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Introduction:  A fundamental challenge of con-

ducting resource exploration in frontier regions, wheth-
er in northern Canada, deep underground or on the 
moon, is knowing where to begin the search. Direct 
detection of resources is cost prohibitive and so, the 
goal of frontier exploration is to identify the most pro-
spective areas within which to target efforts. The ore 
system concept focuses on processes related to the ge-
netic, depositional and post-depositional, which in turn 
provides a series of markers that form a larger footprint 
of a deposit. For an economically viable deposit, 
whether gold on earth or water on the moon, in addi-
tion to a target area having anomalously elevated con-
tents of a desired resource, the resource needs to be 
hosted in a readily extractable form. As the ore system 
concept incorporates all the processes relating to re-
source development, it can also facilitate targeting the 
most easily extractable deposits. 

Mineral Prospectivity Mapping:  Mineral pro-
spectivity mapping represents the application of rule-
based assessments to delineate target areas that most 
likely (or conversely, aren’t likely) to contain mineral 
deposits. The traditional approach to assessing the pro-
spectivity of an area is by making a qualitative opinion 
based on experience, deposit models and public geo-
science knowledge. Such an approach, although sub-
jective, can be effective in some circumstances, but is 
inherently limited in frontier regions. Alternate ap-
proaches, such as weights-of-evidence models or 
knowledge-driven fuzzy logic probabilities of defined 
deposit types, have been developed in order to produce 
more rigorous, consistent and quantitative analysis [1], 
[2], [3], [4]. More recently, improvements in artificial 
intelligence and data handling are enabling advanced 
GIS-based machine learning to integrate process relat-
ed ore system knowledge with weighted predictors. An 
example of such an approach is Geoscience Australia’s 
‘Mineral Potential Mapper’: a computer-based quanti-
tative prospectivity modeler that ‘data mines’ multiple, 
national-scale geoscientific spatial datasets for indica-
tors of ore system processes [5]. 

Prospectivity of New Frontiers:  Current methods 
of quantitative prospectivity mapping have operational 
limitations in frontier domains as they tend to break-
down where data is sparse and heterogeneously distrib-
uted. They are also intrinsically representative, rather 
than truly predictive, in the sense of being able to infer 
prospectivity assessments into unknown regions. Fur-

thermore, as mineral systems represent atypical fea-
tures, data outliers can be positive indicators for pres-
ence or absence of resources. Unfortunately erroneous 
data is also liable to appear as an outlier. In data rich 
environments, the impact from occasional erroneous 
data is compensated for by the shear mass of data. 
However, in sparse data scenarios (such as the frontier 
regions) the impact could be substantive.  

Conclusion: The need for additional resources will 
continue to push exploration into frontier regions. For 
lunar resource exploration, the challenges maybe ex-
treme and target materials (at least initially) different 
from Canadian mineral exploration, but the same prin-
ciples apply whereby ore system models can direct 
exploration activities to prospective areas. Advance-
ments in artificial intelligence offer the potential for 
improved prospectivity models for regions, such as the 
moon, that have sparse and heterogeneously distributed 
data. The prospect of being able to effectively target 
areas on the moon suitable for resource extraction will 
be a major factor in fomenting viable lunar mining. 
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