have 222 

been evaluated for SSPs, for instance Klose and Pauliuk (2023) modelled primary copper demand for SSP2 223 

under both business-as-usual and a resource efficiency scenario. The results of their study are also shown in 224 

Figure 3, demonstrating that although primary copper demand has the potential to exceed the upper 225 

primary supply limit of identified reserves by 2050, there is also strong potential for implementation of 226 

resource efficiency strategies to constrain primary demand growth below this. Likewise, scenarios from 227 

Schipper et al. (2018) assuming high copper recycling rates (90%) do not exceed the potential upper annual 228 

supply limit of currently identified copper reserves under SSPs 1 to 4, although by mid-century this could be 229 

exceeded under SSP5. Scenarios produced by the International Energy Agency for primary copper demand in 230 

2040 also do not exceed the potential upper supply limits of deposits with reserves (IEA, 2024). 231 

Increasingly, scenario modelling approaches are attempting to understand required rates of future mine 232 

development and the extent to which mineral resources can support mineral supply rates into the future. 233 

For instance, the recently developed PEMMSS model (Northey et al., 2023) has been designed to utilise the 234 

resource-production relationship when evaluating the likely achievable rate of production from known 235 

deposits and potential future discoveries. Other recent modelling approaches are also providing new insights 236 

into how mineral supply rates may be influenced by price (and vice versa) (Ryter et al., 2024). There are 237 

multiple economic feedbacks and price signals that regulate the supply, demand and availability of mineral 238 

resources through changes to cut-off grades and the economic feasibility of resource exploration, 239 

development, mine expansion, mineral co-production and demand side responses (Wellmer and Dalheimer, 240 

2012; Tilton et al., 2018). Systems dynamics models incorporating some of these feedback mechanisms have 241 

been developed for the copper sector and have been used to develop scenarios for future copper supply 242 

(Sverdrup et al., 2014). We note that scenario modelling approaches considering identified copper resources 243 

as a fixed stock without consideration for further resource discovery or expansion will inevitably produce 244 

results depicting a looming peak in annual primary copper supply. On this basis, scenarios of Northey et al. 245 

(2014) and Sverdrup et al. (2014) produced peak primary copper supply of 25.3-27.5 Mt Cu/year and ~21 Mt 246 

Cu/year, respectively. The results of these studies are within the range of upper primary supply limit of 247 

copper reserves identified in 2015, but well below the upper primary supply limits estimated from identified 248 

copper resources in 2015. The underlying assumptions and model design used in these types of studies 249 

should be carefully considered when interpreting scenario results. Our perspective is that the significant 250 

inherent uncertainty associated with any scenario modelling of both the timing and magnitude of peak 251 

primary copper supply should be emphasised when communicating study results. These should also be 252 

considered alongside the ongoing, healthy debate in the literature regarding the case for both economic-253 

techno-optimism and fixed stock pessimism in relation to future copper supply (Gordon et al., 2006; Tilton 254 
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and Lagos, 2007; Gordon et al., 2007; Kerr et al., 2014; Meinert et al., 2016; Singer, 2017; Tilton et al., 2018; 255 

Jowitt et al., 2020; Guj and Schodde, 2025). 256 

There may also be significant potential for improvements to material efficiency and end-of-life management 257 

of materials to dramatically reduce the long-term need for primary material supply. Dominish et al. (2019) 258 

identified the need for implementation of strategies to slow and narrow material flows through the 259 

economy. In addition, Watari et al. (2022) identified that application of a proportional carbon budget to the 260 

copper sector would require suppression of long-term primary copper demand. Examples of how primary 261 

demand growth could be suppressed include activities that extend the lifetime of products, improve 262 

collection rates for end-of-life products and scrap, improve recovery and recycling efficiencies at all stages of 263 

production systems, as well as change societal expectations regarding acceptable rates of material 264 

consumption and consumerism (Dominish et al., 2019; Klose and Pauliuk, 2023; Watari et al., 2022). Beyond 265 

stock dynamics, copper market dynamics may also heavily influence secondary supply over the long-term 266 

and development of markets specifically for copper scrap could be a mechanism to influence this (Ryter et 267 

al., 2022). The combination of these types of measures may constrain growth in primary copper demand, 268 

hopefully to within any fundamental primary supply limits.  269 

3.3. Implications for the Future 270 

The feasibility of some long-term demand scenarios for copper should be considered. The results of this 271 

analysis suggest that both strong implementation of circular economy strategies (including copper demand 272 

reduction, reuse and recycling) and also continued investment in mineral exploration to identify additional 273 

mineral resources will both be required to bridge the gap between the future supply and demand of copper. 274 

In the absence of a publicly accessible concrete mine plan, Taylor’s rule provides an empirical estimate of the 275 

likely lifetime and rate of production for a given deposit. As such, it is particularly useful in the early stages of 276 

mine development, and is frequently employed during the scoping and prefeasibility stages. For example, 277 

Taylor’s rule is incorporated into the procedures for estimation of mineral deposit value that have been 278 

developed and applied by the former US Bureau of Mines and the USGS (eg. Camm, 1991; Long and Singer, 279 

2001; Camm and Stebbins, 2020). Even prior to the planning stage of a project, Taylor’s rule has been used 280 

to winnow-down potential development options or even highlight new exploration targets. Singer et al. 281 

(1998) illustrated how estimates of mine costs derived using Taylor’s rule, combined with projected 282 

revenues from those projects may be used to categorize deposits as uneconomic, marginal or economic 283 

from an estimate of orebody tonnage. Walsh and others (Walsh et al., 2020; Haynes et al., 2020) later 284 

applied Taylor’s-rule informed cost models as part of mapping the “Economic Fairways” for exploration 285 

projects (i.e. regions favoured for mineral project development based on factors governing their relative 286 

economic viability). Mine cost modelling based on these approaches have had reasonable predictive capacity 287 

and anecdotally have seen meaningful use and adoption by industry. Improving the availability and accuracy 288 

of models and relationships for predicting production capacity have a variety of potential uses in these fields 289 

of study and analysis, so we encourage further work to update these relationships for a broader set of 290 

commodities, deposit types, mine types and regions. Long (2009) provides some useful examples including 291 

analysis of how regression factors have changed across decades, differences between commodities and 292 

mine types, and how additional explanatory factors, such as ore grades or mine expansion, can further 293 

explain observed data and refine the derived relationships. 294 

Attempts to understand the upper primary supply limit from identified resources for other commodities may 295 

also help inform discussions regarding the feasibility of future technology roll-out scenarios and the material 296 
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intensive based strategies for decarbonisation and environmental impact mitigation. We expect that this 297 

form of analysis would lead to different discussions when compared to traditional assessments of resource 298 

depletion that have tended to focus on total material stocks available to society or cumulative extraction 299 

through time. As part of this, there may be potential to better understand hard production limits for mineral 300 

co-product and by-product commodities, which have been poorly assessed to date and for which there is 301 

now only emerging reasonable approaches for global mineral resource or reserve estimation (McNulty and 302 

Jowitt, 2021; Werner et al., 2017; Werner et al., 2023; Greffe et al., 2024). Frenzel et al. (2015) also 303 

previously estimated the by-product supply potential of gallium, germanium and indium based on supply 304 

capacity of existing copper and zinc mines, providing a useful proof of concept that we suggest could be 305 

extended to also consider supply capacity estimates for undeveloped deposits. 306 

3.4. Limitations and Caveats 307 

We recommend caution when interpreting the results of this study and we emphasise that they only provide 308 

an upper bound on potential annual supply from copper resources and reserves identified in 2015. There is 309 

also uncertainty and biases that are embedded in the datasets relied on for the analysis. For instance, the 310 

derived factors for Taylor’s rule implicitly assume a static relationship between orebody size and production 311 

rate. However, it is widely recognized that the rule must be regularly updated to account for changing 312 

technology and economic factors (Long and Singer, 2001). Ideal rates of production will shift over the 313 

multidecadal lifetime of many mines. Similarly, an orebody’s nominal size will fluctuate over its lifetime, as 314 

changing circumstances render grades previously considered uneconomic, economic and vice versa. As 315 

mining will often commence before a deposit has been fully explored and delineated there can be 316 

considerable re-evaluation or expansion of defined reserves and resources through the life of a mine 317 

(Meinert et al., 2016; Jowitt et al., 2020), which has implications for the economically optimal rate of 318 

production (Wellmer et al., 2008). Price fluctuations, changing cost drivers and geologic uncertainty can all 319 

lead to change of mine plans in both positive and negative ways (Wellmer and Dalheimer, 2012) and 320 

techniques such as real options analysis can be used to identify opportunities for counter-intuitive 321 

optimisation decisions, such as increasing ore throughput to process operations to maximise short-term 322 

production and revenues at the expense of life-of-mine recovery (Yap et al., 2013). 323 

Given these types of confounding factors and uncertainties, it should be emphasised that Taylor’s rule only 324 

gives a rough approximation of potential production rates for any individual deposit. More precise 325 

quantifications are made during advanced feasibility, engineering design and mine planning processes where 326 

information on deposit geomorphology, block modelling, mining methods, equipment selection and 327 

metallurgical process design is combined to establish anticipated production schedules. Anticipated 328 

production rates in turn often differ from achieved production rates due to the realities of mine operation 329 

such as differences in modelled and achieved equipment cycle times, equipment breakage and unplanned 330 

maintenance, unexpected rock and ore characteristics, and process performance (Berkhimer, 2011; Sinclair 331 

and Blackwell, 2004). There can also be potential for ore dilution and recovery difficulties, which can result in 332 

varying copper losses to waste rock dumps and tailings through the life of a mine that affects achieved 333 

production rates. Copper ore mineralogy also greatly influences the production technology employed and 334 

the potential for bottlenecks at different stages of the process. Copper oxide ores tend to be shallower and 335 

more likely mined via open pit (although not always) and are heap leached for subsequent solvent 336 

extraction-electrowinning. In contrast, copper sulphide ores tend to be located deeper than often near-337 

surface oxide mineralisation, can be mined via either open pit or underground methods, and are typically 338 

processed to produce flotation concentrates. Many deposits also have mixed ore types (e.g. oxide caps 339 
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overlaying deeper sulphide sections), which necessarily results in changing processing requirements and 340 

performance through the mine life.  341 

The dataset of copper deposits used (Mudd and Jowitt, 2018) also has limitations that should be recognised. 342 

For instance, some datapoints represent aggregations between satellite deposits, or distinct ore zones for 343 

individual resource projects. The achievable production rate from a set of production deposits with a given 344 

aggregate mineral resource may differ when compared to if this resource was contained within a single 345 

contiguous deposit. The data quality of the reserve and resource estimates for individual deposits will also 346 

vary considerably, particularly for deposits in regions where there is less strict adherence to formal 347 

reserve/resource reporting codes (e.g. JORC, NI43-101, etc.) or for regions where mineral deposits are 348 

controlled by private entities or subsidies or by government-controlled entities without formal reporting 349 

requirements. In addition, the deposits contained in the datasets represent mines at different points in their 350 

mine life, meaning that a variable portion of the deposits in these datasets will have already been mined, 351 

leading in turn to a variable and unquantified reduction in the associated resource or reserve.  There is also 352 

uncertainty regarding the extent of completion of exploration of individual mineral deposits within datasets, 353 

which is likely to be a significant factor given the nature of mineral resource and reserve reporting that 354 

necessarily and significantly under-reports contained metal amounts relative to the true extent of 355 

mineralized systems (Jowitt et al., 2020; Jowitt and McNulty, 2021). Many reserve / resource estimates 356 

remain ‘open’ in multiple dimensions as a result of this code-based requirement for under-reporting of total 357 

endowments that are not quantified in sufficient detail to be reported as resources. It is also unclear which 358 

individual deposits or what proportion of the deposits within these datasets could have resource sizes that 359 

may grow in responses to reduction in cut-off grades associated with altered economics and increased 360 

market prices for copper (or indeed for associated other products such as co- and by-product metals) in the 361 

future. Furthermore, although the dataset is extensive it is by no means complete since public reporting of 362 

reserves-resources for many countries remains inadequate (meaning the dataset represents an 363 

underestimate of global copper reserves/resources). In short, there is considerable unquantified uncertainty 364 

embedded in all aspects of this analysis that should be communicated alongside the quantified results of this 365 

study.  366 

4. Conclusions 367 

Concerns over society’s ability to maintain and grow primary copper supply are well founded. There are real-368 

world constraints to continued growth of mineral extraction rates that must be recognised. The ability to 369 

grow future primary copper supply will ultimately depend on several factors that go beyond the defined size 370 

of existing mineral resources, including the availability of capital, labour, infrastructure, machinery and 371 

expertise plus the social-licence of the sector. The complex inter-play between copper prices, cut-off grades, 372 

resource and reserve definitions, efficiencies of scale, geologic and economic uncertainties, variable process 373 

configurations and technologies, and the willingness to invest in exploration activities are all key long-term 374 

determinants of future availability. These are difficult to comprehensively assess due to practical data 375 

limitations and model deficiencies. 376 

Our study ignored these complex factors and relationships and instead answered a simpler question. What is 377 

an upper limit for primary copper supply, assuming that all known deposits can be exploited simultaneously 378 

at rates comparable to those observed at existing copper projects with comparable defined mineral reserves 379 

and resources? The 90% confidence interval of this theoretical upper supply limit was found to be 22-27 Mt 380 

Cu/year for the set of deposits with reserve estimates and 59-69 Mt Cu/year for the set of deposits with 381 
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resource estimates. Recent annual primary production and scenarios for future copper demand in 2040 and 382 

2050 extend firmly into the range of the upper supply limit of reserves that were known in 2015, however 383 

are well below the upper supply limit from known resources in 2015. This suggests that annual production 384 

could grow further into the future if continued exploration, demand and price signals were in place to allow 385 

conversion of known resources into reserves and then mine production. 386 

This study did not consider analysis of the so-called ‘ultimate’ copper resource accessible to society or the 387 

potential to grow primary supply from non-conventional, unidentified or undefined mineral resources. The 388 

past ten years of copper exploration has also not been considered due to the age of the resource dataset 389 

used. The study also does not include or consider secondary copper supply potential and how that may 390 

change in response to in-use stock, scrap recovery and urban mining dynamics overtime. Although these 391 

have not been assessed, we view that there may be strong long-term benefits for actions to improve 392 

resource efficiency at all stages of the copper life cycle and to enact strategies to avoid any unnecessary 393 

primary demand increases. A range of strategies can be employed in this regard (Dominish et al., 2018; Klose 394 

and Pauliuk, 2023). This may help to preserve the accessibility of mineral resources for future generations 395 

and to constrain resource exploitation to a rate that would ensure that environmental and social safeguards 396 

can be put in place alongside extractive operations. 397 

 398 
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5. References 400 

Berkhimer, E.N. (2011). Chapter 10.4, Selection and Sizing of Excavating, Loading and Hauling Equipment. 401 

(pp. 931-939) In: Darling, P. (Ed.). SME Mining Engineering Handbook, Third Edition. Society for Mining 402 

Metallurgy, and Exploration Inc (publisher). ISBN: 978-0-87335-264-2.  403 

BGS, 2025. World mineral statistics archive. British Geological Survey (BGS). Available from: 404 

https://www.bgs.ac.uk/mineralsuk/statistics/world-mineral-statistics/world-mineral-statistics-405 

archive/ (last accessed 18 July 2025) 406 

Camm, T.W. (1991). Simplified Cost Models for Prefeasibility Mineral Evaluations. US Department of the 407 

Interior, Bureau of Mines. 408 

Camm, T.W., Stebbins, S.A. (2020). Simplified cost models for underground mine evaluation, A handbook for 409 

quick prefeasibility cost estimates. Mining Engineering Department, Montana Technological 410 

University. Available from: https://digitalcommons.mtech.edu/mine_engr/16/ (last accessed 5 411 

December 2022) 412 

CRISCRO. (2024). International reporting template for the public reporting of exploration targets, exploration 413 

results, mineral resources and mineral reserves. June 2024. Committee for Mineral Reserves 414 

International Reporting Standards (CRISCRO). Available from: https://crirsco.com/wp-415 

content/uploads/woocommerce_uploads/2024/06/CRIRSCO_International_Reporting_Template_June416 

2024_Update_Approved_for_Release_20240627-dl8515.pdf (last accessed 17 July 2025) 417 

https://www.bgs.ac.uk/mineralsuk/statistics/world-mineral-statistics/world-mineral-statistics-archive/
https://www.bgs.ac.uk/mineralsuk/statistics/world-mineral-statistics/world-mineral-statistics-archive/
https://digitalcommons.mtech.edu/mine_engr/16/
https://crirsco.com/wp-content/uploads/woocommerce_uploads/2024/06/CRIRSCO_International_Reporting_Template_June2024_Update_Approved_for_Release_20240627-dl8515.pdf
https://crirsco.com/wp-content/uploads/woocommerce_uploads/2024/06/CRIRSCO_International_Reporting_Template_June2024_Update_Approved_for_Release_20240627-dl8515.pdf
https://crirsco.com/wp-content/uploads/woocommerce_uploads/2024/06/CRIRSCO_International_Reporting_Template_June2024_Update_Approved_for_Release_20240627-dl8515.pdf


Page 13 of 23 Northey et al.  Preprint, Accepted Version 

Dominish, E., Retamal, M., Sharpe, S., Lane, R., Rhamdhani, M.A., Corder, G., Giurco, D., Florin, N. (2018). 418 

“Slowing” and “Narrowing” the Flow of Metals for Consumer Goods: Evaluating Opportunities and 419 

Barriers. Sustainability 10: 1096. https://doi.org/10.3390/su10041096  420 

Dominish, E., Florin, N., Teske, S. (2019). Responsible Minerals Sourcing for Renewable Energy. Report 421 

Prepared for Earthworks by the Institute for Sustainable Futures, University of Technology Sydney. 422 

Elshkaki, A., Graedel, T.E., Ciacci, L., Reck, B.K. (2018). Resource Demand Scenarios for the Major Metals. 423 

Environmental Science & Technology 52: 2491-2497. https://doi.org/10.1021/acs.est.7b05154  424 

Frenzel, M., Tolosana-Delgado, R., Gutzmer, J. (2015). Assessing the supply potential of high-tech metals – A 425 

general method. Resources Policy 46(2): 45-58. https://doi.org/10.1016/j.resourpol.2015.08.002  426 

Gerst, M.D. (2009). Linking Material Flow Analysis and Resource Policy via Future Scenarios of In-Use Stock: 427 

An Example for Copper. Environmental Science & Technology 43: 6320-6325. 428 

https://doi.org/10.1021/es900845v  429 

Greffe, T., Frenzel, M., Werner, T.T., Mudd, G., Wang, P., Margni, M., Bulle, C. (2024). Byproduct-to-Host 430 

Ratios for Assessing the Accessibility of Mineral Resources. Environmental Science & Technology 58: 431 

22213-22223. https://doi.org/10.1021/acs.est.4c05293  432 

Gordon, R.B., Bertram, M., Graedel, T.E. (2006). Metal stocks and sustainability. Proceedings of the National 433 

Academy of Sciences (PNAS) 103(5): 1209-1214. https://doi.org/10.1073/pnas.0509498103  434 

Gordon, R.B., Bertram, M., Graedel, T.E. (2007). On the sustainability of metal supplies: A response to Tilton 435 

and Lagos. Resources Policy 32: 24-28. https://doi.org/10.1016/j.resourpol.2007.04.002  436 

Guj, P., Schodde, R. (2025). Will future copper resources and supply be adequate to meet the net zero 437 

emission goal? Geosystems and Geoenvironment 4: 100320. 438 

https://doi.org/10.1016/j.geogeo.2024.100320  439 

Haynes, M., Walsh, S.D,C,, Czarnota, K., Northey, S., Yellishetty. M. (2020). Economic fairways assessments 440 

across northern Australia. Exploring for the Future: extended abstracts, Geoscience Australia, 441 

Canberra (2020): 1-4. 442 

Hunt, C., Romero, J., Jara, J., Lagos, G. (2021). Copper demand forecasts and predictions of future scarcity. 443 

Resources Policy 73: 102123. https://doi.org/10.1016/j.resourpol.2021.102123  444 

IEA, 2024. Global Critical Metals Outlook 2024. International Energy Agency (IEA). 445 

Jowitt, S.M., Mudd, G.M., Thompson, J.F.H. (2020). Future availability of non-renewable metal resources and 446 

the influence of environmental, social, and governance conflicts on metal production. 447 

Communications Earth & Environment 1: 13. https://doi.org/10.1038/s43247-020-0011-0  448 

Jowitt, S.M., McNulty, B.A. (2021). Geology and Mining: Mineral Resources and Reserves: Their Estimation, 449 

Use, and Abuse. SEG Discovery 125: 27-36. https://doi.org/10.5382/Geo-and-Mining-11  450 

Kerr, R.A. (2014). The Coming Copper Peak. Science 343: 722-724. 451 

https://doi.org/10.1126/science.343.6172.722  452 

https://doi.org/10.3390/su10041096
https://doi.org/10.1021/acs.est.7b05154
https://doi.org/10.1016/j.resourpol.2015.08.002
https://doi.org/10.1021/es900845v
https://doi.org/10.1021/acs.est.4c05293
https://doi.org/10.1073/pnas.0509498103
https://doi.org/10.1016/j.resourpol.2007.04.002
https://doi.org/10.1016/j.geogeo.2024.100320
https://doi.org/10.1016/j.resourpol.2021.102123
https://doi.org/10.1038/s43247-020-0011-0
https://doi.org/10.5382/Geo-and-Mining-11
https://doi.org/10.1126/science.343.6172.722


Page 14 of 23 Northey et al.  Preprint, Accepted Version 

Kushnir, D., Sandén, B.A. (2012). The time dimension and lithium resource constraints for electric vehicles. 453 

Resources Policy 37: 93-103. https://doi.org/10.1016/j.resourpol.2011.11.003  454 

Long, K.R., Singer, D.A. (2001). A simplified economic filter for open-pit mining and heap leach recovery of 455 

copper in the United States. USGS, Open-File Report 2001-218: 18p. https://doi.org/10.3133/ofr01218  456 

Long, K.R. (2009). A Test and Re-Estimation of Taylor’s Empirical Capacity-Reserve Relationship. Natural 457 

Resources Research 18(1): 57-63. https://doi.org/10.1007/s11053-009-9088-y  458 

McNulty, B.A., Jowitt, S.M. (2021). Barriers to and uncertainties in understanding and quantifying global 459 

critical mineral and element supply. iScience 24(7): 102809.  460 

Meinert, L.D., Robinson, G.R., Nassar, N.T. (2016). Mineral Resources: Reserves, Peak Production and the 461 

Future. Resources 5(1): 14. https://doi.org/10.3390/resources5010014  462 

Mudd, G.M., Jowitt, S.M. (2018). Growing Global Copper Resources, Reserves and Production: Discovery Is 463 

Not the Only Control on Supply. Economic Geology 113(6): 1235-1267. 464 

https://doi.org/10.5382/econgeo.2018.4590  465 

Northey, S.A., Klose, S., Pauliuk, S., Yellishetty, M., Giurco, D. (2023). Primary Exploration, Mining and Metal 466 

Supply Scenario (PEMMSS) model: towards a stochastic understanding of the mineral discovery, mine 467 

development and co-production recovery requirements to meet demand in a low-carbon future. 468 

Submitted to Resources, Conservation & Recycling Advances 17: 200137. 469 

https://doi.org/10.1016/j.rcradv.2023.200137  470 

O’Neill, B.C., Kriegler, E., Ebi, K.L., Kemp-Benedict, E., Riahi, K., Rothman, D.S., van Ruijven, B.J., van Vuuren, 471 

D.P., Birkmann, J., Kok, K., Levy, M., Solecki, W. (2017). The roads ahead: Narratives for shared 472 

socioeconomic pathways describing world futures in the 21st century. Global Environmental Change 473 

42: 169-180. https://doi.org/10.1016/j.gloenvcha.2015.01.004 474 

Riondet, L., Suchet, D., Vidal, O. Halloy, J. (2023). Applicability of Hubbert model to global mining industry: 475 

Interpretations and insights. PLOS Sustainability and Transformation 2(4): e0000047. 476 

https://doi.org/10.1371/journal.pstr.0000047 477 

Ryter, J., Fu, X., Bhuwalka, K., Roth, R., Olivetti, E. (2022). Assessing recycling, displacement, and 478 

environmental impacts using an economics-informed material system model. Journal of Industrial 479 

Ecology 26: 1010-1024. https://doi.org/10.1111/jiec.13239  480 

Ryter, J., Bhuwalka, K., O’Rourke, M., Montanelli, L., Cohen-Tanugi, D., Roth, R., Olivetti, E. (2024). 481 

Understanding key mineral supply chain dynamics using economics-informed material flow analysis 482 

and Bayesian optimization. Journal of Industrial Ecology 28: 709-726. 483 

https://doi.org/10.1111/jiec.13517  484 

Schipper, B. W., Lin, H.-C., Meloni, M.A., Wansleeben, K., Heijungs, R., van der Voet, E. (2018). Estimating 485 

global copper demand until 2100 with regression and stock dynamics. Resources, Conservation & 486 

Recycling 132: 28-36. https://doi.org/10.1016/j.resconrec.2018.01.004  487 

Sinclair, A.J., Blackwell, G.H. (2004). Chapter 17, Estimates and Reality. Section 17.5: Why is metal production 488 

commonly less than the estimate? (pp. 322-323) In: Sinclair, A.J., Blackwell, G.H. (2004). Applied 489 

https://doi.org/10.1016/j.resourpol.2011.11.003
https://doi.org/10.3133/ofr01218
https://doi.org/10.1007/s11053-009-9088-y
https://doi.org/10.3390/resources5010014
https://doi.org/10.5382/econgeo.2018.4590
https://doi.org/10.1016/j.rcradv.2023.200137
https://doi.org/10.1016/j.gloenvcha.2015.01.004
https://doi.org/10.1371/journal.pstr.0000047
https://doi.org/10.1111/jiec.13239
https://doi.org/10.1111/jiec.13517
https://doi.org/10.1016/j.resconrec.2018.01.004


Page 15 of 23 Northey et al.  Preprint, Accepted Version 

Mineral Inventory Estimation. Cambridge University Press, Cambridge, United Kingdom. ISBN: 0-521-490 

79103-0.  491 

Singer, D. A., Menzie, W.D., Long, K.R (1998). A simplified economic filter for open-pit gold-silver mining in 492 

the United States. US Department of the Interior, US Geological Survey, 1998. 493 

Singer, D.A. (2017). Future copper resources. Ore Geology Reviews 86: 271-279. 494 

https://doi.org/10.1016/j.oregeorev.2017.02.022  495 

Sverdrup, H.U., Ragnarsdottir, K.V., Koca, D. (2014). On modelling the global copper mining rates, market 496 

supply, copper price and the end of copper reserves. Resources, Conservation and Recycling 87: 158-497 

174. https://doi.org/10.1016/j.resconrec.2014.03.007  498 

Taylor, H. (1977). Mine Valuation and Feasibility Studies. Mineral industry costs. Northwest Mining 499 

Association, WA, Spokane. pp. 1-17. 500 

Tilton, J.E., Lagos, G. (2007). Assessing the long-run availability of copper. Resources Policy 32: 19-23. 501 

https://doi.org/10.1016/j.resourpol.2007.04.001  502 

Tilton, J.E. (2018). The Hubbert peak model and assessing the threat of mineral depletion. Resources, 503 

Conservation & Recycling 139: 280-286. https://doi.org/10.1016/j.resconrec.2018.08.026  504 

Tilton, J.E., Crowson, P.C.F., DeYoung, J.H., Eggert, R., Ericsson, M., Guzmán, J.I., Humphreys, D., Lagos, G., 505 

Maxwell, P., Radetzki, M., Singer, D.A., Wellmer, F.-W. (2018). Public policy and future mineral 506 

supplies. Resources Policy 57: 55-60. https://doi.org/10.1016/j.resourpol.2018.01.006  507 

Walsh, S.D.C., Northey, SA., Huston, D., Yellishetty, M., Czarnota, K. (2020). Bluecap: A geospatial model to 508 

assess regional economic-viability for mineral resource development. Resources Policy 66: 101598. 509 

https://doi.org/10.1016/j.resourpol.2020.101598  510 

Watari, T., Nansai, K., Nakajima, K. (2020). Review of critical metal dynamics to 2050 for 48 elements. 511 

Resources, Conservation & Recycling 155: 104669. https://doi.org/10.1016/j.resconrec.2019.104669  512 

Watari, T., Nansai, K., Nakajima, K. (2021). Major metals demand, supply, and environmental impacts to 513 

2100: A critical review. Resources, Conservation & Recycling 164: 105107. 514 

https://doi.org/10.1016/j.resconrec.2020.105107  515 

Watari, T., Northey, S., Giurco, D., Hata, S., Yokoi, R., Nansai, K., Nakajima, K. (2022). Global copper cycles 516 

and greenhouse gas emissions in a 1.5 C world. Resources, Conservation & Recycling 179: 106118. 517 

https://doi.org/10.1016/j.resconrec.2021.106118  518 

Wellmer, F.W., Dalheimer, M., Wagner, M. (2008). Chapter 8, Production Lifetime. In: Economic Evaluations 519 

in Exploration, 2nd Edition, Springer, ISBN: 978-3-540-73557-1: 79-85. 520 

Wellmer, F.-W., Dalheimer, M. (2012). The feedback control cycle as regulator of past and future mineral 521 

supply. Mineralium Deposita 47: 713-729. https://doi.org/10.1007/s00126-012-0437-0 522 

Wellmer, F.W., Drobe, M. (2019). A quick estimation of the economics of exploration projects – rules of 523 

thumb for mine capacity revisited – the input for estimating capital and operating costs. Boletín 524 

Geológico y Minero 130(1): 7-26. https://doi.org/10.21701/bolgeomin.130.1.001  525 

https://doi.org/10.1016/j.oregeorev.2017.02.022
https://doi.org/10.1016/j.resconrec.2014.03.007
https://doi.org/10.1016/j.resourpol.2007.04.001
https://doi.org/10.1016/j.resconrec.2018.08.026
https://doi.org/10.1016/j.resourpol.2018.01.006
https://doi.org/10.1016/j.resourpol.2020.101598
https://doi.org/10.1016/j.resconrec.2019.104669
https://doi.org/10.1016/j.resconrec.2020.105107
https://doi.org/10.1016/j.resconrec.2021.106118
https://doi.org/10.21701/bolgeomin.130.1.001


Page 16 of 23 Northey et al.  Preprint, Accepted Version 

Wellmer, F.W. (2022). What we have learned from the past and how we should look forward. Mineral 526 

Economics 35: 765-795. https://doi.org/10.1007/s13563-021-00296-x  527 

Werner, T.T., Mudd, G.M., Jowitt, S.M. (2017). The world’s by-product and critical metal resources part II: A 528 

method for quantifying the resources of rarely reported metals. Ore Geology Reviews 80: 658-675. 529 

https://doi.org/10.1016/j.oregeorev.2016.08.008  530 

Werner, T.T., Mudd, G.M., Jowitt, S.M., Huston, D. (2023). Rhenium mineral resources: A global assessment. 531 

Resources Policy 82: 103441. https://doi.org/10.1016/j.resourpol.2023.103441  532 

West, J. (2020). Extractable global resources and the future availability of metal stocks: “Known Unknowns 533 

for the foreseeable future”. Resources Policy 65: 101574. 534 

https://doi.org/10.1016/j.resourpol.2019.101574   535 

Yap, A., Saconi, F., Nehring, M., Arteaga, F., Pinto, P., Asad, M.W.A., Ozhigin, S., Ozhigina, S., Mozer, D., 536 

Nagibin, A., Pul, E., Shvedov, D., Ozhigin, D., Gorokhov, D., Karatayeva, V. (2013).  Exploiting the 537 

metallurgical throughput-recovery relationship to optimise resource value as part of the production 538 

scheduling process. Minerals Engineering 53: 74-83. https://doi.org/10.1016/j.mineng.2013.06.005 539 

https://doi.org/10.1007/s13563-021-00296-x
https://doi.org/10.1016/j.oregeorev.2016.08.008
https://doi.org/10.1016/j.resourpol.2023.103441
https://doi.org/10.1016/j.resourpol.2019.101574
https://doi.org/10.1016/j.mineng.2013.06.005


Page 17 of 23 Northey et al.  Preprint, Accepted Version 

 
Figure 1: Original and log10 transformed data for copper mine production rates and reserves or resources for the year 2015, 
shown on both a copper and ore tonnage basis. Linear regressions were performed on the log10 transformed data. See electronic 
supplementary information for regression graphs for all copper deposit types and mine types combinations (Supplementary 
Figure 1 to 45). 
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Figure 2: Derived copper production rate to contained copper reserve relationships for copper mine types and deposit types in the 
year 2015. Lines represent power-law regressions coloured according to deposit type, with short-dash lines indicating open pit 
mines, long-dash lines indicating underground mines and solid lines representing the relationship for all mines in the deposit type 
category. Only statistically significant (p<0.05) relationships are shown. See electronic supplementary information for equivalent 
plots on a resource and an ore basis (Supplementary Figures 48 to 51).  
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Figure 3: Monte Carlo simulation (n=2000) of the upper primary supply limit for the sets of copper deposits with reserve estimates 
and resource estimates. Interquartile ranges are shown by dotted lines. Horizontal lines indicate historic copper mine production 
(BGS, 2025) and projected primary copper demand under the IEAs’ Announced Pledges Scenario (IEA, 2024) and Klose and Pauliuk 
(2023)’s Business as Usual (BAU) and with Resource Efficiency Strategies (RES) scenarios for the second shared socio-economic 
pathway (SSP2 RCP2.6). 
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Figure 4: Monte Carlo simulation (n=2000) results for the minimum and maximum number of mines required to reach a given 
production capacity from the sets of deposits with reserve and resource estimates. Horizontal lines indicate projected primary 
copper demand under the IEAs’ Announced Pledges Scenario (IEA, 2024) and Klose and Pauliuk (2023)’s Business as Usual (BAU) 
and with Resource Efficiency Strategies (RES) scenarios for the second shared socio-economic pathway (SSP2 RCP2.6). 
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Table 1: Data for copper mines in 2015 where both a resource or reserve estimate and the production rate was available. 
Resource estimates shown are inclusive of reserves. 

    Metal Basis Ore Basis 

   Resources Production  Reserves Production  Resources Production  Reserves Production 
Deposit Type Mine Type No. t Cu t Cu/year No. t Cu t Cu/year No. kt Ore kt Ore/year No. kt Ore kt Ore/year 

ALL ALL 188 1,274,478,975 12,455,886 176 421,927,682 12,160,836 224 279,895,589 3,202,335 209 95,450,774 3,158,361 
ALL OP 89 778,103,781 8,445,001 83 318,508,989 8,185,524 89 160,230,426 1,930,447 83 67,913,119 1,893,508 
ALL OP-UG 10 226,995,031 1,394,187 10 49,585,691 1,394,187 10 31,265,825 198,332 10 5,047,265 198,332 
ALL UG 89 269,380,163 2,616,698 83 53,833,002 2,581,125 89 47,581,940 339,165 83 7,064,588 333,123 
ALL Unknown - - - - - - 36 40,817,399 734,391 33 15,425,801 733,399 

Epithermal ALL 7 2,862,365 63,414 7 815,911 63,414 11 579,870 9,148 9 208,687 8,667 
Epithermal OP 2 369,153 8,554 2 166,347 8,554 2 330,835 2,398 2 157,762 2,398 
Epithermal OP-UG 1 26,460 1,143 1 13,350 1,143 1 8,820 747 1 4,450 747 
Epithermal UG 4 2,466,752 53,717 4 636,214 53,717 4 167,973 3,944 4 32,124 3,944 
Epithermal Unknown - - - - - - 4 72,242 2,059 2 14,350 1,578 

Intrusion-Related Au ALL 1 559,044 19,399 1 153,785 19,399 1 360,437 22,055 1 149,000 22,055 
Intrusion-Related Au OP - - - - - - - - - - - - 
Intrusion-Related Au OP-UG 1 559,044 19,399 1 153,785 19,399 1 360,437 22,055 1 149,000 22,055 
Intrusion-Related Au UG - - - - - - - - - - - - 
Intrusion-Related Au Unknown - - - - - - - - - - - - 

IOCG ALL 12 100,923,773 975,176 12 24,837,313 975,176 13 13,313,967 141,089 13 2,757,866 141,089 
IOCG OP 7 12,867,880 428,001 7 10,476,196 428,001 7 2,112,293 82,385 7 1,603,953 82,385 
IOCG OP-UG 2 6,816,868 311,345 2 3,430,252 311,345 2 905,289 40,722 2 528,183 40,722 
IOCG UG 3 81,239,025 235,830 3 10,930,865 235,830 3 10,290,220 17,144 3 625,150 17,144 
IOCG Unknown - - - - - - 1 6,165 838 1 580 838 

Magmatic Sulphide ALL 36 46,001,001 657,119 35 17,495,688 650,898 36 14,791,588 140,527 35 4,039,872 139,235 
Magmatic Sulphide OP 5 5,761,370 72,988 5 2,501,208 72,988 5 4,468,279 35,143 5 1,686,176 35,143 
Magmatic Sulphide OP-UG 3 32,522,139 349,158 3 12,473,954 349,158 3 3,500,679 36,110 3 1,165,132 36,110 
Magmatic Sulphide UG 28 7,717,492 234,973 27 2,520,526 228,752 28 6,822,629 69,273 27 1,188,564 67,981 
Magmatic Sulphide Unknown - - - - - - - - - - - - 

Manto ALL 1 988,920 29,400 - - - 2 67,738 3,033 1 3,056 879 
Manto OP 1 988,920 29,400 - - - 1 60,300 2,154 - - - 
Manto OP-UG - - - - - - - - - - - - 
Manto UG - - - - - - - - - - - - 
Manto Unknown - - - - - - 1 7,438 879 1 3,056 879 

Orogenic Au ALL 2 685,944 48,798 2 249,430 48,798 4 139,436 6,188 4 41,910 6,188 
Orogenic Au OP - - - - - - - - - - - - 
Orogenic Au OP-UG - - - - - - - - - - - - 
Orogenic Au UG 2 685,944 48,798 2 249,430 48,798 2 14,098 1,120 2 6,437 1,120 
Orogenic Au Unknown - - - - - - 2 125,338 5,068 2 35,473 5,068 

Porphyry ALL 67 980,984,285 7,867,151 65 334,784,374 7,731,243 80 237,982,280 2,561,427 78 83,545,165 2,532,972 
Porphyry OP 57 675,936,857 6,545,308 55 282,240,840 6,409,400 57 145,210,754 1,655,779 55 61,628,011 1,627,324 
Porphyry OP-UG 2 172,121,400 565,369 2 29,663,000 565,369 2 26,083,000 93,243 2 3,102,000 93,243 
Porphyry UG 8 132,926,028 756,474 8 22,880,534 756,474 8 27,038,554 119,307 8 3,736,243 119,307 
Porphyry Unknown - - - - - - 13 39,649,972 693,099 13 15,078,910 693,099 

Sediment Hosted ALL 19 109,624,901 1,839,343 15 33,117,486 1,759,526 21 8,766,927 179,980 17 3,401,509 172,793 
Sediment Hosted OP 10 59,038,773 872,144 8 16,271,958 796,921 10 5,460,605 85,087 8 2,113,004 80,723 
Sediment Hosted OP-UG 1 14,949,120 147,773 1 3,851,350 147,773 1 407,600 5,455 1 98,500 5,455 
Sediment Hosted UG 8 35,637,008 819,426 6 12,994,178 814,832 8 2,156,022 73,164 6 1,012,105 70,340 
Sediment Hosted Unknown - - - - - - 2 742,700 16,275 2 177,900 16,275 

Skarn ALL 16 22,863,496 434,211 15 6,565,615 410,447 18 2,873,772 81,700 17 877,250 79,900 
Skarn OP 3 21,641,050 381,099 3 6,117,660 381,099 3 2,485,622 59,746 3 685,912 59,746 
Skarn OP-UG - - - - - - - - - - - - 
Skarn UG 13 1,222,446 53,112 12 447,955 29,348 13 352,737 20,202 12 182,469 18,402 
Skarn Unknown - - - - - - 2 35,413 1,751 2 8,869 1,751 

VMS ALL 27 8,985,246 521,875 24 3,908,080 501,935 38 1,019,575 57,190 34 426,459 54,585 
VMS OP 4 1,499,778 107,507 3 734,780 88,561 4 101,737 7,756 3 38,300 5,789 
VMS OP-UG - - - - - - - - - - - - 
VMS UG 23 7,485,468 414,368 21 3,173,300 413,374 23 739,707 35,012 21 281,496 34,885 
VMS Unknown - - - - - - 11 178,131 14,422 10 106,663 13,911 
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Table 2: Power law (P=aRb) regression factors and explanatory statistics for copper deposit types and mining methods. Refer to 
the electronic supplementary information for regressions conducted on an ore basis (Supplementary Table S2) and for plots of 
each regression (Supplementary Figures 1 to 45). 

    Metal Basis 

    Resources (incl. reserves) Reserves 
Deposit Type Mine Type a b No. R2 p SD SE a b No. R2 p SD SE 
ALL ALL 0.555 0.757 188 0.670 0.000 0.510 0.039 1.080 0.763 176 0.725 0.000 0.465 0.036 
ALL OP 4.858 0.618 89 0.466 0.000 0.465 0.071 13.854 0.579 83 0.401 0.000 0.500 0.079 
ALL OP-UG 0.732 0.737 10 0.807 0.000 0.379 0.127 0.447 0.836 10 0.883 0.000 0.296 0.108 
ALL UG 0.404 0.772 89 0.587 0.000 0.548 0.069 0.295 0.879 83 0.766 0.000 0.413 0.054 
ALL Unknown - - - - - - - - - - - - - - 

Epithermal ALL 4.896 0.567 7 0.526 0.065 0.492 0.241 6.897 0.585 7 0.383 0.138 0.561 0.332 
Epithermal OP 4x1015 -2.373 2 1.000 0.000 0.000 0.000 7.41x109 -1.395 2 1.000 0.000 0.000 0.000 
Epithermal OP-UG - - 1 - - - - - - 1 - - - - 
Epithermal UG 3.054 0.650 4 0.995 0.002 0.052 0.032 0.981 0.814 4 0.985 0.008 0.092 0.071 
Epithermal Unknown - - - - - - - - - - - - - - 

Intrusion-Related Au ALL - - 1 - - - - - - 1 - - - - 
Intrusion-Related Au OP - - - - - - - - - - - - - - 
Intrusion-Related Au OP-UG - - 1 - - - - - - 1 - - - - 
Intrusion-Related Au UG - - - - - - - - - - - - - - 
Intrusion-Related Au Unknown - - - - - - - - - - - - - - 

IOCG ALL 290.799 0.368 12 0.366 0.037 0.307 0.153 36.938 0.539 12 0.568 0.005 0.253 0.149 
IOCG OP 54.932 0.490 7 0.547 0.057 0.201 0.199 62.797 0.499 7 0.727 0.015 0.156 0.137 
IOCG OP-UG 1329.388 0.318 2 1.000 0.000 0.000 0.000 4374.662 0.251 2 1.000 0.000 0.000 0.000 
IOCG UG 114.059 0.391 3 0.439 0.539 0.367 0.442 5.837 0.638 3 0.619 0.424 0.303 0.501 
IOCG Unknown - - - - - - - - - - - - - - 

Magmatic Sulphide ALL 0.335 0.744 36 0.487 0.00 0.565 0.131 0.318 0.834 35 0.728 0.000 0.416 0.089 
Magmatic Sulphide OP 2751.336 0.109 5 0.029 0.785 0.283 0.364 321.009 0.283 5 0.138 0.538 0.266 0.408 
Magmatic Sulphide OP-UG 0.001 1.146 3 0.996 0.042 0.059 0.075 0.013 1.054 3 0.982 0.085 0.119 0.142 
Magmatic Sulphide UG 0.967 0.645 28 0.303 0.002 0.597 0.192 0.183 0.893 27 0.626 0.000 0.441 0.138 
Magmatic Sulphide Unknown - - - - - - - - - - - - - - 

Manto ALL - - 1 - - - - - - - - - - - 
Manto OP - - 1 - - - - - - - - - - - 
Manto OP-UG - - - - - - - - - - - - - - 
Manto UG - - - - - - - - - - - - - - 
Manto Unknown - - - - - - - - - - - - - - 

Orogenic Au ALL 0.000 1.493 2 1.000 0.000 0.000 0.000 0.004 1.323 2 1.000 0.000 0.000 0.000 
Orogenic Au OP - - - - - - - - - - - - - - 
Orogenic Au OP-UG - - - - - - - - - - - - - - 
Orogenic Au UG 0.000 1.493 2 1.000 0.000 0.000 0.000 0.004 1.323 2 1.000 0.000 0.000 0.000 
Orogenic Au Unknown - - - - - - - - - - - - - - 

Porphyry ALL 15.466 0.541 67 0.429 0.000 0.435 0.078 37.857 0.513 65 0.352 0.000 0.458 0.088 
Porphyry OP 18.327 0.531 57 0.346 0.000 0.464 0.099 70.022 0.469 55 0.276 0.000 0.481 0.105 
Porphyry OP-UG 1.17x108 -0.334 2 1.000 0.000 0.000 0.000 546.519 0.380 2 1.000 0.000 0.000 0.000 
Porphyry UG 6.730 0.591 8 0.888 0.000 0.180 0.086 3.642 0.685 8 0.731 0.007 0.280 0.170 
Porphyry Unknown - - - - - - - - - - - - - - 

Sediment Hosted ALL 0.613 0.771 19 0.745 0.000 0.345 0.109 15.242 0.612 15 0.720 0.000 0.304 0.106 
Sediment Hosted OP 3.652 0.654 10 0.710 0.002 0.237 0.148 118.417 0.464 8 0.623 0.020 0.273 0.147 
Sediment Hosted OP-UG - - 1 - - - - - - 1 - - - - 
Sediment Hosted UG 0.221 0.843 8 0.736 0.006 0.446 0.206 1.805 0.770 6 0.820 0.013 0.310 0.180 
Sediment Hosted Unknown - - - - - - - - - - - - - - 

Skarn ALL 0.545 0.743 16 0.643 0.000 0.400 0.148 1.433 0.700 15 0.657 0.000 0.380 0.140 
Skarn OP 0.004 1.082 3 0.911 0.193 0.314 0.339 0.000 1.352 3 0.963 0.123 0.201 0.264 
Skarn OP-UG - - - - - - - - - - - - - - 
Skarn UG 5.079 0.547 13 0.259 0.076 0.376 0.279 49.350 0.354 12 0.266 0.086 0.284 0.186 
Skarn Unknown - - - - - - - - - - - - - - 

VMS ALL 0.042 1.001 27 0.425 0.000 0.552 0.233 0.273 0.917 24 0.503 0.000 0.445 0.194 
VMS OP 0.000 1.788 4 0.459 0.323 0.469 1.373 0.000 2.313 3 0.230 0.681 0.639 4.230 
VMS OP-UG - - - - - - - - - - - - - - 
VMS UG 0.060 0.971 23 0.421 0.001 0.560 0.249 0.149 0.979 21 0.612 0.000 0.383 0.179 
VMS Unknown - - - - - - - - - - - - - - 

Notes:  
Mine Types – OP (Open Pit), OP-UG (Open Pit and Underground), UG (Underground) 
(tonnes Cu per year) = a(tonnes Cu)b  
a – regression coefficient 
b – regression coefficient 
No. – Sample Size 
R2 – Coefficient of determination 
p – Probability that observed data, or more extreme data, would occur if the null hypothesis were true 
SD – Geometric standard deviation of the residual (predicted production minus actual production) 
SE – Standard error of the slope 
Red text indicates relationships that are not statistically significant (p>0.05) or that have insufficient sample size (No. <=3). 
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Table 3: Monte Carlo simulation (n=2000) of the upper primary supply limit for the sets of copper deposits with reserve and 
resource estimates. Results rounded to two significant figures. Resources are inclusive of reserves. 

Metal Basis    Upper Primary Supply Limit, Mt Cu/year 
 No. Mt Cu min 5th 25th median 75th 95th max 

Deposits with Reserves 407 649 19 22 23 24 25 27 31 

Deposits with Resources 2,296 3,054 55 59 62 64 66 69 83 

Ore Basis   Upper Primary Supply Limit, Mt Ore/year 

 No. Mt Ore min 5th 25th median 75th 95th max 

Deposits with Reserves 407 130,557 4,600 4,700 4,900 5,000 5,200 5,400 6,000 

Deposits with Resources 2,296 671,615 12,000 13,200 13,500 14,000 14,000 15,000 15,000 

 

 

 


