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Abstract 

Visualization and interpretation of geological observations into a cohesive geological model are 

essential to Earth sciences and related fields. Various emerging technologies offer approaches to 

multi-scale visualization of heterogeneous data, providing new opportunities that facilitate model 

development and interpretation processes. These include increased accessibility to 3D scanning 

technology, global connectivity, and Web-based interactive platforms. The geological sciences 

and geological engineering disciplines are adopting these technologies as volumes of data and 

physical samples greatly increase. However, a standardized and universally agreed upon workflow 

and approach have yet to properly be developed. In this thesis, the 3D scanning workflow is 

presented as a foundation for a virtual geological database. This database provides augmented 

levels of tangibility to students and researchers who have little to no access to locations that are 

remote or inaccessible. A Web-GIS platform was utilized jointly with customized widgets 

developed throughout the course of this research to aid in visualizing hand-sized/meso-scale 

geological samples within a geologic and geospatial context. This context is provided as a macro-

scale GIS interface, where geophysical and geodetic images and data are visualized. Specifically, 

an interactive interface is developed that allows for simultaneous visualization to improve the 

understanding of geological trends and relationships. These developed tools will allow for rapid 

data access and global sharing, and will facilitate comprehension of geological models using multi-

scale heterogeneous observations.   
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Chapter 1 

Introduction 

Geological models are used to anticipate and predict rock volumes and properties for regions of 

interest and to anticipate rock mass behaviour (Fookes, 1997). Geological models can exist as 

datasets, written descriptions of spatial relationships and interpretations, overviews of historical 

and current processes resulting in a region’s geology, and visual spatial representations of all the 

above, though this is not an exhaustive list. At both the individual and team geologist/geological 

engineer levels, an increased ability to easily construct and understand geological models results 

in reduced uncertainty and increased efficiency in the geological site investigation workflow. The 

phase 1 (desktop) and phase 2 (field) components of site investigation are generalized in Figure 

1-1 and require effective communication among stakeholders to manage a successful project. 

Ultimately, a geological model is created during this process. This research aims to ameliorate 

challenges in visualization of heterogeneous, multi-scale datasets during development and 

interpretation of geological models, while emphasizing the use of 3D desktop laser scanning 

technology. 
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Figure 1-1. Summarized workflow of the geological site investigation process. Phase 1 assesses 

all previous work done for the specific or related sites, and phase 2 refines and constrains the 

geological model within the context of the site. Adapted from Walthom (2009). 

 

During a geological mapping field campaign, conceptual geological models are created and 

ultimately communicated as descriptive spatially representative models, or, geological maps 

and/or cross sections. In the field, a geologist travels between discrete stations, i.e. outcrop-to-

outcrop, making objective measurements such as mineralogical composition and structural 

measurements of planar and linear features at each stop. The objectivity of these measurements is 

dependent on factors such as the capabilities of the individual taking measurements, and the 

accuracy and robustness of data acquisition. Given best practices in collecting objective data, 

subjective interpretations can be made, such as rocktype, geological history, and formational 

processes/facies models. The development of the model must maintain consistency and agreement 

across the various principles and theories of geological processes used throughout the model 

building process. As the geologist moves from outcrop to outcrop, the intent is to constrain the 

geological model using governing rules and to reduce the number of permissible explanations until 

the most plausible is reached. Implicit governing rules come from fundamental principles of 



 

3 

geology, such as the law of superposition. Explicit governing rules stem from observations that 

implement these implicit rules, such as which rock bodies may permissibly be in contact with one 

another. The process of utilizing objective and subjective observations to develop a model, and 

using a model’s governing rules and processes to explain observations is iterative, and will result 

in a cohesive model upon sufficient synthesis of internal and external information, data, and 

theories. Ultimately, the conceptual geological model must be effectively communicated through 

the use of a geological map, though factors such as geological complexity of an area and map 

interpretation are also important. Regardless of these factors however, information can be lost 

when going from conceptual model to map, and map users may experience difficulty in 

understanding a map without context or supplemental information. See O’Connor (2015) for more 

detail on the model building process and associated conceptual uncertainties that accrue 

throughout. 

Improved understanding of relationships across various models can be achieved through 

establishing and developing cognitive visuospatial abilities, or metavisual fluency (Gilbert, 2008). 

Some visuospatial abilities tend to occur naturally in humans, which is useful for disciplines that 

are inherently geospatial, such as geological sciences and engineering. Examples include the 

automatic spatial encoding of information to long term memory storage (Mandler et al., 1977), and 

the mental model construction that occurs during storytelling to facilitate comprehension of real 

world events (Bower and Morrow, 1989). Both these examples illustrate fundamental tendencies 

of the human spatial cognition system to automatically use spatial information for comprehension. 

Active participation in a geological modelling interface via a storytelling process has also been 

explored as an approach for rapid development and assessment of various permissible model 

alternatives (Lidal et al., 2013). In order to successfully read a geological map, the conceptual 
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geology being told must be understood; the map is storytelling the geological history of how rock 

bodies got into place. 

While some visuospatial abilities are natural, proficient metavisual fluency is reached through 

consistent practice. Additionally, metavisual fluency is achieved through appropriate experience 

in a critical target domain and not through general practice. Once pursued, visuospatial abilities 

can be augmented to higher levels (Sanchez, 2012). This is illustrated by Sims and Mayer (2002) 

where domain specificity of visuospatial abilities was assessed. In this study, mental rotation of 

Tetris© blocks was shown to improve with practice, though this skill did not transfer greatly 

beyond this direct task. While assessing these skills reaches far back in cognitive psychological 

studies, assessing the role of visuospatial abilities in memory and recall abilities is still being 

explored. Some of these findings have been extended to geological applications, suggesting that 

given proper training for visuospatial skills in geological domains, expert levels can be achieved. 

This gives rise to the need for tools to aid in training and interpretation in metavisual fluency in 

geology. 

Further, goal specificity, often used in educational environments, evokes a means-end analysis 

approach to problems (Sweller et al., 1998). Earth systems problems are often open ended and 

rarely have a means end. For example, consider the creation of a geological model from discrete 

field observations, where several permissible solutions may exist. This poses a problem for 

students of geological sciences and engineering who are developing field skillsets that require 

rapid multi-scale evaluation of heterogeneous data. Additionally, the student demographic in 

geological sciences tend to have a fragmented perception of the importance of fieldwork. This is 

in contrast to conventional instruction, where field work is perceived as a cohesive process (Stokes 

et al., 2011). Ultimately, literature shows that in educational environments, the cohesive nature of 
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geology is often overlooked, reducing interest in the field. Additionally, students of geology can 

find abstract concepts of Earth systems models difficult to understand (King, 2008), and entry into 

Science, Technology, Engineering, and Math (STEM) fields tends to favour those who are more 

proficient in spatial abilities (Uttal and Cohen, 2012). The frequented means-end approach to 

problems and the tendency to perceive fieldwork as fragmented over cohesive are problems that 

exist when learning skills relevant to geological disciplines. Fieldwork and model development 

are not exclusively visuospatial in nature, though developing these skills can aid in overcoming 

these problems and improve model construction abilities. 

The scale of observation across which geological studies spans ranges from atomic to global, and 

arguably beyond. The range of observation available to the unaided human eye is notably smaller. 

Examples of the scale of geological processes are given in Figure 1-2. In this thesis, scales are 

delineated as micro (<mm), meso (e.g. mm, hand-sized samples, outcrop), and macro (>outcrop). 

Consider for example a garnet-biotite schist rock volume. At micro-scale, we can look at a thin 

section of this rock to understand the metamorphic petrological history of this particular sample 

and the rock body and mineralogical composition; at meso-scale, we can perform hand sample 

analysis of the sample, estimating mineralogical composition, conducting density calculations, 

magnetic susceptibility measurements, and visible textures to describe the rock body; and at 

macro-scale, we can look at a geological map previously created to understand the spatial extent 

of the rock body. This thesis is concerned with aligning multi-scale relationships to understand 

geological models and rock bodies, which has implications for geological engineering site 

investigation. With the case of the garnet-biotite schist, the mineralogical composition and 

metamorphic history can validate hand sample texture and compositional estimates and relate 
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magnetic and density information, and while looking at these on a regional map with additional 

geophysical data, we can start to understand the geological history. 

 

Figure 1-2. Various examples of scales at which geological processes and features exist and 

occur. 

 

It is acknowledged that direct interaction is the best way to assess diagnostic features of hand 

samples for traditional hand sample analysis. An example of traditional hand sample analysis for 

an igneous rock typically includes assessing the following components: general colour; grain size 

and variation; groundmass; mineralogical identification, including mineralogical colour, cleavage 

planes, lustre, Moh’s hardness, crystal habit, chemical formula, and relative mineral abundance. 

Some of these can only be properly assessed by physically touching the samples and viewing them 
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up close, and thus are essential to general geological practice. It is also worth noting that hand 

samples generally fall within the range of geological observations that can be seen with the unaided 

eye. 

Metavisual fluency is of great importance for an individual to mentally scale across visualizations 

of the full scope of geological processes. This can be difficult in what are generalized as two 

different scenarios: 1) students of Earth systems studies who need to practice this mental scaling 

and have not yet attained expert level metavisual fluency, and 2) experts who are capable of easily 

synthesizing all these sources of information mentally, but still need to invest time and energy into 

this process. A number of examples where systems have been utilized to aid this mental scaling 

process, often in the form of computer desktop interfaces. Educational implementations are often 

called virtual field environments (e.g. Jacobson et al., 2009; Ramasundaram et al., 2005; Saini-

Eidukat et al., 2002). Results are often consistent in that feedback is favourable in testing them 

out, but the challenges involved tend to be that they are time consuming to collect data for and to 

make them is labour intensive. Thus, this is an obstacle that stands in the way of using tools to 

scale across geological processes, making understanding new concepts or regions challenging. The 

aim of this thesis is not to illustrate the development of a new virtual field environment, but rather 

a foundation for global geological databases that can be used and accessed for collective 

understanding in educational and industry practices. 

Accessibility is a primary barrier to understanding a region of interest for geological site 

investigation and applications. Factors of accessibility include but are not limited to cost, physical 

location of a study region, and uniqueness of samples or study region. Given the amount of data 

that is presently available, we can create a virtual geological database that allows us to immerse 

ourselves into previously inaccessible geological regions, given cooperation among geoscientists 
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globally. Exploration of this idea has come from examples such as building reference collections 

of archeofaunal species (Betts et al., 2011) and quantitatively evaluating paleontological 

specimens (Bates et al., 2010; British Geological Survey, 2016). This is an exemplary intersection 

of visualizing macro-scale regions of interest and meso-scale 3D geological hand samples 

documented into a database. 

Given that being in direct contact with geological hand samples is the best way to “experience” 

them, alternative opportunities are still available via utilization of 3D desktop laser scanning. 

Scanning of meso-scale Earth materials is relatively new and is still in an exploratory phase, 

however some examples of this technology in Earth science related disciplines has taken place 

(Harvey et al., 2016). This includes bathymetry studies (Mankoff and Russo, 2013), and 

granulometric analysis in sedimentology (Chávez et al., 2014). It is worth noting that terrestrial 

and airborne laser scanning, such as light detection and ranging (LiDAR), have established 

workflows in geological disciplines (Buckley et al., 2008). Laser scanners capable of capturing 

data at higher resolutions have been used in estimating geological surface roughness (Mills and 

Fotopoulos, 2013), which has also been done with data collected via photogrammetry (Baker et 

al., 2008). 3D scanning technology has also seen applications in morphometric analysis of 

archeological artifacts (Lin et al., 2010) and rock art (Domingo et al., 2013). Some paleontologists 

have embraced scanning technology as a non-invasive method of preserving samples (Bates et al., 

2010; Contessi and Fanti, 2012; Fanti et al., 2013). It has been asserted that the development of a 

3D digital database system would greatly benefit paleontology and archeology by allowing faster 

and more cost-effective digital transfer of samples (Bates et al., 2010; Betts et al., 2011), which 

would also have great implications for analysis and museum conservation practices (Kuzminsky 

and Gardiner, 2012). From these examples in literature, 3D laser scanning can be concluded to 
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supplement and/or replace traditional techniques in the following four ways: 1) non-destructive 

analysis; 2) repeated quantitative analysis; 3) shareability of digital data; and 4) preservation and 

archiving. 

Literature relating to the 3D scanned samples indicates that that some similar virtual geological 

databases were created and populated with samples for specific collections or applications (e.g. 

Betts et al., 2011). This process of scanning and documenting samples to populate a global 

database was achieved in this thesis. This populating of a database, which users can peruse and 

view different samples for different areas and different collections, is supportive of global trends 

regarding data accessibility. It is generally asserted that the implementation of these databases and 

high levels of accessibility will improve scientific research. More specifically, recent efforts focus 

on field acquisition and field data collections and storage systems, geological collections 

management systems, and the implications this type of technology has regarding subdiscipline 

relevance. The documents discussed in the following paragraph show that this technology is still 

in its relative infancy in terms of global acceptance and usage.  

The metadata required for each sample depend on the objectives for each respective expedition 

and overall project. In a recent United States Geological Survey (USGS) report of the Geological 

Collections Management System (USGS, 2015), the minimum requirements for a collected sample 

to be physically retained within the system include a unique identifier (ID) and geographic 

coordinates. Newer samples require additional information, such as the date of collection. De 

Paor's (2016) recent article documents other current explorations of digital geological samples 

within georeferenced contexts, such as Google Earth and Cesium, though Chan et al. (2016) report 

on some of the practical hurdles involved in the implementation of these new approaches. The 

Earth-Centered Communication for Cyberinfrastructure (EC3) project facilitated discussion 
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among field-based geologists lacking efficient digital workflow and computer scientists 

specializing in databases linked by cybertechnologies to collaboratively discuss possible solutions 

and technologies that could improve the field data collection workflow in geological disciplines. 

Figure 1-3 summarizes the different types of metadata that were identified in this article as useful 

for geoscientists to capture as part of a standard workflow, and Table 1-1 shows how this data may 

be recorded. For more detailed lists, refer to Mookerjee et al. (2015). 

 

Figure 1-3. Summary of metadata and data often collected by field geologists, adapted from 

(Mookerjee et al., 2015). 
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Table 1-1. Summary of metadata often collected by field geologists. Other fields can be 

included. 

Author/User  

Collector (name, subdiscipline) Harvey, A.S. (geological engineering) 

Lab or field collected From field; obtained from museum collection 

What kind of data Rock hand sample  

Conventions/Settings  

Reference frame/coordinate system/datum 44°27'N 76°41'W 

Data structure (e.g. .xls, .csv, .obj, etc.) Physical sample; metadata in .csv table 

Reference Materials  

Base map used during mapping, year Map data ©2016 Google (Miller Hall, Queen’s University) 

Sub-sampling (e.g. thin sections, microprobe, etc.) None 

Tool/Recordings  

Size of outcrop Unavailable 

Orientation of sample Unavailable 

(Meta)data  

Lithology 

White, calcareous, subhedral equigranular crystalline 3-5 

mm, non-foliated 

Pressure and temperature conditions 

High temperature, moderate pressure (incl. neighbouring 

rocks in granulite facies) 

Fossil assemblages None 

Orientations of structures and fabrics Unavailable 

Photo annotations None 

Sketches None 

  

Geovisualization is an intersection between information visualization and scientific visualization, 

where geospatial information is communicated in ways that emphasize knowledge construction 

through interaction (MacEachren and Kraak, 1997). Some relevant tools and techniques have been 

introduced thus far through interdisciplinary literature. MacEachren et al. (2004) present an 

overview of geovisualization, focusing on its functions: task types, user types, and interaction 

level. This research also explores the scale at which geospatial information occurs and how it is 

presented. As a result of the interdisciplinary nature of the field, literature tends to limit scopes 

and a universal framework for understanding how geovisualization works across the spectrum has 

not been formally codified during the field’s current state of flux, though work on this intersection 
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is currently being explored (Çöltekin et al., 2016). Examples of direct geovisualization applications 

include assessing mineral resources with a 3D visualization system (Qiu et al., 2015), and 

geotechnical site investigation (Yeniceli and Ozcelik, 2016). Additionally, some are exploring how 

volume graphics and big data are used in geological interpretation (Byers and Woo, 2015), and 

advancing field techniques (Whitmeyer  et al., 2010); one of which currently being explored is 

augmented reality (Jordan and Napier, 2015). Additional examples include virtual outcrops, 

including some methods utilizing coregistered hyperspectral imagery (Buckley et al., 2013; 

Hartzell et al., 2014). Approaches using open source and common software, such as Google Earth 

and Microsoft Excel, are being developed to promote accessibility and further collective technical 

advancement in this realm (Blenkinsop, 2012).  Literature widely focuses on macro-scale 

applications using LiDAR. As we approach the meso-scale part of the spatial spectrum, new 

challenges arise. The British Geological Survey has compiled a database of type specimen fossils 

(British Geological Survey, 2016), and De Paor (2016) has very recently explored research similar 

to this, georeferencing “virtual rocks” using Google Earth. Finally, Head and Vanorio (2016) are 

utilizing 3D digital geological samples to monitor the effect of changes in rock microstructure on 

the permeability by measuring flow through the samples, which can be repeated virtually infinitely 

through the use of a 3D printer. All of these relevant efforts in geovisualization have contributed 

to a paradigm shift that has been years in the making. 

Ultimately, this research strives to (a) lay out the workflow for acquisition and digitizing multi-

scale geological information with a focus on the meso- and macro-scales; (b) demonstrate the 

utility of presenting multi-scale information in a unified platform; and (c) illustrate how multi-

scale visualization fits into the geological model building process. 
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1.1 Problems 

The following problems have been identified based on relevant literature. They are: 

 Barriers exist for developing metavisual fluency, namely 

o Accessibility, including cost, physical location of a study region, and uniqueness of 

samples or study region, and 

o Scalability, referring to the difficulty presented by the enormous scale of related 

geological processes and relationships. 

 3D desktop scanning is in its infancy regarding the digitization of hand-sized, i.e. meso-

scale, geological materials. 

 Cyberinfrastructure and global network connectivity for the geoscientific community is 

growing, however accessing and visualizing these heterogeneous multi-scale sources are 

not always efficient workflows. 

1.2 Objectives 

The following is a list of the main research objectives:  

 Develop a protocol for 3D laser scanning and storage of meso-scale Earth materials, and 

for displaying in macro-scale geospatial and geological context with relevant geophysical 

data, 

 Demonstrate the utility of facilitating the link between meso- and macro-scale geological 

observations, and 

 Refine the geological model building process through the use of meso-scale and macro-

scale observations. 
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The chapter structure of this thesis generally follows the order of the three objectives presented. 

Two Web-based widgets were developed to show 3D geological hand samples digitized and 

visualized in a macro-scale environment, and to visualize simultaneously heterogeneous 

geophysical datasets that support field observations from samples. A case study is presented for 

the Sudbury region to illustrate how the widgets work, and a subsequent case study is shown in 

the next chapter, showing how the widgets facilitate the mental link between scales. Finally, 

machine learning algorithms are introduced as a tool for lithological mapping and creating 

descriptive geological models, with low performance supported by geological conceptual model 

relationships and permissibility. 
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Chapter 2 

Visualizing Multi-Scale Geological Data 

2.1 Introduction 

This chapter addresses the issues of accessibility and scalability of geological relationships with 

tools developed for an online interactive platform jointly with 3D desktop laser scanning of 

geological materials. The objective for the chapter is to develop a protocol for 3D laser scanning 

and storage of meso-scale Earth materials, and for displaying in macro-scale geospatial and 

geological context with relevant geophysical data. First, a virtual geological database is created 

through the scanning process and presented as an opportunity for all users (scientists, engineers, 

and educators) to globally access. The digital preservation and analysis techniques for 3D data 

discussed in the introduction can be implemented utilizing the tools and technologies presented in 

this chapter. Second, the approach and realization of these data visualization techniques is achieved 

through the joint use of three platforms, namely ArcGIS Online, Web AppBuilder for ArcGIS 

(Developer Edition) v1.3, and ArcGIS API for JavaScript v3.15. 

ArcGIS Online is a cloud-based platform used for mapping and storing geospatial data. This online 

Geographic Information System (GIS) allows for visualization of geospatial datasets and analysis. 

Geospatial information and metadata about meso-scale samples are uploaded here. Web 

AppBuilder for ArcGIS provides the opportunity to build GIS Web Applications for specific 

purposes using geospatial data from ArcGIS Online and widgets selected to be included in the 

App. A Web App can host several widgets. Widgets are interactive graphic components within the 

Web App that are used to accomplish specific tasks (Esri, 2016). A number of pre-existing widgets 

are available for building a Web App. Using the Developer Edition for Web AppBuilder allows 

for further flexibility and front-end, i.e. user interface, customization. Notably for this research, it 
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was used for building and implementing custom widgets. This is done using the ArcGIS 

Application Programming Interface (API) for JavaScript. The API is how the geospatial data, 

maps, and tasks that exist within the GIS interact with widgets that are coded and written in 

JavaScript by a user. These custom widgets may include external JavaScript libraries for further 

utility. Together, these three main components will be referred to as the ArcGIS platform. 

The developed digital 3D library storage protocol presented features compatibility with the 

ArcGIS platform to create a “bringing the field to you” experience in which the scanned samples 

are placed within geological and geospatial context through georeferencing. The ability to 

incorporate data from internal sources, such as basemaps provided by Esri (Esri, 2016), and 

external sources, such as geophysical datasets, is included to further provide geospatial context in 

relation to inherent geophysical properties and characteristics. Using the ArcGIS platform and 

customized tools together allow for effective data management, customization of widgets, and a 

unified interface that is ideal for multi-scale visualization. 

The developed tools are based on the following five principles of 3D visualization, namely (i) to 

provide multiple representations and descriptions, (ii) make linked referential connections visible, 

(iii) present the dynamic and interactive nature of geology, (iv) promote the transformations 

between 2D and 3D, and (v) reduce cognitive load by making information explicit and integrated 

(adapted from Wu and Shah, 2004). 

There are three main components of this chapter, which draw from Harvey et al. (2016): 

1) meso-scale sample acquisition and digitization for a virtual geological database, 

2) custom widget development, and 

3) two geological case studies illustrating widget utility. 
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2.2 Creating a Virtual Geological Database 

3D data acquisition can be achieved in a number of ways such as optical/photogrammetry, radar, 

thermal, and acoustic techniques (Zlatanova, 2008). This research focuses on acquisition by laser 

scanning, where a directed laser takes distance measurements. Non-contact laser scanning is 

achieved through time-of-flight, phase-shift, or triangulation. In time-of-flight systems, the length 

of time for the laser to hit a target and reflect back to a sensor is used to calculate the distance the 

laser travelled given the known speed of light. In phase-based systems, a laser emits multiple 

phases and uses phase-shift of the return to determine distance from the scanner. In triangulation, 

a source emits a laser at a given angle and the laser’s location is detected by a sensor. The angle, 

location, and known baseline distance between source and sensor are used to determine the laser’s 

position in 3D space. LiDAR systems are typically either time-of-flight or phase-based systems 

and are well suited for airborne or terrestrial applications of outcrop to landscape/regional scale 

range images (see Glennie et al. (2013) and Skaloud and Lichti (2006) for more details on LiDAR). 

Triangulation systems are well suited for range images with smaller scanner-target distances, and 

are thus useful in digitizing meso-scale hand samples. Basic 3D data includes x, y, and z values 

(Cartesian) or radial distance r, polar angle θ, and azimuthal angle φ (polar) values for each point 

in a point cloud. Additional information can be included for each point, such as intensity of laser 

return, which is often included with LiDAR data. In this research, x, y, and z values are given for 

each point with associated red, green, and blue (RGB) values.  

A virtual geological database was created by laser scanning geological hand samples and 

processing the captured range images into 3D models. Each 3D model was linked with associated 

important characteristic attributes. The database was populated with over 100 samples of rocks, 

minerals, fossils, and drill cores. A 3D desktop laser scanner was chosen based on desirable 
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specifications for generally “lower cost” products to further overcome the obstacle of accessibility. 

The NextEngine 3D Desktop Laser Scanner was used. Its specifications can be seen in Table 2-1 

(NextEngine, 2015). 

Table 2-1. Shows the specifications for the NextEngine 3D Desktop Laser Scanner as of 2016 

(NextEngine, 2015). 

Hardware   

Unit dimensions 224 × 91 × 277 mm,  3.2 kg 

Acquisition System NextEngine proprietary MultiStripe Laser Triangulation 

Laser Twin arrays of four, Class 1M, 10 mW solid state lasers, λ = 650 nm 

Sensor/Camera Twin 5.0 Megapixel CMOS image sensors 

Photo surface Optically synchronous 7-colour surface capture 

Photo lighting Built-in whitelight 

AutoDrive Automatically controlled target platform, high precision, 9.1 kg max 

  
Performance   

Target size No limit, can align multiple scans together 

Target field size Macro mode, 130 × 97 mm; wide mode, 343 × 257 mm 

Capture density Up to 41K points/cm2 (macro mode), 4.5K points/cm2 (wide mode) 

Texture density 500 DPI (macro mode), 200 DPI (wide mode) 

Point accuracy ± 0.127 mm (macro mode), ± 0.381 (wide mode) 

  

2.2.1 3D Scanning Workflow 

The NextEngine scanner uses laser triangulation to capture a point cloud in a range image. These 

images were trimmed manually using the NextEngine proprietary software, ScanStudioTM, to 

remove any undesired points that were captured during the scan. Sets of range images were 

collected and auto-aligned synchronously with texture images. The term texture image in this 

thesis refers to red green blue (RGB) images that are used to colourize range images. The texture 
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images are draped over the range images, i.e. point cloud. This is in contrast to rock texture, which 

refers to the size, shape, and arrangement of grains comprising a rock. A component of this 

includes surface texture, or roughness (Mills and Fotopoulos, 2013). Texture images, i.e. 

photographs, were taken by a camera that is bundled with the laser scanning system and 

coregistered for colour to point alignment. Individual range images and sets were registered to a 

common 3D local coordinate system, with scanner software compensating for registration and 

line-of-sight errors. Finally, a 3D model was created in which the target’s geometry, topology, 

texture images were reconstructed into a unified non-redundant surface, called a mesh. The 

scanning setup can be seen in Figure 2-1 and the workflow is summarized in Figure 2-2. For more 

detail on the 3D model acquisition pipeline, see Bernardini and Rushmeier (2002). Each sample 

in the virtual geological database is linked with associated attributes, characteristic properties, and 

geographic location of origin. Collections of rocks, minerals, fossils, and core will be referred to 

throughout this thesis. Refer to Appendix A, Summary of Scanned Geological Samples, for a 

description of each collection and file name. 3D models are stored in .obj data format and viewed 

using both MeshLab (Visual Computer Lab - ISTI - CNR, 2014) and the developed 3D viewing 

widget. 
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Figure 2-1. Scanner-target set up. The scanner is located on the left and is placed approximately 

30 cm from the scanning target, the rock. The rock is a marble from the Queen’s University 

Miller Museum of Geology, part of the Kingston geology collection. The rotating platform limits 

the amount of physical handling of the sample during data acquisition, and allows for multiple 

range images and simultaneously captured texture images to be automatically coregistered to the 

captured geometry. 
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Figure 2-2. Typical workflow for constructing a full 3D model from several overlapping range 

images, including both geometry and texture images. In this research, this was done using the 

NextEngine Scanner and ScanStudioTM software. 

 

The scanning device is portable and simple to set up. The built-in whitelight is beneficial in that 

ambient lighting need not be considered for scanning conditions. Reflective surfaces however, 

such as minerals of high lustre, can reflect too much of the light which can result in an incorrect 

depiction of the target’s colour. Reflective surfaces also result in lower point density capture and 

in some cases result in poor geometry capture with few points returned using the laser. Regardless, 

ambient lighting conditions appeared to not impact point cloud acquisition. 

The AutoDriveTM rotating platform controlled by the scanner facilitates some automation in the 

alignment of range images. Manual alignment must be done when repositioning a sample. The 

scanner has two modes for point acquisition: one closer with higher point density capture (macro 

mode), and a second for larger objects farther away (wide mode). The former was used for the 

majority geological hand samples. When targets are approximately 250 mm from the scanner, the 

image capture device tends to be unable to properly focus on the entire sample, resulting in a poorer 

texture image and on the entire sample. Typically, meso-scale samples were ideally captured with 

a target-scanner distance ranging somewhere between 200 – 400 mm. The smaller the sample, the 

closer it can be placed to the scanner. These scans are conducted using the scanner in macro mode. 
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Larger samples (for example the Ediacaran fossil in Figure 2-5, see Appendix A) that did not fit 

within the macro mode capture range were captured using the wide mode of the scanner. Using 

the wide mode to capture range images resulted in lower point density capture than macro mode, 

however a high level of geometric detail in point acquisition is still possible and achieved through 

multiple range image co-registration. The ability to combine multiple range images reduces the 

spatial limitations of sample size.  

2.3 Linking the Meso- and Macro-Scales: Custom Widget Development 

Two custom widgets for the ArcGIS platforms used in this thesis were developed to render the 

multi-scale relationship between samples and their geographic locations. A diagram showing how 

macro-, meso-, and micro-scales are related can be seen in Figure 2-3. The first widget focuses on 

the meso-scale, which is defined in this thesis as hand-sized to outcrop size. The second widget 

focuses on the macro-scale, defined as outcrop to larger size. Descriptions of the inputs, 

processing, and outputs for the developed widgets can be seen in Appendix B, Summary of 

Workflows, Scripts, and Software. 

In this thesis, cross-sections are acknowledged as important macro-scale spatially descriptive 

geological models, thought they are not emphasized here. Additionally, incorporation of micro-

scale data is not explored, which would be of interest for future work.  
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Figure 2-3. Delineation of three scales of observation discussed in this research, emphasis is 

placed on the top two. Macro-scale, such as a plan view map as the one presented here (Hewitt, 

1964). A rock body of quartzite is shown highlighted on the map. A quartzite hand sample from 

the Queen’s University Miller Museum of Geology is shown at the meso-scale. A quartzite thin 

section is shown as micro-scale (University of Cambridge, 2016). 
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2.3.1 3D Viewer Widget 

The first widget emphasizes the visual representation aspect of facilitating the link between multi-

scale relationships. The widget’s purpose is to show each 3D model linked with its specific location 

or representative region within the Web App interface. The interface can be seen in Figure 2-4. 

 

Figure 2-4. 3D viewer widget along with the map interface for a case study in Scotland. The 

sample is from Queen’s University Petrological Collection from the Miller Museum of Geology. 

The location of the samples can be seen as points on the map. Style options can display the 

model in the following ways: point cloud, wireframe, flat, smoothed, or textured (i.e. texture 

image). 

 

The widget was built using the ArcGIS platform for building customized widgets and utilizes the 

JSC3D JavaScript library (GitHub, 2014). 3D models are viewed using texture images as photo-

realistic samples in the viewer by default. The user also has the option to view the model as a non-
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textured point cloud and non-textured mesh as some geometric features are less discernible when 

the texture image is shown. This can be seen in Figure 2-5 of an Ediacaran fossil sample from the 

Northwest Territories, Canada, with A) being textured and B) being untextured. 

 

Figure 2-5. An example of an Ediacaran fossil sample from the Northwest Territories viewed in 

MeshLab (Visual Computer Lab - ISTI - CNR, 2014), where the same feature is highlighted in 

both A) and B). A) shows a 3D sample textured with a texture image and B) shows an untextured 

sample, i.e. mesh only, where the highlighted feature is more visible. 
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2.3.2 Image Blending Widget 

Image blending visualization techniques applied to macro-scale datasets, which arise from regional 

or global surveys of geophysical and geodetic data, are the basis for the second custom widget. 

Blending presents an opportunity to view multiple datasets simultaneously and to assess how they 

correspond in an interactive and visual manner. The application of this visualization technique is 

useful in viewing how layers relate to one another and to the underlying landscape. This 

relationship serves to improve the understanding of spatial relationships among macro-scale 

datasets. Examples of geophysical and geodetic data used in this thesis include magnetic, as total 

magnetic intensity in nanoTeslas (nT); gravitational, as Bouguer gravity in milliGals (mGal); and 

topographic, as elevation in metres above sea level (m).  

In this thesis, topographic data from the Shuttle Radar Topography Mission (SRTM), launched in 

2000 is used. The data is provided on a 30 m grid for the Canadian case studies described herein 

(see Rabus et al. (2003) for more details). 

The magnetic data used was acquired from the Ontario Geological Survey Single Master Magnetic 

Grid published in 1999. This dataset is composed 41 aeromagnetic surveys flown between 1947 

and 1987. Flight lines are primarily north-south with a few east-west. The majority were flown at 

805 m line spacing and 305 mean terrain clearance. These data were digitized at 812.8 m cell size 

to a reference grid, and further levelled and interpolated using the reference and survey blocks to 

establish a total magnetic intensity grid of 200 m cell size, in nanoTeslas (nT). See Ontario 

Geological Survey (2011) for more details. 

The gravity data used was acquired from the Single Master Gravity Grid provided by the Ontario 

Geological Survey published in 1999. Approximately 55,639 gravity stations throughout Ontario 

provided measurements. Station spacing varied between 0.3 – 15 km. Optimal gridding of these 
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data was done via minimum curvature interpolation of station measurements and resulted in a 1000 

m cell size Bouguer gravity dataset, in milliGals (mGal). See Ontario Geological Survey (2011) 

for more details. 

All geophysical datasets in this thesis use grayscale legends, with darker pixels corresponding to 

lower values and lighter pixels corresponding to higher values for each data type’s respective units.  

Geophysical images are utilized in this chapter to demonstrate the capabilities of the blending 

widget. However, it should be noted that blending is also possible with geological maps. Vector 

bedrock geology is from the Ontario Geological Survey from MRD 126 (Miscellaneous Release – 

Data 126 – Revised, 1:250,000 Scale Bedrock Geology of Ontario, 2006) and MRD 265 

(Miscellaneous Release – Data 265, Regional Geology and Mineral Deposits of Northern Ontario, 

North of Latitude 4930, 2009), Ontario Geological Survey (2011). 

A summary of the datasets used for the case studies in the following chapters is provided in Table 

2-2.  

Table 2-2. Summary of geophysical, geodetic, and rocktype datasets used for case studies.  

Feature Source and Filename Units Original Resolution 

Digital Elevation Model 

USGS; SRTM 

n46_w081_1arc_v3 

n46_w081_1arc_v3 

metres 30 m × 30 m 

Total Magnetic Intensity 

OGS; MNDM 

ONMAGONL from 

GDS1036 

nanoTesla 200 m × 200 m 

Bouguer Gravity 

Anomaly 

OGS; MNDM 

ONGRAVTY1 
milliGal 1000 m × 1000 m 

Bedrock Geology 

OGS 

Geopoly from MRD126-

REV1 

Discrete Geological Units Polygons  
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Kovesi et al. (2014) have explored the concept of multi-image blending of similar geophysical 

datasets by varying the weighting of each selected image’s influence on a final image. In contrast, 

this work varies the opacities of images, allowing for simultaneous visualization of the underlying 

basemap in the Web App. The interface for the widget can be seen in Figure 2-6 and Figure 2-7. 

It includes a square called the “blending area”. The opacity of layers selected for blending is 

modifiable based on the cursor’s position within the blending area relative to the origin for each 

active dataset. The blending widget can vary the opacity of up to three layers simultaneously. 

 

Figure 2-6. The widget interface with and Web App interface. Tile Layers brought into a Custom 

Web App where the blending widget can be used to change the opacity values and “blend” the 

images. Digital elevation is shown with darker cells referring to lower elevation. 
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Figure 2-7. The widget interface for blending geophysical and geodetic images. The user has the 

option to select the number of layers to be blended and to select which layers to blend and view. 

The blending area interface corresponds to Figure 2-8 (a) – (c) with respect to the number of 

layers selected. 

 

The configuration of the blending area determines how images are blended. The three blending 

area configurations are shown in Figure 2-8. 
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Figure 2-8. Interfaces for the blending area, (a) is for one layer, where the vertical axis represents 

the opacity of the chosen layer, (b) is for two layers, where each axis represents the opacity of 

the layers, and (c) is for three layers where opacity is calculated based on the cursor’s barycentric 

coordinates. 

 

The equations below show how opacity values are calculated for the blending areas seen in Figure 

2-8 as follows: 

 
𝛼𝑋 =

ℎ𝑐𝑢𝑟𝑠𝑜𝑟
ℎ𝑡𝑜𝑡

 (1) 

 𝛼𝑌 =
𝑤𝑐𝑢𝑟𝑠𝑜𝑟
𝑤𝑡𝑜𝑡

 (2) 

Where, ax is the opacity of layer X in configurations (a) and (b), ay is the opacity of layer Y in 

configuration (b), hcursor is the cursor’s vertical distance relative to the origin and total height, htot, 

of the blending area, and wcursor is the cursor’s horizontal distance relative to the origin and total 

width, wtot, of the blending area. The opacity of layers X, Y, Z in configuration (c) are based on 
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the same relationship of the cursor’s position relative to each endmember position. Configuration 

(c) shows some examples of key barycentric coordinates with opacity values given (see  Kovesi et 

al. (2014) for further information on simultaneous image visualization). 

Throughout this chapter, a protocol for scanning and storing meso-scale Earth materials and for 

visualizing simultaneous geophysical datasets within relation to one another has been presented in 

alignment with the first objective of this thesis. To further demonstrate the utility of both widgets, 

a case study in Sudbury, Ontario, Canada, is given in the following section, 2.4.  

2.4 Widget Utility: Case Study in Sudbury, Ontario, Canada 

Practical applications of the widgets include revealing relationships among datasets visually and 

intuitively for a user, leading to interpreting possible geological relationships in the region given 

the geometry of observed trends. For datasets used for ore body exploration, such as total magnetic 

intensity and Bouguer gravity, potential ore bodies may be revealed by synthesizing the 

corresponding value intensities and geometric relationships, as illustrated in this case study. The 

case study is for the Sudbury Structure in Sudbury, Ontario, Canada and serves to highlight the 

utility of the widgets. Combining the ArcGIS platforms with the described widgets results in an 

interactive and intuitive interface for interacting with digitized meso-scale geological samples and 

macro-scale geophysical and geodetic data. 

2.4.1 Background: Geology of Sudbury 

The structure is located near where the Superior Province, the Southern Province, and the Grenville 

Province meet. The structure is widely believed to have formed as a result of a meteorite impact 

during the Paleoproterozoic era and subsequent orogenic events causing deformation to the 

northeast trending ellipse shape at surface. Three main components make up the geology as 

follows: 
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1) The Sudbury Basin, which contains the Whitewater Group, is composed of four 

Formations. Ordered ascending, (i) the Onaping Formation composed of a succession of 

glass-rich breccias (andesite), and coeval igneous texture hypabyssal altered intrusions 

(quartz diorite), hosting disseminated sulphide minerals; (ii) the Vermillion Formation 

composed of a lower carbonate member, argillite member, and upper carbonate member; 

hosting Zn-Pb-Cu sulphide minerals; (iii) the Onwatin Formation composed of massive to 

laminated argillite and siltstone; and (iv) the Chelmsford Formation, which is composed of 

a sequence of graded and massive wackes. (Ames et al., 2009) 

2) The Sudbury Igneous Complex (SIC), which is a lopolith structure sitting in the Sudbury 

Basin that is generally noritic and granophyric in composition. Formed 1850 Ma. The base 

of this complex in contact with the Footwall Breccia and Sudbury Breccia is associated 

with Ni-Cu-PGE sulfide ores that are of economic interest (Rousell and Card, 2009).  

3) Breccias, found throughout the Archean basement and surrounding Proterozoic cover, 

dominantly Sudbury Breccia caused by fragmentation and flow of material at meteorite 

impact (Fedorowich et al., 2009). 

The basin is surrounded by migmatized high grade gneisses to the north and east, metavolcanic 

and metasedimentary rocks of the Huronian Supergroup to the south, high grade metamorphic 

gneisses of the Grenville Province to the southeast, and felsic plutons to the west (Peredery, 1991). 

Figure 2-9 depicts a location map with mine locations shown. The major stratigraphy groups of 

the Sudbury region can be seen in Figure 2-10. 
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Figure 2-9. Sudbury location map and geological map. The Contact Sublayer and Offset dikes 

are where some economic mineralizations may be found. Points of interest include Chelmsford 

(CH), Creighton Pluton (CP), Fecunis Lake Fault (FLF), Murray Pluton (MP), Onaping Falls 

(OF), Onwatin Lake (OL), Sandcherry Creek Fault (SCF), Skead Pluton (SP), Vermilion Lake 

(VL), and Whitewater Lake (WL). After Rousell and Card (2009).  
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Figure 2-10. Major stratigraphy of the Sudbury region corresponding to geological overview, 

showing Ni-Cu-PGE deposits (x) and Zn-Pb-Cu deposits (+). After Rousell and Card (2009). 

 

This region has historically been and continues to be of great economic interest for the Canadian 

mining and resources industry as some of the world’s largest Ni-Cu-PGE magmatic sulphide 

deposits occur in host rocks at or near the base of the SIC (Rousell and Card, 2009) . Major ore 

minerals of the SIC and associated physical properties are listed in Table 2-3. Pyrrhotite is typically 

not sought after as an ore mineral, however its physical properties and association with other ore 

minerals make it useful in mineral exploration. 
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Table 2-3. Three important minerals in the Sudbury Structure region, including their formulas, 

specific gravities (unitless), and relative magnetic susceptibilities. 

Mineral Formula Specific Gravity Magnetism 

pyrrhotite Fe1-xS (x = 0 to 0.2) 4.58 - 4.65 strong 

pentlandite (Fe,Ni)9S8 4.6 - 5 non-magnetic 

chalcopyrite CuFeS2 4.1 - 4.3 magnetic after heating 

2.4.2 Sudbury Ore 3D Samples 

Geological ore hand samples originating from the Sudbury Study area were scanned and described 

within geological and geographic context using the widgets described in section 2.3. These 

samples include the desired minerals for extraction listed in Table 2-3. The samples are from mines 

extracting ore from the SIC, and some examples can be seen in Figure 2-11. 
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Figure 2-11. Four different ore samples with different proportions of ore mineral and gangue 

from the Sudbury area. These are all samples that were scanned using the NextEngine 3D 

desktop laser scanner and digitized for viewing in the custom Web App. 
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2.4.3 Blending Example 

The case study shows how the developed blending widget of the online Web App can be used to 

find similarities among different types of datasets. Here, magnetic, gravitational, and topographic 

datasets are uploaded into the Web App. 

Each endmember is located at a vertex of the blending ternary diagram, and the visibility weighting 

is shown underneath the blending area. For each dataset image, darker cells indicate lower intensity 

values and light cells indicate higher intensity values, all with respect to each dataset’s units, 

maximum values, and minimum values. 

Figure 2-12, Figure 2-13, and Figure 2-14 show each of the endmember geophysical datasets, 

where each is at full visibility. Refer to Table 2-2 for a description of the data sources. The purpose 

of these figures is to introduce each dataset at full visibility in order to view each dataset unblended. 

Later figures simultaneously show both endmember full visibility data as well as blended. The red 

ellipse shows the shape of the Sudbury Structure at surface.
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Figure 2-12. Sudbury elevation (m) dataset (USGS, 2000). Within the red ellipse is the Sudbury Structure seen at surface, which is 

visible for each geophysical dataset used in this example. Red rectangle highlights the endmember dataset viewed in the blending 

widget. 
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Figure 2-13. Total magnetic intensity (TMI, nT) dataset (Ontario Geological Survey, 2011) . Within the red ellipse is the Sudbury 

Structure seen at surface, which is visible for each geophysical dataset used in this example. Red rectangle highlights the endmember 

dataset viewed in the blending widget. 
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Figure 2-14. Bouguer gravity (mGal) dataset (Ontario Geological Survey, 2011) . Within the red ellipse is the Sudbury Structure seen 

at surface, which is visible for each geophysical dataset used in this example. Red rectangle highlights the endmember dataset viewed 

in the blending widget.
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The following example in Figure 2-15 (a) – (f) shows how the blending widget interface works for 

a two layer blend, with each subfigure including the cursor’s position in the blending area and the 

corresponding images with adjusted opacity. 

The example is again of the Sudbury region and looks at the magnetic and topographic datasets. 

The example follows the progression of full opacity of both images (a), transitioning to full 

visibility of the magnetic layer (b) – (c), to a mix between the magnetic and topographic layers (d) 

– (e), to full visibility of the topographic layer (f). 
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Figure 2-15. A depiction of blending of total magnetic intensity data (TMI, nT), and elevation 

(m). (a) Shows almost full opacity of both layers. The blending is activated when the cursor 

clicks on the blending area. (b) – (c) shows the magnetic layer transitioning towards full 

visibility. (d) Shows complete blending of the two layers. (e) Shows equal blending of both 

layers, however they both have 0.5 opacity and the basemap can be seen. (f) Shows topography 

as fully visible and the magnetic layer at full opacity. 

 

The distorted crater shape can be seen in the elevation endmember, where a dark oval shape is 

visible, implying a site of impact. This oval shape can also be seen in both the magnetic and gravity 

endmembers. 

Additionally, a strong magnetic anomaly is visible along the southern rim, which coexists in plan 

view with a higher gravity anomaly signal. Magnetic and gravity anomalies coexisting can be 
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indicative of mineralizations of economic resources. The specific gravity of crustal rocks is 

averaged to be approximately 2.75, which is lower in comparison to the aforementioned major ore 

minerals. The presence of high-density minerals would result in a high gravity reading compared 

to surrounding host rocks. Figure 2-16 shows the magnetic and gravity datasets viewed 

simultaneously. 

 

Figure 2-16. Shows the magnetic and gravity datasets both at opacity = 0.5. Elevation is not 

visible in this figure based on the cursor’s position in the blending widget. A red ellipse shows an 

area where total magnetic intensity and Bouguer gravity have higher values and overlay. 

 

Along the southern rim of the SIC, higher magnetic and gravity values can be seen, implying that 

minerals which have strong signatures for this type of geophysical response may coexist here. This 

offers an opportunity to easily view and visually interpret the datasets together, whereas a 

traditional approach may require more steps to view each aspect separately. Figure 2-17 shows 

mineralizations and some mines within the Whitewater Group. See Figure 2-9 for mines and 

mineralizations in the SIC. 
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Figure 2-17. Map showing mineralizations in the Whitewater Group, of the Sudbury region. This 

ellipsoidal shape of the SIC can be seen in presented geophysical datasets (after Rousell and 

Card, 2009). 

 

It is important to acknowledge that anomalous signals are not immediately indicative of economic 

mineralizations. The data must be viewed critically, as some signals may arise from anthropogenic 

sources, one such example being tailings ponds and waste rock from mines for which minerals 

with anomalous magnetic and gravity readings are present. However, the interactive blender helps 

a user to view rapidly up to three endmembers and simultaneously view more than one layer 

dynamically. Here, opacities are used such that interaction and visibility of the underlying basemap 

is possible for further contextualization. The ellipse shape is visible in all three, which is beneficial 

to characterize the region geophysically, understand the geological history, and explore possible 

economic resources. Figure 2-18 shows all three layers at the same opacity (visibility = 0.33). 



 

45 

 

Figure 2-18. All three geophysical/geodetic datasets viewed simultaneously, each with a 

visibility of 0.3. This allows for contextualization of the data within the underlying basemap. 

 

Static images do not fully convey the effectiveness of the tool, as it has been designed to be 

dynamic and interactive, though discussed trends and relationships can be seen in the figure 

images. 

In contrast to the coexisting magnetic and gravity signals in the southern portion of the Sudbury 

Structure (Figure 2-16), the Temagami magnetic anomaly is distinct with regards to the other 

portions of the magnetic map. While gravity response is higher in this region, it is clear that there 

are other regions on the map with higher gravity values, not evident for the Temagami anomaly, 

which covers a large area and has a high magnetic response. Further, the Temagami area has not 

seen the extensive mining activity that the Sudbury Structure has, implying the dense ore minerals 

extracted in Sudbury are not as common, or less accessible. Figure 2-19 compares the magnetic 
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and gravity geophysical dataset endmembers. In the figure, the Temagami anomaly region is 

circled in red and a comparative region to show higher density anomalies outside the Temagami 

anomaly is circled in yellow. 

 

Figure 2-19. Images of the Sudbury Structure offset to the left of centre for each. The Temagami 

anomaly is shown in the top right corners. The left image is of the magnetic data and the right 

image is of the gravity data. The red ellipse highlights the mentioned magnetic anomaly, which 

is clearly the largest highly magnetic portion of the map. The yellow ellipse shows an area with 

low magnetic values but a higher gravity anomaly. 

 

2.5 Discussion 

Direct interaction with geological samples offers advantages over digital methods for assessing 

various diagnostic features required for full comprehension in geology. The range at which humans 

can directly observe geological phenomena is narrow. The unification and abstraction of multi-

scale data and different types of data into a common platform presents an opportunity to ease 

cognitive load in the user comprehension of associated complexities. These visualization tools can 
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aid in augmenting comprehension of spatial relationships and offer flexibility in database 

exploration, visualization, management, and archiving. 

The physical storage space required for physical samples, as indicated by the USGS Geological 

Collections Management System, is substantial and the tools presented above can supplement 

physical archiving requirements and reduce strain on the system as a whole. Additionally, once 

samples are digitally archived and available as 3D models worldwide, researchers, educators, and 

field geologists can have immediate access to an enormous database. Immediate access can allow 

for testing of multiple hypotheses early on in the site investigation process to eliminate options 

that may be easily approved for further assessment or discarded after inspection of digitized 

information. 

Geological formational environments are often presented as general models of formation, though 

no perfect case exists in the real world. Formational analogues for geological setting may exist 

elsewhere in the world, and by accessing 3D models and associated metadata rapidly and digitally, 

important decisions can be made with regards to submitting requests for access to these data and 

samples in physical or digital form, if the information is readily available in the system already. 

The infrastructure to hold the 3D files would be considerably smaller than that of physical samples. 

However, large 3D file sizes may not be suitable for immediate download upon opening of the 

Web App. A select-and-download interface from a database may suit the Web App well, as 

accessing cloud storage could take up time when loading each sample in contrast to loading each 

sample from a user’s machine. Regardless of how long the 3D file takes to load, they are 

immediately responsive in the 3D viewer window, allowing for quick visual interpretation. 
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Every case of geological investigation is different and may require different sets of data in the 

assessment process. This means that different approaches can be used to suit each case. The two 

widgets developed for this research are examples of useful Applications that can see utility in a 

variety of geological investigations. 

The common platform-modular approach to multi-scale visualization in geoscience offers a high 

degree of flexibility and universality in the research and education communities. This allows for a 

balance between visual conceptualization (e.g. of 3D photorealistic hand samples) and abstracted 

2D analytical techniques.  
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Chapter 3 

Interpreting Multi-Scale Geological Relationships 

3.1 Introduction 

Interpolation, generalization, and trend analysis are invaluable to geological interpretations; 

though the separation of inference and observation must be retained by geologists (Jones et al., 

2009). Objective observations in the field at discrete locations (e.g. mineral percentages within 

hand samples and outcrops) lead to subjective observations (e.g. rocktype), and finally to model 

development within a regional geological context (e.g. formational environment). These models 

must be used with critical awareness of the uncertainty introduced at each step and inherent flaws 

associated with abstract representation of multi-scale phenomena (O’Connor, 2015; Oreskes, et 

al., 1994). Bond et al. (2007) found that conceptual uncertainty stemming from experts’ bias can 

result in several permissible interpretations of a single dataset, though study participants using the 

most interpretational techniques were most likely to make interpretations that are more “correct”. 

As the volume and variety of data become increasingly available and useful, new obstacles arise, 

namely (1) manual interpretation cannot maintain the pace with the amount of incoming data and 

(2) manual photo interpretation is generally subjective and can be inconsistent among interpreters, 

especially with large datasets. This can be true for experts as well, as demonstrated in the Bond et 

al. (2007) study of conceptual uncertainty. Studies of virtual field environments in educational 

setting have shown benefits of using such platforms for data visualization (Jacobson et al., 2009; 

King, 2008; Ramasundaram et al., 2005). The ability to scale across various orders of magnitude 

allows for more efficient interpretations of relationships and connections between broad regional 

context and highlight detailed information of outcrops and hand samples (e.g. Jones et al., 2009). 
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This chapter applies similar techniques from the previous chapter, 2, for the region north of 

Kingston, Ontario, Canada. In addition, this chapter introduces multi-scale visualization as an 

approach to understanding the geological model building process, emphasizing the 3D digitized 

samples as accessible data for different types of users. Observations (i.e. hand samples and 

geophysical/geodetic data) are used for model comprehension, not validation, in this chapter. The 

purpose of this chapter, following the second thesis objective, is to illustrate further the link that 

exists between meso- and macro-scale observations while demonstrating the utility of the 

visualization tools developed in chapter 2, for geological observations. Material in this chapter 

draws from Harvey et al. (2016a). 

3.2 Background: Geological History of North of Kingston, Ontario, Canada 

The geology north of Kingston is mostly Precambrian basement rocks composed dominantly of 

1180-1140 Ma metaquartzite, metapelite, and marble. Intrusive 1180-1155 Ma syenite and granite 

suites are found widespread throughout the region as well. The period 1180-1160 Ma saw the 

amalgamation of the Frontenac terrane with the Composite Arc Belt on the southeast side of 

Laurentia. (Carr et al., 2000). This can be seen in Figure 3-1. During the orogenic events, the rocks 

were highly deformed and metamorphosed to granulite facies units (Hewitt, 1964). 
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Figure 3-1. Red rectangle shows region of study north of Kingston, Frontenac Terrane ~1170-

1100 Ma (after Carr et al., 2000). 

 

Zircon U – Pb dating indicates that youngest age of quartzite from the Frontenac terrane is 

approximately 1180-1306 Ma (Sager-Kinsman and Parrish, 1993). Between this approximate 

youngest age of the Precambrian basement and the Paleozoic, the Grenville mountain ranges were 

eroded down to their roots (Wynne-Edwards, 1967). Differential erosion resulted in gently 

undulating topography, with more resistant rocktypes such as the quartzitic Thousand Islands and 

the syenitic Westport Pluton showing more positive relief, emphasized by post-Precambrian 

erosion and Quaternary glaciation (Greggs and Gorman, 1976; Wynne-Edwards, 1967). 
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The arch extending from the southeast to the northwest and comprised of the Frontenac and 

Adirondack terranes is known as the Frontenac Arch (Carr et al., 2000). To the northeast of the 

arch are unconformably laying Cambro-Ordovician sandstones of the Nepean Formation along 

with Ordovician dolostones and sandstones of the Beekmantown Group (Kirwan, 1963). These are 

relatively flat lying sediments sitting atop the aforementioned Precambrian rocks. Similarly, to the 

southwest are the red and green sandy siltstones of the Shadow Lake Formation and Gull River 

limestone, both of the Black River Group (Armstrong and Dodge, 2007; Brookfield, 1988). The 

entire region was glaciated during the Pleistocene with glacial sediments found throughout the 

region (Henderson, 1988), though the focus in these case studies is on bedrock geology dominantly 

formed prior to the Cenozoic. Figure 3-2 summarizes the geological history of the region 

graphically. The figure does not accurately show contact relationships among units due to the 

complex structural history of the region, but summarizes the major geological events succinctly. 
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Figure 3-2. Geological history of the region north of Kingston in graphical form with 

accompanying legend. The first cartoon on the left are representative of protolithic sediments 

that were metamorphosed into the present granulite facies rock units. The diagram does not 

accurately show contact relationships among units due to the complex structural history of the 

region, but describes the general events that occurred to reach present-day geology. 

 

3.3 Model and Data Acquisition 

A geological map of the region and associated literature describing the regional geology were used 

to establish the geological history of the region described in section, 3.2. The geological map serves 

as the basis for the macro-scale data and is ultimately the descriptive model that is used to convey 

the developed conceptual geological model for the region. The multi-scale relationships that exist 

will be explained through the use of the widgets developed in chapter 2. 
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3.3.1 Kingston Meso- and Macro-Scale Data for Model Comprehension 

Geological hand samples that are representative of the geological units of the study area were 

acquired and scanned using a 3D desktop laser scanner. The resulting 3D files of the digitized 

rocks were stored following the virtual geological database protocol established in chapter 2 in 

order to visualize their sample locations within the GIS platform. The samples are linked directly 

with associated metadata including latitude, longitude, unit name, type of rock, age, and 

mineralogy.  

Geophysical and geodetic datasets for the study area were acquired to visualize the existing spatial 

relationships among rock units and their associated regional characteristics and are summarized in 

Table 2-2. 

3.4 Case Studies 

Two examples will be shown in this chapter. The first shows representative 3D models for each of 

the rocktypes in the region. The second shows a 3D model from a specific point on the map. 

Several samples exhibit properties or may have experienced geological history in a way that can 

be seen across larger areas. 

Some limiting factors affect the interpretations that can be made on the Kingston case study 

samples. Ideally, the coordinates of the sample and the orientation from the field should be 

recorded. Coordinates provide geospatial context and the orientation provides information 

regarding planar or linear fabrics seen in the sample, which extend beyond the meso-scale 

providing a link among discrete observation stations. Unfortunately, the samples investigated in 

the Kingston case study were provided without orientation.  
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3.4.1 Representing Kingston Geology with Meso-Scale Samples 

The geology of Kingston and the surrounding area can be seen in Figure 3-3. The legend along 

with unit descriptions for each of the rocktypes found in the area is shown in Table 3-1, and Figure 

3-4 shows representative 3D geological models of the rocktypes. 
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Figure 3-3. Geological map for the surrounding region northeast of Kingston, Ontario, Canada 

(Ontario Geological Survey, 2011). Refer to Table 3-1 for legend and Figure 3-4. for a 

representative 3D geological hand sample for each rocktype. 

Table 3-1. Legend for Figure 3-3, rocktypes found in the area north of Kingston, Ontario, 

Canada. Numbers in the first column correspond to 3D geological hand samples in Figure 3-4. 

Legend Rocktype Unit description 
 

Black River Group Limestone1, dolostone, shale, sandstone, red/green sandy siltstone 
 

Beekmantown Group Dolostone, sandstone2 

 
Nepean Formation Conglomerate, sandstone, shale dolostone 

 
Granodiorite Granodiorite, granite3, syenite, pegmatite, alkali granite 

 
Granitic Gneisses Granitic gneisses with metasedimentary xenoliths, migmatites 

 
Syenite Syenitic4 and granitic rocks 

 
Diorite Diorite, gabbro, anorthosite, meta-gabbro, amphibolite 

 
Quartzite Quartzite5, quartzo-feldspathic rocks 

 
Paragneiss Paragneiss6, politic and psammo-pelitic schists and gneisses 

 
Marble Marble7, lime silicate rocks, skarn 

 
Para-amphibolite Para-amphibolite, biotite-amphibole schists and gneisses 
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Figure 3-4. Selected geological samples that are representative of the physical and chemical 

characteristics as well as the formational environment for specified components of rocktypes 

north of Kingston. Refer to Figure 3-3 for the corresponding geological map and Table 3-1 for 

the legend and unit descriptions. Numbers beside the samples correspond to the superscripted 

numbers in the legend. 

 

The scanned 3D hand samples shown in Figure 3-3 generally correspond to specific components 

of indicated rocktypes in Table 3-1 and represent aspects of the geology in the map/legend. 

Associated attributes including coordinates of outcrops where a sample can be seen, rocktype, unit 

description, age, and mineralogy are also available. In this example, rocktypes are associated with 

a 3D model, to allow for quick familiarization with the local geology. Of course, the geology varies 

across the region and a user should not expect an exact depiction of what in situ outcrops would 

look like. Rather, as these particular samples are located with map units rather than specific 

locations, they are meant to be representative components of the conceptual geological model 

being told. Referencing samples for particular rocktypes, specifically components making up the 
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rocktypes, e.g. limestone in the Black River Group, illustrates how the components that comprise 

a rocktype can be more easily communicated using multi-scale visualization technology. Samples 

that are definitive of rocktypes, or components of rocktypes, can be identified using this approach. 

This is similar to the British Geological Survey’s digitization of type specimen fossils to preserve 

reference fossils (Brisith Geological Survey, 2016).  

Additionally, the properties of the individual samples are expanded to observe the trends and 

relationships of the geological setting for larger areas, as described in the next section, 3.4.2. 

3.4.2 Meso-Scale Samples Actualized Over Macro-Scale Trends 

An example of linking meso-scale to macro-scale geological trends to corroborate the geological 

history and conceptual model given in section 3.2 can be seen in the regional elevation. During the 

500 million year unconformity gap, the mountains created during the Grenville orogeny were 

eroded down to their roots (Wynne-Edwards, 1967). More resistant units, such as granitic intrusive 

bodies and quartzite remain at higher topographic relief than the less resistant, i.e. more prone to 

surficial erosional processes, and ductile marble unit (Greggs and Gorman, 1976). This can be seen 

as the marble unit typically overlays other Precambrian basement rocks at lower elevations and 

exists between igneous intrusive bodies and other metamorphic Precambrian units. More so, the 

units exist at elevations relative to one another that is exemplary of their formational and structural 

history. 

An explicit example of the elevation is shown in the white rectangular areas in Figure 3-5 (a), (b), 

and (d) where the relatively higher elevation of the Westport Pluton, locally known as Foley 

Mountain and dominantly syenitic in composition, is found (Ontario Geological  Survey, 2011; 

Wynne-Edwards, 1967). Also seen in Figure 3-5 (b), (c), and (e) enclosed by the yellow rectangle 

is an example of contrasting total magnetic intensity readings. The granitic gneiss unit will 
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typically have a higher magnetite content than the surrounding marble unit, resulting in a greater 

magnetic reading. Additionally, the folds of the paragneiss unit can be seen in different parts of 

the map, implying that these units have higher magnetic susceptibility than the bounding marble 

and quartzite on either side. Once again, the geological properties that elicit these macro-scale 

geophysical observations such as mineral content and magnetic susceptibility can be linked to 

meso-scale hand samples. 
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Figure 3-5. Three datasets of the Kingston study area and blended images to emphasize visual 

spatial correlation between the geophysical/geodetic images and the geological map. (a) shows 

topography of the region in metres (m) (USGS, 2000); (b) is a map of discrete geological units, 

similar to Figure 3-3; (c) shows total magnetic intensity of the region in nanoTesla (nT) (Ontario 

Geological Survey, 2011); (d) shows a blended image of (a) and (b) where higher topographic 

relief correlates with some geological units, notably Precambrian intrusives and quartzite; (e) 

shows a blended image of (b) and (c) where rocktypes of higher magnetic susceptibility can be 

seen. Topography and total magnetic intensity are shown on a relative scale, with darker cells = 

lower values and lighter cells = higher values, in metres and nanoTesla respectively. 
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Another observation that can be made regarding the link between meso- and macro-scale is 

between the Paleozoic sediments and the corresponding relatively flat lying areas across which 

they lay. See for example in Figure 3-6. The 3D model shown in the viewer widget is of the 

Beekmantown group, which is composed of generally flat laying dolostone and sandstone 

sediments. Generally, this is a substantial assumption, given that the coordinates of collection are 

not available, nor is the in situ orientation of the sample provided. A 3D digital sample is directly 

linked with this information when a field sample is digitized. The lack of metadata associated with 

this sample, practically, highlights the importance of robust data collection practices. However, 

for this example, the sample shown in the viewer is of a sandstone and the flat lying sedimentary 

nature of the unit is visible from this sample. The purpose to show that interpretations can be made 

across the macro-scale environment given that we have the 3D model and know that it comes from 

the particular rock unit in question. 
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Figure 3-6. A sandstone sample from the Beekmantown Group is shown in the 3D viewer widget 

alongside the geological map for the Kingston region. The top left image is the elevation datasets 

for the region, and moving right and finally to the bottom image, there is a transition where the 

geological map with discrete units transitions into becoming more visible. The white box 

highlights the region the sandstone is from, and the intention is to draw links between the 

generally flat lying topography within the area of interest and the 3D model. Note the sample is 

not oriented, however the addition of this metadata would make interpretations and model 

comprehension more robust. 
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In geological disciplines, collected metadata depends on the application. Limitations to data 

storage prior to widespread accessibility limited the amount of information that could be stored 

digitally. Storage of physical samples also requires a vast amount of space and 

documentation/archiving. For example, the attributes of the sandstone (Figure 3-6) are limited to 

those available from the geological bedrock map. With the current and increasing digital capacity, 

all metadata and attributes associated with samples should be included, which further contributes 

to the geological database.  

In the next section, 3.4.3, another case study is presented to show the usefulness of identifying a 

sample’s specific location and displaying it within the developed platform. 

3.4.3 Meso-Scale Sample Location Description 

A sample found north of Kingston, Ontario, Canada was scanned and placed within geological and 

geographic context using the tools developed during the process of this thesis. The sample, along 

with associated attributes, is exemplary of a number of features associated with the local geology 

and how it fits into the geological evolution of North America based on metamorphic petrological 

history and structural history. 

Figure 3-7 shows the sample and its location with respect to the city of Kingston. The sample is 

found in the mylonite zone outcrop on Perth Road north of Kingston, specifically at 44°27’52”N 

and 76°29’29”W and is exemplary of gneissic banding and mylonitization found in the paragneiss 

unit. 
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Figure 3-7. The 3D viewing widget and Web App. The sample appears after its point is clicked 

within the map. The sample can be rotated, zoomed in and out from for further inspection. 

 

The sample contains minerals that are indicative of a low-grade metamorphism formational 

environment. Mylonitization occurred after the severe regional metamorphism and regional 

gneissosity had peaked. The intense mylonitization occurs in the paragneiss unit and has an 

irregular distribution and width of anastomosing bands. The foliation strikes northeast and has a 

steeply plunging extension lineation found on the mylonitic foliation planes (Ermanovics, 1967). 

This structural fabric is something that can be measured across a number of other outcrops that 

also show mylonitic foliation. 
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The sample in the 3D viewer in several orientations can be seen in Figure 3-8. The gneissic banding 

is highlighted with the red line. By nature of this sample, the flat surface best illustrating mylonitic 

texture was difficult to capture as the polished face requires powdering for geometric capture with 

the scanner. A higher resolution image is shown in Figure 3-9 to show the mylonitic texture. 

 

Figure 3-8. Mylonite/gneissic sample from the Perth Road mylonitic outcrop. Note the intense 

anastomosing fold bands within the sample, highlighted in the first view in red. 
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Figure 3-9. Flat polished face of the sample showing mylonitic textures. 

 

The described geology of the area includes a few of the properties that are inherently part of the 

sample and deduced from visual interpretation of it in the online viewer. It is provides insight into 

the paleoenvironmental formational model from a specific point during the regional structural 

history. 
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3.5 Discussion 

Virtually accessing and visualizing this outcrop by proxy as well as other locations worldwide 

could allow for analogues and comparisons to other geological areas. The longitude and latitude 

attributes identify locations where corresponding rocktypes can be seen at outcrops within the 

region. This is extended to the interactive ArcGIS Custom Web Application that was developed to 

show the corresponding 3D samples associated with a point on the map. The ability to view 

samples within geological and regional context enforces the conceptual model at work. Ultimately, 

global data sharing initiatives will populate virtual databases for various regions of interest. 

The geological descriptive model abstractly represents geological units as colour. This is easy for 

map users to understand and navigate on a desktop. However, without field site visits, it is often 

challenging to visualize the rocks in the region. The scanned rocks in the developed virtual 

geological database can be used to depict rock units represented on the map. 

The 3D nature of the samples in an interactive environment allows a user to understand spatial 

scale and manipulate the sample for further analysis of form and mineralogy. Consistent 

quantitative measurements can be made. A simple example is looking at colour distribution and 

clustering within a point cloud of a scanned rock. Colour can be used as a proxy for mineral 

distribution, granulometry, or other characterization processes when samples and information are 

not physically available.  
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Chapter 4 

Using Machine Learning Algorithms for Visualization and Interpretation of 

Geological Relationships 

4.1 Introduction  

The previous chapters of this thesis have discussed building tools to visualize multi-scale data 

differently and in contemporarily, and to utilize these tools to facilitate the comprehension of 

geological models. Developing a protocol for 3D laser scanning and storing meso-scale geological 

3D samples, displaying them at macro-scale geospatial and geological context with relevant 

geophysical data, and demonstrating the utility of these tools have achieved the first two objectives 

of this thesis. Both chapters contribute to the third objective, which will be achieved in this chapter. 

Material from this chapter draws from (Harvey and Fotopoulos, 2016). 

By nature of the scale of existing in situ geological information, there is too much information 

across too many orders of magnitude to efficiently acquire, communicate, and interpret. As 

discussed in chapter 2, acquisition can be overcome through the collective efforts to create global 

geological databases. In chapter 3, communication of interpretations and information was 

discussed in the form of maps and digitized 3D models. Interpretation, very simplified, is an 

individual exercise. For example, whether a single geologist or a team goes out into the field, the 

findings of that group, plus other fieldwork for the region of interest, will collectively become the 

authoritative voice for said region of interest. This traditional approach is ready for current 

technological advances, which are more networked based and collaborative. This chapter focuses 

on taking similar types of information, i.e. geophysical and geodetic information, and using that 

to quickly make interpretations using Machine Learning Algorithms (MLA). Discrete observations 



 

69 

taken during a field campaign during the conceptual model building process leave gaps in 

information between stations. Interpreting what exists between those stations can be challenging 

and introduces many factors of uncertainty. Macro-scale geophysical data can help facilitate the 

process of making these model building interpretations. 

There are certain challenges involved with MLAs as will be seen. Performance, defined as percent 

of correctly identified lithology, is far from desirable for the first case study.  However, the purpose 

of this chapter is to introduce machine learning techniques for making links across macro-scale 

imagery and to show how this approach can improve the understanding of a geological model 

based on field and satellite data, and where virtual geological databases can be incorporated and 

utilized. 

4.2 Sudbury Machine Learning Algorithm Case Study 

There are many examples of remotely sensed spectral imagery in geological applications such as 

environmental monitoring (Munyati, 2000), land use (Yuan et al., 2005), and mineral exploration 

(Hewson et al., 2006; Sabins, 1999). Improving exploration techniques and lithological 

identification in remote areas is important for improving our understanding of regional geology. 

Remotely sensed data have been shown to be useful for geological mapping of alteration minerals 

and rocktypes (Massironi et al., 2008; Rowan and Mars, 2003). 

As the volume and variety of data become increasingly available and useful, new obstacles arise, 

namely (1) manual interpretation cannot maintain the pace with the amount of incoming data and 

(2) manual photo interpretation is generally subjective and can be inconsistent among interpreters, 

especially with large datasets. This can be true for experts as well, as demonstrated in the Bond et 

al.'s (2007) study of conceptual uncertainty. 
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MLAs are a rapid and more objective approach to photo interpretation that automates feature 

classification for these datasets – a commonly used technique in image analysis. In Cracknell and 

Reading (2014) the use of MLAs in rocktype classification using remote sensed spectral imagery 

and geophysical datasets are assessed. It was found that some MLAs, notably random forest, could 

be used for remote lithology mapping. In this chapter, four MLAs are assessed for performance in 

lithological identification for Sudbury, Ontario, Canada in the first part. In the second part, the 

most successful MLA is utilized for the region north of Kingston, Ontario, Canada. 

Four supervised MLAs are considered, namely naïve Bayes, k-nearest neighbour, support vector 

machines, and random forest. Naïve Bayes (NB) used here is the Gaussian naïve Bayes method. 

The implementation of this method has no modifiable input parameter options for optimization as 

population mean and standard deviation are determined by the algorithm based on maximum 

likelihood. k-nearest neighbours (KN) uses the number of neighbours, or k, as the input parameter. 

Support vector machines (SV) (Cortes and Vapnik, 1995) define class boundaries as hyperplanes 

in a high dimensional variable space. The boundary is defined by support vectors, i.e. points from 

calibration data, and is optimally located where the distance between the boundary and support 

vectors of two classes is maximized. The variable to be optimized here is a cost parameter 

associated with misclassification of support vectors. Higher costs results in more complex 

boundaries. Finally, random forest (RF) (Breiman, 2001) can be optimized through the number of 

decision trees or estimators. All MLAs in this study are adapted from the Scikit-learn module for 

Python 2.7 (Pedregosa and Varoquaux, 2011). While three of four MLAs have input parameters, 

which introduce some subjectivity, optimizing these parameters can improve performance. This is 

done through cross validation. 
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The study region for the introduction of MLAs and general workflow of this chapter is the Sudbury 

Structure, Ontario, Canada. This economically important region is an ideal case because it has 

been reliably mapped geologically over the years. Refer to section 2.4.1 for a description of 

Sudbury’s geology. A summary of the data sources can be seen in Table 4-1, similar to those 

provided in Table 2-2, with the addition of remotely sensed satellite spectral data from Landsat 4-

5 Thematic Mapper (TM). Landsat 4-5 images consist of seven spectral bands. They are sensitive 

to the following wavelengths, in ascending band order: 0.45-0.52 μm, 0.52-0.60 μm, 0.63-0.69 

μm, 0.76-0.90 μm, 1.55-1.75 μm, 10.40-12.50 μm, 2.08-2.35 μm. Each has a resolution of 30 m, 

excluding band 6 at 60 m resolution. See van der Meer et al. (2012) for more on spectral remote 

sensing and Landsat in geological applications.  

Table 4-1. Summary of data, features for classification and validation, and class label inputs. 

Includes source, units, and original resolution. 

Feature Source and Filename Units Original Resolution 

Landsat 4-5 TM 

Bands 1-7 

October 2011 

USGS 

LT50190282011278EDC00 

Spectral Response 

16-bit data 

30 m × 30 m bands 1-7, 

120 m × 120 m band 6 

Digital Elevation 

Model 

USGS; SRTM 

n46_w081_1arc_v3 

n46_w081_1arc_v3 

 

metres 30 m × 30 m 

Total Magnetic 

Intensity 

OGS; MNDM 

ONMAGONL from 

GDS1036 

nanoTesla 200 m × 200 m 

Bouguer Gravity 

Anomaly 

OGS; MNDM 

ONGRAVTY1 
milliGal 1000 m × 1000 m 

Bedrock Geology 

OGS 

Geopoly from 

MRD126-REV1 

Discrete Geological Units 
Resampled to study area 

density 
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4.2.1 Pre-Processing and Approach for Sudbury Case Study 

Datasets in Table 4-1 were transformed to refer to a common datum, NAD83 and resampled to the 

resolution of the coarsest dataset, 1000 m × 1000 m. Spectral imagery of the region of interest was 

obtained from Landsat 4-5 TM datasets available from the USGS. The images were taken in 

October of 2011, with less seasonal vegetation cover that could obstruct the imagery. Various band 

ratios were also used as feature inputs for calibration datasets and are summarized in Table 4-2. 

All the inputs features (i.e. total magnetic intensity, elevation, gravity, spectral images) are used 

to create a digital signature for each rocktype using calibration data, and used to identify unlabeled 

points during the classification. Rocktypes used to provide labels for calibration, classification, 

and validation datasets were provided by the Ontario Geological Survey and can be seen in Figure 

4-1 along with the descriptions and legend in Table 4-3 (Ontario Geological Survey, 2011). 

Table 4-2. Landsat 4-5 TM band ratios that are used as input features for the calibration and 

classification datasets. Justification for each ratio is included. Adapted from Cracknell and 

Reading (2014). 

Band Ratio Justification 

3/1 Discriminating areas containing ferric iron associated with clays and alteration (Amen and 

Blaszczynski, 2001) 

3/2 Discriminating areas containing carbonate rocks associated with clays and alteration (Durning 

et al., 1998)  

3/5 Distinguish between calcareous sediment and mafic igneous rocks (Boettinger et al., 2008; 

Mshiu, 2011) 

3/7 Identifying ferrous iron (Amen and Blaszczynski, 2001)  

5/1 Distinguish between volcanic and metamorphic rocks from sedimentary (Kusky and 

Ramadan, 2002) 

5/2 Distinguish between calcareous sediment and mafic igneous rock (Boettinger et al., 2008; 

Mshiu, 2011)  

5/4 Identifying ferrous iron (Durning et al., 1998)  

5/7 Discriminating areas containing hydroxyl ions associated with clays and alteration (Inzana et 

a., 2003) 

5/4 * 3/4 Distinguish between volcanic and metamorphic rocks from sedimentary (Kuzminsky and 

Gardiner, 2012) 
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Figure 4-1. Rocktype map of the Sudbury Basin and surrounding area. Refer to Table 4-3 for 

legend, rocktype descriptions, and proportions within the study area (Ontario Geological Survey, 

2011). 

Table 4-3. Legend and rock type descriptions for Figure 4-1. Includes % of how much of the 

study area each rock type covers. Adapted from Ontario Geological Survey (2011). 

Legend % Cover Rocktype Description 
 0.11 Amphibolite, gabbro, diorite, mafic gneisses 
 0.24 Basaltic and andesitic flows, tuffs and breccias, chert, iron formation, minor metased/intrusive rocks 
 7.07 Carbonaceous slate 
 0.08 Commonly layered biotite gneisses/migmatites; locally quartzofeldspathic gneisses, ortho-,paragneisses 
 0.44 Conglomerate, sandstone, siltstone, argillite 
 0.22 Diorite, quartz diorite, minor tonalite, monzonite, granodiorite, syenite and hypabyssal equivalents 
 0.25 Gabbro, anorthosite, ultramafic rocks 
 0.82 Granite, alkali granite, granodiorite, quartz feldspar porphyry; minor related volcanic rocks 
 13.54 Granophyre 
 18.53 Lapilli tuff, breccia, felsic flows and intrusions, minor carbonate and cherty 
 2.72 Mafic, intermediate and felsic metavolcanic rocks, intercalated metasedimentary and epiclastic rocks 
 10.80 Massive to foliated granodiorite to granite 
 0.33 Murray Granite 2388 Ma, Creighton Granite 2333 Ma: granite 
 1.64 Nipissing mafic sills (2219 Ma): mafic sills, mafic dikes and related granophyre 
 0.14 Norite, gabbro, granophyre 
 7.79 Norite-gabbro, quartz norite, sublayer and offset rocks 
 0.24 Quartz sandstone, minor conglomerate, siltstone 
 3.50 Quartz-feldspar sandstone, argillite and conglomerate 
 0.38 Quartz-feldspar sandstone, sandstone with minor siltstone, calcareous siltstone and conglomerate 
 0.85 Rhyolitic, rhyodacitic, dacitic, andesitic flows; tuffs, breccias; chert iron fm; minor metaseds,intrusives 
 0.09 Sandstone, siltstone, conglomerate, limestone, dolostone 
 0.13 Siltstone, argillite, sandstone, conglomerate 
 0.05 Siltstone, argillite, wacke, minor sandstone 
 2.33 Siltstone, wacke, argillite 
 10.70 Tonalite to granodiorite-foliated to gneissic-with minor supracrustal inclusions 
 10.40 Tonalite to granodiorite-foliated to massive 
 6.67 Wacke, minor siltstone 
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The optimal parameters specific to each of the four MLAs tested were determined through a 10-

fold cross validation performed on calibration datasets composed of various cluster sizes and 

spatial distributions. The parameter values tested can be seen in Table 4-4. The optimal parameters 

were used as inputs for the prediction evaluation component of this study. 

Table 4-4. Parameter and values tested for each MLA during the cross validation. The cross 

validation serves to determine which parameter value provides the best performance for each 

MLA. KN = k-nearest neighbor, SV = support vector machines, RF = random forest. 

MLA KN SV RF 

Parameter k neighbours cost n estimators 

Values 

Tested 

1 0.25 4 

3 0.5 6 

5 0 8 

7 2 10 

9 4 12 

11 8 14 

13 16 16 

15 32 18 

17 64 20 

19 128 22 

 

The calibration data was composed of clusters, which was consistent at 20% of the study area data 

points. This number was selected as it limits the number of calibration data used without markedly 

reducing performance (Guyon, 2008). Each MLA was run for 2a clusters, where a = 0 to 9. This 

process was carried out over three trials for each MLA to account for the simple random seeding 
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of clusters. This process can result in substantially different compositions of calibration points as 

a result of the seed locations and unequal quantities and non-uniform spatial distribution of each 

rocktype. The results of the cross validation for each trial were averaged for the final results of the 

model calibration. 

In both the calibration and final prediction evaluation components for the Sudbury case study, 

simple random sampling, where each sample selected has an equal chance of being chosen, is 

assumed to be more representative of typical geological field mapping traverses and procedures 

than stratified sampling, where a specified number of samples for each rocktype is selected 

(Congalton, 1991). While stratified sampling is possible during field campaigns, it can be 

challenging to acquire a sufficient number of specific samples if their occurrence is low. 

The results for each MLA were assessed through (1) visualization of each classification, (2) 

classification juxtaposed with visualizations of correctly and incorrectly identified data points and 

cluster locations, and (3) overall performance assessment by percentage of correctly identified 

pixels. The purpose was to determine which MLA and under what conditions performs the best. 

4.2.2 Sudbury Case Study Results 

4.2.2.1 Cross Validation Results 

Figure 4-2 shows the results of the cross validation performed to determined optimal parameters 

to use in the prediction evaluation component of the study. The red dots in the figure show the best 

performance for each number of clusters for each MLA. The cross validation accuracies of all the 

MLAs show similar trends among each other as the number of clusters change, showing slightly 

better performance at the extremes of clusters and a trough centred around 16 to 64 clusters. Table 

4-5 summarizes the performance for the best performing parameters for each MLA and 

corresponding clusters. 
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Figure 4-2. Comparison of the mean accuracies over three trials, i.e. varied calibration cluster 

locations, of the cross validation for each MLA as functions of the number of clusters and 

parameter values to be tested as specified in Table 4-4. Red dots indicate best performance and 

parameter value that resulted in the values used in the prediction evaluation, which are 

summarized in Table 4-5. 
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Table 4-5. Accuracies for best performing parameter for each MLA and number of clusters from 

the cross validation. Best performance among clusters with corresponding parameter value for 

each MLA is highlighted in red and bolded. 

# Clusters 

Naïve Bayes k Nearest Neighbour Support Vector Machines Random Forest 

Performance k(neighbours) Performance Cost Performance n-Estimators Performance 

1 54% 11 64% 4 65% 16 76% 

2 51% 9 56% 8 61% 22 72% 

4 57% 7 48% 2 55% 16 70% 

8 49% 7 48% 2 54% 20 61% 

16 37% 11 47% 2 37% 16 52% 

32 43% 5 42% 1 42% 22 50% 

64 41% 9 42% 0.5 43% 20 54% 

128 42% 15 43% 0.5 47% 22 56% 

256 42% 9 48% 0.5 51% 22 63% 

512 43% 17 50% 2 52% 22 66% 

 

The performance is poor, with best performance at 76%. This may be the result of a few factors. 

One large factor is likely the amount of vegetation coverage that hinders rock classification and 

visibility of bare rock. See Cracknell and Reading (2014) for geological mapping in a more suitable 

environment. Additionally, water bodies have not been filtered out of candidates for calibration 

and validation datasets, making imagery of those pixels misleading for rocktype classification. The 

resampling of data to a common pixel size also causes problems. High resolution datasets may 

result in higher performance (albeit time of computation will increase). Additionally, higher 

resolution data may introduce redundancy in rocktype detection. In contrast, low resolution input 

datasets may generalize digital signatures of each rocktype such that they are indistinguishable 

from other types. 
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4.2.2.2 Total Study Area Prediction Results 

Figure 4-3 shows the predictions and spatial distributions of correctly identified data points of the 

prediction evaluation component of the study for 1 and 512 clusters. The coloured images depict 

the MLA rocktype prediction results, and the adjacent image shows correctly identified (grey) and 

incorrectly identified (black) data points. Clusters are in both images as lightly coloured groups of 

data points. Refer to Figure 4-1 and Table 4-3 for validation map and legend. 

 

Figure 4-3. Visualizations of rocktype predictions, cluster distributions, and correctly identified 

data points for each MLA. Clusters = 1 and 512 are shown for each MLA. The coloured image 

shows rocktype predictions with calibration pixels in lighter legend colours. Adjacent are 

performance visualization images, where calibration pixels (light legend colours), correctly 

identified cells (grey) and incorrectly identified cells (black) can be seen. Refer to Figure 4-1 for 

the full rocktype map and Table 4-3 for the legend. 

 

These images show that as the number of calibration clusters increases, (1) major structural and 

lithological trends, or contacts, become more distinct, and that (2) correct identification of 

rocktypes increases with a greater number of calibration clusters and distribution. 
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Figure 4-4 summarizes the overall performance of each classification, showing that performance 

for each MLA generally increases as the number of calibration clusters increases. Lin-log plot 

regression trend lines are included, as well as R2 values for each MLA. Naïve Bayes shows the 

poorest performance generally. Naïve Bayes and k-nearest neighbour performed similarly with 

regards to the relationship between performance and number of clusters, however naïve Bayes fits 

the data the poorest of the four MLAs. Random forest overall produced the best results, steepest 

trend line, and best fitting data. 

 

Figure 4-4. Overall performance (percentage of correctly identified pixels) for each MLA for an 

increasing number of clusters. 

 



 

80 

While Figure 4-4 shows specific numbers corresponding to performance for each case, 

repeatability of results must be addressed. The calibration datasets were chosen at random and 

consist of 20% of the data. Trials utilizing fewer calibration points than 20% resulted in poor 

performance, and trials utilizing a greater number of calibration points resulted in an increasingly 

inefficient workflow. 20% was chosen to balance performance and computational efficiency. 

Different calibration data may lead to different results. Correspondingly in geological field work, 

different field observations may contribute to alternative permissible geological models. The naïve 

Bayes and k-nearest neighbor approaches will each return the same respective performance for 

repeated trials using the same calibration data, whereas support vector machines and random forest 

may perform differently across trials. Studies have shown that various experts, given the same 

geological information, may provide alternative permissible geological models in what is called 

conceptual uncertainty (Bond et al., 2007). This highlights the difficulty and open-endedness of 

geological interpretation both from an automation perspective, as well as with regards to human 

cognition. 

4.2.3 Sudbury Case Study Discussion 

Generally, results indicate that this is not a reliable technique for mapping lithology in regions that 

are heavily vegetated and have water coverage. Possibilities to mitigate these factors are to apply 

this technique in areas that have low vegetation, or weight inputs that rely on spectral response to 

be reduced. Another possibility is to group units that are similar in composition. This study 

considered rocktypes provided from the source material directly, however some units could 

reasonably be grouped together for this application. Rocktypes with similar composition and 

digital signatures may have been confused with one another resulting in reduced performance. For 

example, two units that make up ~10% each of the study area both include “tonalite to granodiorite 



 

81 

foliated to [different third component for each]”. Because they both shared the first two major 

components, the possibility of grouping them into one unit for the classification is worth exploring. 

Increasing the number of clusters for calibration actualizes as an increased distribution of 

calibration points across the study area. A more uniform spatial distribution of calibration clusters 

increases the likelihood that all rocktypes are included in the calibration phase of the classification 

procedure. Additionally, this is more representative of non-preferential sampling, which can 

reduced biased inferences in interpretation (Diggle et al., 2010). 

During the 10-fold cross validation, extremes for number of clusters (i.e. low and high) tested 

showed slightly better results. A low number of clusters could result in better performance in this 

case as the calibration points area all located in the same region spatially. These data are spatially 

constrained to an area that could reasonably have similar properties across it. A large calibration 

cluster could results in enough data within the same area to establish a distinct digital signature 

during the calibration phase of classification due to wide covered in a spatially constrained 

location. The trough in performance during the cross validation may be from the calibration 

clusters moving away from these spatially constrained area to being less spatially defined. 

However, as number of clusters increases to 512, there is wider spatial coverage across the entire 

study area, presenting a circumstance once again where a wide portion of the study area is covered 

and spatial coordinates are valuable as feature inputs for classification. 

During the prediction evaluation across the entire study area, MLA predictions improve as the 

number of clusters increase (lin-log scale). This follows similar logic to the improving 

performance for the higher number of clusters during the cross validation, however fewer 

calibration clusters for the entire dataset results in poorer performance, which differs from the 

cross validation. 
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In the cross validation, only the rocktypes in the calibration data region were considered. Fewer 

clusters for the entire study area result in limited, and sometimes zero, access to each rocktype. If 

a labelled rocktype is not available during the calibration phase, the MLA will not be able to assign 

the correct class label during the classification phase. The assertion that performance improves 

with a greater number of clusters can be observed in the prediction and error location maps (Figure 

4-3). 

The performances are best summarized by the overall accuracy, Figure 4-4, which shows naïve 

Bayes as the poorest performing MLA and random forest as the best. Random forest here shows 

the most promise in this application, however it can be subject to over-fitting (Cracknell and 

Reading, 2014). This could explain why n estimators = 4 to 14 do not show up as candidates for 

best performance in the random forest cross validation. 

4.3 Kingston Case Study 

A case study using the Kingston region previously described was performed to develop a 

geological model for the region based on a random forests classification. Geophysical datasets are 

identical to those used in previous Kingston case study examples, i.e. Table 2-2. Landsat 

spectroscopic imagery was not used as feature datasets. Figure 4-5 shows all of the calibration data 

points used. This includes all road networks in the region. Total road coverage is ~22% of the 

region. 2% of those points were removed to have both the Sudbury and Kingston case studies have 

the same proportion of calibration points. 
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Figure 4-5. Map showing the calibration data used for the Kingston Machine Learning Algorithm 

case study. Coloured regions are the calibration points, black regions are unlabeled points that 

will be used for the validation portion. 

 

Based on the results of the previous section, random forests MLA with n=22 estimators was used 

to geologically map the region based on the input datasets of total magnetic intensity (200 m 

resolution), Bouguer gravity anomaly (1000 m resolution), and elevation (30 m resolution). The 

resampled resolution is 500 m. Figure 4-6 shows the original rocktype map, Figure 4-7 shows the 

results of the classification, which achieved a performance of 79% correctly identified cells, and 

Figure 4-8 shows the performance evaluation. 
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Figure 4-6. Geological rocktype map of study area; Refer to Table 3-1 for rocktype legend. 
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Figure 4-7. Results of random forest classification of geological rocktype showing 79% 

successful performance using 22 estimators and road network as calibration data (see Figure 4-5 

for calibration data). Refer to Table 3-1 for rocktype legend. 
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Figure 4-8. Performance map showing correctly identified cells (white), incorrectly identified 

(black), and calibration (coloured). Refer to Table 3-1 for rocktype legend. 

 

4.3.1  Kingston Case Study Remarks and Comparison to Sudbury 

The Kingston case study shows greater performance than the Sudbury by ~20% of correctly 

identified cells, making the Kingston case study a more feasible example. Some differences must 

be acknowledged to address the improved performance. The first is the number of labels, or 

rocktypes, in the study region. Sudbury has 27 different rocktypes that can be classified, whereas 

Kingston only has 11. Additionally, some Sudbury rocktypes are similar in composition and could 

be grouped together for classification purposes based on digital signature response resulting for 

similarities in mineralogy and physical properties. Another factor in the performance distinction 

between the two examples is that the Sudbury case study covers a larger area with a greater number 

of rocktypes initially. Finally, the Kingston calibration points were not randomly selected, as was 
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done in the Sudbury case. The same percentage of calibration data was used as in the Sudbury 

example (20%), however the road network, available from the Ontario Geological Survey, was 

used to extract points underlying. While this approach is not realistic for near 100% coverage of 

rocktype identification along roads, it is a reasonable approach theoretically in a gently undulating 

topography of this region where many roadcuts and outcrops of sufficient size are available for 

analysis and lithological identification. It is also reasonable however to consider the bias that 

comes with selecting outcrops only from roads, as these throughways tend to favour certain 

rocktypes over others, and may result in over-representation of some types and under-

representation of others. However, this distribution of calibration points provided a reasonable 

coverage of data points such that the longitude and latitude played important roles in the feature 

vectors for identification. Additionally, geological structures and features that were visualized and 

discussed in chapter 3, such as the folded features seen in both the geological rocktype map and 

the elevation dataset, qualitatively indicate their usefulness in the present approach. 

4.4 Discussion 

This chapter discussed the utilization of MLAs for geological mapping. MLAs are useful tools for 

combining multiple complex datasets, but cannot fully replace human interpretation and 

conceptualization at the current level of technology. More advanced algorithms can achieve better 

performance, however the off-the-shelf availability of the algorithms and datasets used in this 

chapter are easily accessible to the general population, partly overcoming the obstacle of 

accessibility emphasized in the introduction. This is where the linking of meso-scale observations, 

of hand samples and in the field, and macro-scale image analysis techniques, whether manual or 

digitally automated, can be taken advantage of. The purpose of the geologist going to the field and 

collecting hand samples is to develop a geological conceptual model to communicate in a map. By 
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nature of the scale of fieldwork, total coverage is virtually impossible, and supplementing the gaps 

with geophysical/geodetic datasets and spectral imagery allows for an alternative approach to 

identifying contacts and general trends in a region. Therefore, as machine learning techniques 

continue to improve, this technique will become more useful in the geological model building 

process, using both meso- and macro-scales to understand. Additionally, high resolution 

geophysical and geodetic datasets of high quality, and field verified calibration and validation data 

will increase the quality of the results and improve performance of the MLAs.   
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Chapter 5 

Conclusions and Future Work 

The accessibility of 3D laser scanning is leading to a new age and associated paradigm shift in 

global network data sharing. Augmenting the visualization and cognitive connections in geological 

interpretation can help communicate ideas and facilitate links across multi-scale phenomena. 

5.1 Conclusions 

In developing a protocol for 3D laser scanning and storage of meso-scale Earth materials and 

displaying in macro-scale geospatial and geological context with relevant geophysical data, multi-

scale heterogeneous data visualization was demonstrated. This contributes to a framework from 

which others in geological disciplines can draw from to contribute to a globally networked virtual 

geological database. The 3D scanning workflow is simple to follow with relevant technology and 

is becoming increasingly accessible. The field sample interface and tools presented in this research 

provide an experience for cohesively visualizing geological concepts and relationships, allowing 

for a more sophisticated level of comprehension. This platform allows for the compilation of 

previous generations of information, the incorporation of present day observations, and the 

opportunity to contribute to education, academia, and industry by developing interpretive skills in 

an interactive environment. 

Robust data quality assurance and data quality control practices must be followed to quantify 

errors. In digitizing samples, information is lost through the abstraction of information. This 

abstraction sacrifices tangibility of observations for accessibility. Including reliable metadata and 

attributes in the virtual geological database will provide insight into the quality of the data.  
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In addition to the building of these visualization tools, practical utility was demonstrated in linking 

meso- and macro-scale heterogeneous datasets. The results of the Kingston area case study 

demonstrate this utility. Again, it should be noted that quality data acquisition along with suitable 

attributes/metadata is required in order to assure the quality of the interpretation. 

Utilizing machine learning techniques presented the opportunity to refine the geological model 

building process by facilitating the process of going through huge volumes of geophysical data. 

The objective measurements made in the field, for example at discrete outcrop stations, contribute 

to subjective interpretations, which result in a model. Utilizing MLAs approached macro-scale 

interpretation by considering high volumes of multiple sets of data simultaneously. This research 

supports prior work indicating that random forest is the most effective MLA for this application. 

Data quality is paramount to making correct interpretations. The tools in this research are presented 

in a way that emphasizes visualization, however correctness is needed for quality interpretation of 

visualizations. Robust data quality and the tools that enable multi-scale visualization of 

heterogeneous data are essential for enhanced interpretation. 

5.2 Future Work 

The research presented is at the forefront of similar work being conducted at present, involving 

digitization of meso-scale geological samples and contextualizing them geospatially. There are 

several suggestions here for moving forward. While a workflow was established for scanning 

samples, this still required a large time investment for each scanned sample to ensure proper 

capture of all points, manual alignment after repositioning samples, and manual trimming of range 

images. Additionally, the storage protocol for 3D samples would be well suited for cloud storage 

in contrast to storage on the user’s machine, such as in this research. This would facilitate global 

access and connection to the virtual geological database. However, further steps need to be made 
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regarding storage and sharing of 3D digital samples. While now digitized and more easily 

accessible, file sizes are generally too large to use for simple cloud computing, though this is a 

possible direction in the future. Additionally, much can be done with the 3D digital samples with 

regards to the point cloud geometries and capture processes. For example, volume calculations 

paired with a mass attribute added during the scanning process can provide density information of 

different samples, which would be an excellent candidate for multi-scale visualization, providing 

more information for mineral exploration workflows. Further, point density capture comparison 

between scanner settings and actual captured would be useful to assess further the scanner’s 

capabilities in capturing spatial information. Ensuring high quality data is important for 

geotechnical assessments of rockface roughness and additional parameters (such as orientation). 

Of course, continually expanding the database is a key component of continuing this research.  

With regards to increasing MLA performance, filtering water bodies, going to the field and 

collecting field validation data as opposed to randomized or semi-randomized selection of a 

generalized geological map as ground validation would improve the performance and accuracy of 

this process. In addition, grouping rocktypes that would likely have a similar response would also 

improve results and understanding how their signal responses impact the geophysical datasets. No 

results in this research were above 80%, which is suggested as a benchmark for practically useful 

results. Further refinement of MLAs must be done to combat poor performance and overfitting. 

Ultimately, this thesis presents techniques to improve the field investigation workflow for 

practicing professionals going in to the field and making interpretations, as well as tools for 

supplementing geological education for students new to geological studies or to experts attempting 

to familiarize themselves with a region of study. While improvements can be made to the 

automation and customization of the presented workflows, these techniques are all involved in 
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future of developing databases, geovisualization tools, and approaches to interpretation within 

geological disciplines. 
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Appendix A 

Summary of Scanned Geological Samples 

Core Samples 

These samples come from a quarry near Bowmanville, Ontario, Canada. They were scanned and 

are to be used in a comparison to before and after shear testing. They were provided by Dr. Mark 

Diederichs and Jennifer Day of the Queen’s University Geomechanics Research Group. 

A1_3_13_A 

A1_3_13_B 

A1_3_15_A 

A1_3_15_B_ver2 

A1_3_16_A 

A1_3_16_B 

A2_3_1_A 

A2_3_1_B 

A2_3_2_A 

A2_3_2_B 

A2_3_3_A 

A2_3_3_B 

A2_3_5_A 

A2_3_5_B 

A2_3_6_A 

A2_3_6_B 

A2_3_7_A 

A2_3_7_B 

B1_2_4_A_Fab_X 

B1_2_4_B_Fab_X 

B1_3_4_Fab_A 

B1_3_4_Fab_B 

B2_2_4_A_Fab_X 

B2_2_4_B_Fab_X 

C2_3_1_Fab_A 

C2_3_1_Fab_B 

C2_3_2_A 

C2_3_2_B 

C2_3_9_Fbc_B 

C2_3_9_Fbc_C 

C2_3_13_Fbc_B 

C2_3_13_Fbc_C 
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Kingston Geological Samples 

These samples were obtained from the Miller Museum of Geology at Queen’s University in 

Kingston, Ontario, Canada. They were used as sample representative of the local surrounding 

geology to the north. 

KG_Amphibolite 

KG_BiotiteGneiss 

KG_Gabbro 

KG_Granite 

KG_Limestone1 

KG_Limestone2 

KG_Marble1 

KG_Marble2 

KG_Paragneiss 

KG_Quartzite 

KG_Sandstone1 

KG_Sandstone2 

KG_Syenite 

Innes-Taylor Antarctica Expedition Collection 

This collection comes from the exploration of Antarctica of Captain Charles Alan Kenneth Innes-

Taylor during the first half of the 20th century. The collection was donated to the Miller Museum 

of Geology at Queen’s University, Kingston, Ontario, Canada. 

Taylor_Antarctica_X-177 

Taylor_Antarctica_G-188 

Taylor_Antarctica_X-173 

Taylor_Antarctica_X-175 

Taylor_Antarctica_X-176 

Taylor_Antarctica_X-180 

Taylor_Antarctica_X-181 

Taylor_Antarctica_X-182 

Taylor_Antarctica_X-183 

Taylor_Antarctica_X-185 

Taylor_Antarctica_X-186 

Taylor_Antarctica_X-187 
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Queen’s University Petrological Collection: Scotland 

This collection comes from the highlands of Scotland and is held by the Miller Museum of Geology 

at Queen’s University, Kingston, Ontario, Canada. 

Sc19 

Sc69 

Sc70 

Sc72 

Sc73 

Sc74 

Sc74_2 

Sc75 

Sc77 

Sc81 

Sc82 

Sc83 

Sc84 

Sc93 

Sc94 

Sc295 

Sudbury Ore Collection 

The following samples are part of a wider collection of hand samples containing ore minerals from 

various mines near Sudbury, Ontario, Canada. The collection was provided by Dr. Gema Olivo of 

Queen’s University Department of Geological Sciences and Geological Engineering, Kingston, 

Ontario, Canada. 

1-SUD2014 

2-INCO2 

3-STOB2 

4-INCO11-1 

5-INCO6-1 

6-INCO12-1

 

 

 

 

 



 

105 

Northwest Territories Ediacaran Fossil Collection 

These samples are from the Northwest Territories in Canada and are important specimens from 

the Ediacaran Period. The samples were provided by Dr. Guy Narbonne of Queen’s University 

Department of Geological Sciences and Geological Engineering, Kingston, Ontario, Canada. For 

further information on the samples, see the following reference. 

H.J. Hofmann, G.M. Narbonne, J.D. Aitken. 1990. Ediacaran remains from intertillite beds in 

northwestern Canada. Geology. v. 18. P. 1199 – 1202. doi: 10.1130/0091-

7613(1990)018<1199:ERFIBI>2.3.CO;2 

D11_FossilScan_N11-19 

D11_FossilScan_N11-19A12 

D11_FossilScan_N11-AF 

D11_FossilScan_N89-134 

D11_FossilScan_N11-19A22 

D11_N11-19E 

FossilScan_5 

FossilScan_06 

FossilScan_07 

Fossil_N89-134_LF 

Fossil_N89-136 

Fossil_Scan4 

Fossil_Scan6 

Fossil_Scan8 

Fossil1_Scan 

Fossil2 

Fossil3_Scan 

FossilScanD3_N11-19_x3 

FossilScanD3_N11-19F 

FossilScanD3_N11-19I 

FossilScanD4_N11-19D 
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Appendix B 

Summary of Workflows, Scripts, and Software 

Workflow: Digitizing Geological Meso-Scale Samples 

Purpose: Describe the workflow from obtaining a real-world geological hand-sized (meso-scale) 

sample and digitizing it with associated characteristics and attributes. 

Inputs: geological sample, 3D scanner settings, hand sample analysis diagnostic features and 

attributes 

Outputs: non-redundant uniform meshed 3D model of geological sample digitized, linked 

attributes in virtual geological database 
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3D Sample Viewer Widget 

viewer3D.js, viewer3D.html 

Purpose: Identify and show the 3D model corresponding to the feature clicked in the Web-GIS 

platform in a widget window. Custom maps are created for specific regions with clickable features 

that correspond directly to meso-scale geological samples stored in an associated library. 

Inputs: identified features from mouse clicks, virtual geological database (3D digital models of 

geological samples, linked attribute database table) 

Outputs: rendered 3D visualization of 3D model in Web-GIS widget 
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Macro-Scale Data Blending Viewer Widget 

blender.js, blender.html 

Purpose: Simultaneously view heterogeneous datasets that overlay one another geospatially to 

visualize corresponding trends and patterns. This is done by altering the opacity of each layer to 

be proportional to the cursor’s position within a “blending area” and the origin of that space. Up 

to three images can be interactively modified simultaneously. 

Inputs: geophysical/geodetic images or data: X, Y (decimal degrees), Z (units specific to desired 

datatype, e.g. milliGals, nanoTeslas, metres); cursor position; cursor clicks; selected number of 

layers to blend; selected layers chosen to be blended 

Outputs: geophysical/geodetic images or data in Web-GIS with opacities set corresponding to 

relative cursor position within the blending area 
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Figure B-1. Visual depiction of how the blending widget operates based on cursor position and 

clicks. The blending does not begin until the cursor clicks within the blending area. If the cursor 

is moved outside the blending area while it is “on”, blending is suspended until it returns to the 

blending area. If blending is “on” and the cursor clicks again within the blending area, it is 

turned “off”. 

 

 


