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Abstract. Machine learning and 3D modeling 
techniques were applied to a high-resolution magnetic-
radiometric dataset collected over the Fletchers Awl 
copper-gold project in Central Queensland to map the 
2D and 3D geology of the project area. Two supervised 
machine learning methods (Random Forests, Support 
Vector Machines) were used, both requiring training 
data to classify the input data into lithologies. After 
tuning the input data, training points, and model 
parameters, these methods produced maps that closely 
resembled the government geology map. An 
unsupervised method (ISO Cluster Classification) was 
also tested, which segments the input maps into classes 
without the use of training data. This produced a 
reasonable approximation of the mapped geology, but 
distinct units were grouped together. We found that the 
best use for the machine learning outputs was as guides 
for the more traditional geological interpretation of the 
geophysics data that was undertaken. The interpretation 
was extended into 3D using wireframing and implicit 
modeling. A magnetic inversion, drilling data, and gravity 
maps were also incorporated to guide the 3D mapping. 
The resulting 2D and 3D maps are great improvements 
on the existing mapping and have improved the 
understanding of the mineral system model for the area, 
allowing more effective exploration targeting.  
 
1 Introduction 
 
Throughout the 20th century, many geophysical methods 
were developed and improved to aid in the search for 
economic orebodies; but more recently, the greatest 
improvement in the field of geophysics has been the use 
of advanced methods to utilize and visualize the vast 
amount of data that are routinely collected (Paterson 
2003). These techniques include sun shading, image 
compositing, depth to source calculations, and both 
inverse and forward modeling (1D, 2D or 3D), including 
constrained and joint inversions (Anderson and Mudge 
2015). Data products generated using these methods 
can be used to develop mineral system models, identify 
prospective structures and geological units, and to 
generate drill targets. 

Recent developments in machine learning (Cracknell 

and Reading 2014; Yu and Ma 2021) and 3D mapping 
algorithms (Jones et al. 2009; Zanchi et al. 2009) mean 
that these techniques can now be used by the 
exploration geophysicist to extract further information 
from the data, allowing more detailed and practically 
useful geological and mineral systems models to be 
developed. Models produced in this way can be tested 
and updated as more data are collected and/or the 
geological understanding of the region is improved.  

In this contribution we show how machine learning 
and 3D mapping, combined with traditional 
interpretation, were integrated to improve the geological 
understanding of the Fletchers Awl copper-gold project 
in Central Queensland, Australia. 

 
2 Geological setting 
 
The Fletchers Awl Project is located in central 
Queensland, 35 km northeast of the regional town of 
Clermont. The area comprises an ellipsoidal basement 
inlier surrounded by tertiary mafic volcanics and 
Cenozoic cover, which obscure the basement geology 
of much of the region (Olgers and den Hertog 1966) 
(Fig. 1). The Clermont area includes sediments and 
volcanics of the Devonian-Carboniferous Drummond 
Basin as well as the Permian-Triassic Bowen Basin 
(Cadman et al. 1998). The basement underlying these 
deposits has been correlated with the Anakie Inlier – an 
elongate basement inlier located 30 km to the southwest 
comprising metasediments originally deposited on the 
passive margin of Gondwana in the Neoproterozoic-
Cambrian and metamorphosed at ca. 500 Ma 
(Fergusson et al. 2009).  

The Fletchers Awl inlier is cored by the Ordovician S-
type Mooramin Granite, which contains roof pendants of 
Anakie basement rocks (Hayward 1993). The granite 
core is mantled by younger andesitic lava flows and 
volcanic sediments of the Greybank Volcanics. Isolated 
exposures of Silver Hills Volcanics and Back Creek 
Group sediments are mapped further from the granite. A 
small diorite intrusion of unknown age occurs within the 
Greybank Volcanics. Away from the inlier, the basement 
geology is obscured by Tertiary basaltic and rhyolitic 
lava flows and plugs.  
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Several small examples of porphyry and epithermal 
mineralization occur within the Greybank Volcanics, 
although the source for the fluid and metals associated 
with these deposits is not known. The formation of the 
dome is also poorly understood with core complex and 
syn-tectonic emplacement models having been 
proposed.  

 

 
 
Figure 1. Government 1:100,000 scale surface geology map of the 
Fletchers Awl area. Historic copper-gold exploration has been 
focused on the andesitic Greybank Volcanics that encircle the 
Mooramin Granite.  

 
3 Geophysical data collection 
 
The poor geological understanding of the Fletchers Awl 
region prompted Longreach Mineral Exploration to 
collect high-resolution magnetic-radiometric data over 
the area in early 2021, funded by a Queensland 
Government Collaborative Exploration Initiative (CEI) 
grant (CEI0220). The data were collected from a fixed-
wing aircraft at a flight-line spacing of 50 m and a 
nominal terrain clearance of 50 m. The collected data 
were processed, levelled, and reduced to pole, and a 
series of output maps were produced showing various 
derivatives of the magnetic data, as well as the K, Th 
and U components of the radiometric data. 

The newly generated maps are significantly higher 
resolution than the older Government data (Fig. 2) and 
show much finer details, allowing previously 
unrecognised units and structures to be identified.  

 
4 2D Geology mapping 
 
Machine learning methods were tested on the collected 
data to determine whether a practically useful solid 
geology map could be generated quickly, without the 

input of an interpreter. The aim of the mapping was to 
produce an accurate solid geology map that shows the 
distribution of the Palaeozoic units relevant to the 
mineralization at Fletchers Awl, by stripping off the 
overlying Tertiary basalt and Quaternary drift deposits. 
This presents a challenge as the basalts are highly 
magnetic and mask the signature of the underlying 
rocks.  

 

 
 
Figure 2. Comparison of RTP magnetic imagery. Top = Longreach 
data collected in 2021 at a 50 m flight line spacing. Bottom = 
Queensland Government data collected in 2003 at a 400 m flight 
line spacing. 
 

 Two supervised methods (Random Forests and 
Support Vector Machines (Breiman 2001; Foody and 
Mathur 2004) and one unsupervised method (ISO 
Clusster Classification (Nijhawan et al. 2017) were 
tested and compared. The supervised methods are 
supplied with training data comprising a series of point 
locations attributed with geological units. The training 
points were primarily derived from rockchip sample 
locations and/or field observation point datasets as 
these data represent well constrained locations where a 
geologist has observed a given rock type. A small 
number of training points were generated directly from a 
government geology map due to a lack of 
rockchips/observations for those lithologies. The 
selection of training points was limited by the lack of 
exposed pre-Tertiary rocks within the study area. 

Training of the machine learning algorithms involves 
a comparison between a series of input maps (e.g. RTP, 
1VD, K, Th, U) with the locations of the training points to 
derive a function relating the input maps to the supplied 
rock units. Following training, the identified function is 
used to generate a classified raster map showing the 
predicted distribution of geological units. The mapping 
was an iterative process, with the input maps, training 
data, and model parameters varied to produce the most 
useful result. 

The unsupervised method classifies the input maps 
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into groups without the use of training data. The 
algorithm is supplied with the input maps and the 
number of classes to use. The method then searches for 
clusters of spatial variables (e.g. low magnetics and high 
potassic response) and produces a raster output with 
the specified number of classes. However, in this case 
no geological information is generated and the operator 
must assign unit names/lithologies to the resulting 
classes. 

All the tested methods produced useful results. The 
Random Forests and Support Vector Machines methods 
both correctly predicted the locations of the training 
points and produced maps that closely resemble the 
original 1:100,000 Government surface geology map, 
with the Support Vector Machines map suffering less 
from noise and artefacts (Fig. 3). However, this map still 
contains significant areas that have been misclassified 
due to overlaps in the geophysical response of the units. 
For example, the margins of Peak Range Volcanics 
rhyolite flows have been mapped as granite, which is 
clearly incorrect. However, most of these errors can 
easily be identified by a geologist and removed from the 
final map. Similarly, the unrealistic noise can be 
removed by passing the output map through a Gaussian 
filter, prior to vectorising. The unsupervised 
classification produced a result that resembles the 
mapped geology. However, units with similar physical 
properties (e.g. granite and rhyolite) are grouped 
together. 
 

 
 
Figure 3. Solid geology map created from the 2021 magnetic-
radiometric data. The map was generated automatically using the 
Support Vector Machines machine learning method. 
 

The machine learning methods produced useful 
maps, but on their own they offer little improvement on 
the original geology map. The major limitation of the 

supervised methods is that they can only map units that 
have corresponding training points. Therefore, a buried 
unit that is not exposed at surface may be mis-
classified. 

Due to these limitations, a more traditional 
interpretation was also conducted on the data (Kovac 
2021), using the machine learning results as a guide. 
The interpretation integrated magnetic, radiometric, and 
gravity data to define 2D geological and structural maps 
(Fig. 4), which were used to derive geological and 
tectonic frameworks for the study area. The maps are a 
major improvement on the original map and provide 
more detail within the volcanic units, define several 
generations of structures, and highlight potential buried 
intrusions. In addition to the 2D maps, an unconstrained 
3D inversion of the magnetic data was also generated. 
This process uses iterative forward modeling to produce 
a block model of magnetic susceptibility that reproduces 
the best fit to the total magnetic intensity data. The 
inversion matched the mapped geology and illustrated 
the potential 3D shape of the interpreted buried 
intrusions. 

 

 
 
Figure 4. Solid geology map created manually from the 2021 
magnetic-radiometric data. This map was generated using 
traditional interpretation techniques and guidance from the 
machine learning results. 
 
5 3D geology mapping 

 
The 2D interpreted map was extended into a 3D volume 
using wireframing and implicit modeling functions in the 
Micromine software package. All relevant data were 
collated into a workspace, including the interpreted map, 
the original geophysical data, the 3D magnetic 
inversion, several depth slices of the magnetic data, and 
drilling lithology logs. All the units and faults identified in 
the 2D interpretation were also mapped in 3D (Fig. 5). 
Construction of the 3D map was based primarily on 
geological reasoning, using drilling logs and surface 
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structural observations to guide the creation of contacts. 
The geological units were mapped from youngest to 
oldest, using inbuilt Boolean functions to remove any 
overlapping volumes. Strings were digitised to represent 
successive sections through each unit. These were then 
converted to volumes either using wireframing or implicit 
modeling tools. Implicit modeling tools use a search 
function to interpolate between the supplied strings to 
automatically generate a solid wireframe. These 
methods were found to be useful for simple bodies such 
as buried intrusions, but the algorithms were unable to 
handle complex geometries, such as within the volcanic 
units close to the centre of the basement inlier. A macro 
was created to record the 3D mapping workflow and to 
enable changes to be made easily in the future, should 
the geological understanding of the area change.  

The resulting 3D map allows the relationships 
between mapped units, structures, and buried intrusions 
to be visualized effectively. Other data such as historic 
drilling results can be plotted within the map, allowing 
prospective 3D settings to be identified.  
 

 
 
Figure 5. Cross section of the 3D map interpreted from the 2021 
magnetic-radiometric data. The section faces northeast; horizontal 
scale = vertical scale.  
 
6 Discussion 
 
The use of machine learning, manual geophysical 
interpretation, and 3D mapping have resulted in the 
creation of a detailed and practically useful mineral 
system model that will be utilized during exploration of 
the Fletchers Awl project going forward. The machine 
learning methods produced valid interpretations of the 
data; however, in this case a manual interpretation was 
still needed to get the most out of the data. The 
presence of magnetic basalts covering most of the study 
area limited the effectiveness of the machine learning 
methods in this case, as well as the lack of unique 
geophysical signatures in the underlying sedimentary 
and volcanic units. 

The machine learning tools are certainly useful for a 
first-pass interpretation of data that can be conducted 
rapidly following data collection, as well as in greenfields 
areas where no detailed geology maps exist. The 
Support Vector Machines method was found to generate 
the best results, providing enough training points can be 
provided. 

Inversion of the magnetic data and mapping in 3D 
has revealed the presence of several buried intrusions 
with physical properties similar to the diorite exposed at 
the surface. These intrusions likely exploited a pre-

existing structural weakness and represent multiple 
generations of magma injection. 

The 2D and 3D maps will be used during ongoing 
exploration to plan sampling and drill programs and will 
be progressively updated as new data are collected. 
These evolving maps will provide a record of the most 
up to date understanding of the geology of the project 
area, allowing effective exploration targeting and 
planning. 
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