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Abstract 

Mineral exploration utilizing hyperspectral imaging sensors aboard low-altitude airborne platforms 

is still a relatively new and developing research topic. The main reason is the difficulty of finding 

the optimal combination of platform, sensor, and survey design for specific targets in various 

geological settings. This research firstly aims to examine the reliability of an industry-standard 

workflow for hyperspectral imaging using an unmanned aerial vehicle (UAV) for a mineral 

exploration target in Cuprite, Nevada. A versatile hyperspectral imaging (HSI) simulator called 

HYSIMU has been developed that can be used to simulate different scenarios based on 

customizable flight and target parameters. Random mineral reflectance spectra are assigned to 

synthetic digital elevation models (DEMs) and several flight scenarios are simulated on those 

DEMs using different sensors and selectable survey parameters such as altitude, speed, and sun 

position with options to add spatial noise, spectral noise, and terrain shadow effects. The synthetic 

hyperspectral data generated from each scenario are further processed using the workflow 

established earlier in this research to determine the target minerals and to create classification maps. 

In this study, three ground truth scenarios with different levels of complexity were simulated with 

varying survey parameters such as altitude (10 to 200 meters), velocity (1 to 100 m/s), and sun 

elevation (0°, 45°, and 90°). A sensitivity study is performed using four metrics to compare the 

ground truth data and the obtained classification maps. The results showed that HYSIMU has great 

potential as a tool to optimize hyperspectral imaging in mineral explorations by finding the right 

combinations of flight parameters, primarily the altitude and flight speed which affect the survey 

time and total cost. There are opportunities for further development of HYSIMU to make it more 

versatile. It was also implemented to test the detectability of agricultural targets in different soil 

conditions. Lastly, the use of satellite-based Land Surface Temperature (LST) as an earthquake 

precursor is examined and its potential to be combined with hyperspectral imaging is discussed.  
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Chapter 1 

Introduction 

1.1 Motivation 

Hyperspectral imaging (HSI) has been in development for more than 50 years. The technique, 

known then as “Imaging spectrometry”, is defined by Goetz et al. (1985) as “the acquisition of 

images in hundreds of contiguous, registered, spectral bands such that for each pixel a radiance 

spectrum can be derived”. During the 1980s and 1990s, the development of spectral technology 

was accelerating, and with each research adding more information to the development of the 

technique, dominated by satellite and high-altitude airborne applications. A comprehensive history 

of the development of this technique can be found in Goetz (2009).  HSI is mostly conducted with 

sensors aboard satellite platforms or inside an aircraft, however, in recent years the technology has 

advanced to make hyperspectral imaging using Unmanned Aerial Vehicles (UAVs) possible. This 

remote sensing technique is widely applied in a range of industries including agriculture, disaster 

management, urban studies, geology, and more. 

 

There are several review papers discussing geological remote sensing (e.g. Asadzadeh and de Souza 

Filho 2016; Coulter et al. 2017; van der Meer et al. 2012), hyperspectral imaging for mineral 

exploration (e.g. Bedini, 2017; Kruse, 2012; Taranik & Aslett, 2009), and the future of 

hyperspectral imaging (Selci, 2019). As Bedini (2017) noted, although sometimes reluctantly, the 

mineral exploration industry is increasingly incorporating hyperspectral imagery in exploration 

projects.  

  

Until now, different methods of hyperspectral surveys for mineral exploration have been used, from 

terrestrial surveys to aircraft to satellites and even with water vessels. In recent years, the fast 
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development of UAVs and the miniaturizing of the sensors have made it possible for this type of 

platform to be used for hyperspectral surveys. This raises the question of what type of platform 

should one use for a particular survey and target combination. While satellite data have global 

coverage, the mission’s budget is expensive and the resolution is not sufficient enough to get an 

accurate localized map for mineral exploration while airborne survey, despite its regional coverage 

and higher resolution, remains relatively expensive. The introduction of UAVs in this territory has 

provided a new option for a lower-cost survey with the highest-resolution results but limited 

coverage.   

 

The effort to fully implement hyperspectral remote sensing for mineral exploration remains a 

challenge for the industry. The complexity of geological settings makes it difficult to design a 

campaign that could yield satisfactory results for all scenarios. The lack of test cases, the need for 

high accuracy and resolvability in remote sensing images, and the vast options of sensors and 

platforms, the complex processing combined with limited cost and time often lead to this method 

being overlooked. One solution to this problem is to develop a toolkit that is capable of simulating 

different scenarios to produce synthetic hyperspectral images that could represent real-life surveys 

and targets. The evaluation of how different parameters affect the results could provide valuable 

information that could be used to optimize the survey without the need to conduct test flights. This 

approach of simulating a hyperspectral survey is equivalent to forward modelling in geophysical 

exploration, and this study also considers the classification step, hence the inversion of HSI to 

estimate mineral distribution maps. 

 

Various hyperspectral simulation tools have been developed over the years such as the Software 

Environment for the Simulation of Optical Remote sensing systems (SENSOR) by Börner et al. 

(2001), the Cranfield Hyperspectral Image Modelling and Evaluation System (CHIMES) by Zahidi 

et al. (2020), and CAMEO-SIM by Moorhead et al. (2001) to name a few. A comprehensive list 
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and assessment of many hyperspectral scene simulators are discussed in Zahidi et al. (2020). The 

simulators mentioned in that study all have the capability to simulate hyperspectral scenes by 

modelling the interaction between the light source and the target using different techniques with 

various external parameters, mainly atmospheric and terrain effects. However, only a few 

simulators can address the flight parameters for hyperspectral remote sensing, such as the Digital 

Imaging and Remote Sensing Image Generation (DIRSIG) (Schott et al., 1999) which can use 

dynamic viewing geometry from different platforms and the CAMEO-SIM is said to have a project 

incorporating a flight simulator (Zahidi et al., 2020). In this study, an airborne hyperspectral 

simulator is developed and designed to be able to generate synthetic hyperspectral scenes and 

simulate different flights based on user inputs. Survey optimization is evaluated through a 

sensitivity study on the comparison between the classification maps produced with the synthetic 

ground truth images. The agreement is evaluated through four metrics, which are the Hausdorff 

Distance, the Structural Similarity Index, the Equal Pixel Percentage, and the Correlation 

Coefficient. 

 

1.2 Objectives 

There are three main research objectives in this thesis, which aim to investigate the applications of 

hyperspectral imaging and its variation in the thermal range using platforms such as satellites, 

aircraft, and UAVs. The three objectives are: 

1. Exercise and examine the UAV hyperspectral remote sensing workflow for mineral 

exploration on sample data from Cuprite, Nevada using available industry-standard 

software. 

2. Develop an airborne hyperspectral simulator that focuses on the flight parameter aspects 

of the survey design and evaluate its performance using four metrics. 
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3. Identify the feasibility of using satellite thermal remote sensing data as earthquake 

precursors and its possible association with hyperspectral remote sensing. 

1.3 Original Contributions 

1. Despite the advanced development of UAV hyperspectral analysis for other fields such as 

agriculture, it has not been ubiquitous in the mineral exploration industry. This study 

evaluates the workflow and the applicability of this technique through a test study with 

hyperspectral data from Cuprite, Nevada provided by Pioneer Exploration Consultants Ltd. 

and HySpex. 

2. Existing hyperspectral simulators mostly focus on the creation of hyperspectral scenes, 

however, a built-in flight simulator module is considered new in this field of research. 

3. The reliability of thermal remote sensing to identify earthquake precursors has been long 

debated with contradictory results often found in previous studies. This study introduces 

the possibility of using hyperspectral remote sensing to help solve the inconsistency. 

1.4 Thesis Outline 

Chapter 1 (Introduction) provides the background and motivation for this study while Chapter 2 

(Literature Review) explains the theories and information relevant to the next chapters. Chapters 3 

to 5 each act as independent studies and are written in a publication manuscript format. Chapter 3 

(UAV Hyperspectral Imaging Processing Workflow for Mineral Exploration: A Case Study with 

Data from Cuprite, Nevada) evaluates the UAV hyperspectral remote sensing for mineral 

exploration workflow and exists as an explanation for the next chapter’s data processing step. 

Chapter 4 (Airborne Hyperspectral Sensing Simulator: A Tool for Optimizing Mineral Exploration 

Surveys) discusses the development of HYSIMU, a hyperspectral remote sensing simulator from 

its general idea, the algorithm, sample results, and a sensitivity study to test its reliability. Chapter 

5 (Pre-Seismic Thermal Anomalies from MODIS Land Surface Temperature data: A Study on the 

2001-2003 Alaska Earthquakes) investigates the use of thermal remote sensing to identify 
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earthquake precursors and recent studies have suggested the possibility for hyperspectral remote 

sensing to be used as an alternative means to thermal remote sensing data. Finally, Chapter 6 

(Conclusions) summarizes the main conclusions of each study and examines whether the objectives 

have been fulfilled for this research. Recommendations for future works are also discussed in this 

chapter.  



6 

 

Chapter 2 

Literature Review 

2.1 Hyperspectral Imaging 

2.1.1 Fundamentals 

Hyperspectral Imaging (HSI), is defined as the acquisition of images in hundreds of contiguous 

bands simultaneously (Goetz et al., 1985). This imaging technique analyzes a wide range of the 

electromagnetic (EM) spectrum, with the sensors having a very large number of contiguous and 

narrow spectral bands to capture high-resolution spectral information from the target. Practical 

applications of hyperspectral imaging rely on the collection of the reflected EM radiation of 

materials in hundreds of spectral bands where each band occupies a slice of the EM spectrum. 

These spectral bands are in the range of visible-near infrared (VNIR), 0.4 – 1.1 microns, shortwave 

infrared (SWIR), 1.1 –2.5 microns, and sometimes also in the longwave or thermal infrared (LWIR 

or TIR) range of 8 to 12 microns. These spectral ranges can give information about mineral types 

from their reflectance and emittance characteristics due to electronic transitions and vibrational 

processes in minerals (Christensen et al., 2000; Clark, 1999; Hunt, 2017). The spectral reflectance 

characteristics of minerals are discussed in Clark (1999). This enables the classification of a wide 

array of materials that can appear as the same colour in optical remote sensing images. 

Hyperspectral information thus allows for improved segmentation and classification compared to 

multi-spectral or optical remote sensing. An updated review of hyperspectral remote sensing for 

lithological mapping can be found in Peyghambari & Zhang (2021). 

 

The source of the EM radiation is the sun for outdoor applications while artificial light (or heat) is 

used for portable spectrometers and core scanning instruments (Coulter et al., 2017). The data from 

all spectral bands for one pixel will be reconstructed into a full spectrum that later can be compared 
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directly with the reflectance/emittance data from field or laboratory spectra. Hyperspectral sensors 

record the light reflectance of a pixel in a target area while the Global Navigation Satellite System 

(GNSS), the Real-Time Kinematic (RTK), and the Inertial Measurement Unit (IMU) systems on 

the platform record the location information. This information is then compiled as one image 

known as the hyperspectral data cube, as shown in Figure 2.1. A hyperspectral data cube is a 

collection of pixels that each contains 2-dimensional spatial information (x and y or Northing and 

Easting) and spectral data in the third dimension (z).  

 

 

Figure 2.1. The concept of the hyperspectral data cube (modified after NASA (2021), available at 

https://aviris.jpl.nasa.gov/aviris/concept.html). 

 

2.1.2 The USGS Spectral Library 

There are several comprehensive spectral libraries available such as the one from the United States 

Geological Survey (USGS) (Kokaly et al., 2017), which is used in this study. The library contains 

reflectance and emittance infrared spectra data for a large number of minerals, rocks, soils, 
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vegetation, plants, microorganism, liquids, and anthropogenic materials. Examples of the 

reflectance spectra of several minerals taken from the USGS spectral library are shown in Figure 

2.2 

 

 

Figure 2.2. Reflectance spectra of various randomly selected minerals from the USGS spectral 

library with 400 nm to 2500 nm wavelength range. 

 

2.2 Hyperspectral Acquisition 

Hyperspectral data cube acquisition can be divided into four categories, i) point scanning or whisk 

broom mode; ii) line scanning or push broom mode; iii) area scanning; iv) single shot or snapshot 

mode (Adão et al., 2017; Hagen & Kudenov, 2013; Sellar & Boreman, 2005; Wu & Sun, 2013). 

Figure 2.3 illustrates the principle of each category. Whisk broom mode records the spectral 

information of one single pixel and moves to the next pixel along the two spatial dimensions to 

create a band-interleaved-by-pixel (BIP) cube. Meanwhile, albeit similar, push broom mode 

samples one line of pixels and continues along the spatial dimensions to form a band-interleaved-
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by-line (BIL) cube. Area scanning records the spectral information in a 2-dimensional target area, 

one band at a time and repeats the process for the camera’s entire spectral bands. This technique is 

only suitable for static targets or sensors because any movement will tilt the scanning area and 

destroy the data cube. The area scanning method produces a band sequential (BSQ) data cube. The 

last approach is the snapshot mode. Even though this type of sensor is still in its early development, 

it seems promising for fast-moving HSI. It records the spatial and spectral information over a large 

area simultaneously, creating the full data cube.   

 

 
Figure 2.3. The different acquisition modes of hyperspectral sensors. A shows whisk broom, B 

shows push broom, C shows area scanning, and D shows snapshot (modified from Wu & Sun 

(2013)). 

 

2.2.1 Field of View, Ground Sampling Distance, and Overlap 

The aim of remote sensing with airborne platforms is to get the best image quality without 

significantly increasing flight and processing time (Seifert et al., 2019). The balance between image 

quality and efficiency of airborne remote sensing is determined by various things. Parameters such 

as flight speed, altitude, and image overlap and, in addition, sensor parameters such as sampling 

rate, focal length, field of view (FOV), and resolution also have to be considered in the process. All 

these parameters affect the image quality and total frames required for a mission, which influence 

the survey efficiency and cost. 
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A pixel’s spatial value in a remote sensing image is commonly known as the ground sample 

distance (GSD). The physical illustration of the GSD is shown in Figure 2.4a. It can be calculated 

using equation 2.1 (Neumann, 2008), 

 

𝐺𝑆𝐷 =
𝑝𝑠

𝑓𝑜𝑐
𝐻 (2. 1) 

where 𝐺𝑆𝐷 is the ground sample distance in cm, 𝑝s is the size of a pixel on the sensor in mm, 𝑓𝑜𝑐 

is the focal length of the sensor in mm, and 𝐻 is the flight altitude in cm. 

 

Aerial images acquisition is usually done in flight strips with predetermined degrees of along- 

(forward) and across- (side) track overlap (Goodbody et al., 2019). Forward overlap degrees should 

be between 60% and 65% and no less than 53% while 30%-40% is sufficient for side overlap but 

not less than 15% (Wang & Xu, 2007 in Xing et al., 2010). Both overlaps can be calculated with 

Equations 2.4b and 2.4c (Seifert et al., 2019). 

𝑜𝑓𝑜𝑟𝑤𝑎𝑟𝑑 = (1 −  
𝑑𝑓𝑜𝑟𝑤𝑎𝑟𝑑 × 𝑓𝑜𝑐

𝐻 × 𝑤𝑠
) × 100% (2. 2) 

𝑜𝑠𝑖𝑑𝑒 = (1 −  
𝑑𝑠𝑖𝑑𝑒 × 𝑓𝑜𝑐

𝐻 × 𝑤𝑠
) × 100% (2. 3) 

where 𝑜𝑓𝑜𝑟𝑤𝑎𝑟𝑑 and 𝑜𝑠𝑖𝑑𝑒 are the forward and side overlap in percent, respectively. 𝑑𝑓𝑜𝑟𝑤𝑎𝑟𝑑 

indicates the distance between shot points (m) while 𝑑𝑠𝑖𝑑𝑒 is the flight line spacing (m). 𝐻 is the 

flight altitude (m), 𝑓𝑜𝑐 is the focal length (mm), and 𝑤𝑠 is the width of the sensor (mm). 

 

Forward overlap is controlled by both the sampling rate of the sensor and the flight velocity. 

Changing the forward overlap, if the sensor allows varying sample rates, will not add a significant 

cost to the survey (Leberl et al., 2010). Meanwhile, the side overlap determines the line spacing, 

flight path, and eventually the survey cost. It must be carefully considered during survey planning. 
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Finding the balance and examining the trade-off between image overlap, flight time, and the total 

cost are essential for an airborne remote sensing mission. 

 

Figure 2.4. Various parameters of airborne remote sensing. The relations between FOV, GSD, and 

altitude (a) and the two types of overlaps (b) and (c).  

 

2.3 Image Comparison Metrics 

This study used four metrics to quantify the numerical differences or similarity degrees between 

the ground truth and the classification maps created by the classifier from HYSIMU’s results. The 

metrics are situational and serve different purposes in assessing different aspects of image 

matching.  The results from these metrics are used to determine the best survey parameters but they 

are fully scenario-dependant. This means that the patterns of each metric across different scenarios 

can be irregular. In this study, three different scenarios were evaluated to find the robustness of 

each metric. The four metrics are the Hausdorff distance, the Structural Similarity index, the Equal 

Pixel Percentage, and the Correlation Coefficient, all are described in the following sections. 
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2.3.1 Hausdorff Distance 

Hausdorff distance is a metric to measure the smallest distance, 𝐻𝐷, between two sets of points, A 

and B, such that every point of A has a point of B within 𝐻𝐷 and vice versa (Rote, 1991). It is 

defined as 

𝐻𝐷(𝐴, 𝐵) = max  {max
a∈A

min
b∈B

 |𝑏 − 𝑎| , max
b∈B

min
a∈A

 |𝑎 − 𝑏| } (2. 4) 

where |𝑎 − 𝑏| is the Euclidean distance (or any other appropriate distance metrics) between the 

two points 𝑎𝑖 and 𝑏𝑗 across the two sets 𝐴 and 𝐵. 

 

It can also be explained as the maximum value of the shortest distance between any point in A to 

any point in B. Figure 2.5 illustrates how it works in a simple algorithm. Given two point datasets 

𝐴 = { 𝑎1, 𝑎2} and 𝐵 = {𝑏1,𝑏2}, compute each distance combination (𝑑11 , 𝑑12, 𝑑21, 𝑑22) using 

Euclidean distance. The results are as follows: 𝑑11 < 𝑑12 and 𝑑21 < 𝑑22. Furthermore, extract the 

shortest distance from each point in A to B, which are 𝑑11 and 𝑑21. Based on the relationship 𝑑11 <

𝑑21, it can be concluded that the max
b∈B

min
a∈A

 |𝑎 − 𝑏| will be 𝑑21. In this case |𝑏 − 𝑎| =  |𝑎 − 𝑏|, 

therefore the Hausdorff distance, 𝐻𝐷(𝐴, 𝐵), is 𝑑21. 

 

Hausdorff distance between two images is calculated by using binary images created by extracting 

the edges of the structures inside the images. The lower the Hausdorff distance value between two 

images or datasets, the more similar they are and vice versa. Figure 2.6a shows the original picture 

of the author’s cat “Grey”, while Figure 2.6b shows the same picture but with enhanced contrast. 

Figures 2.6c and 2.6d are the edge binary images of Figures 2.6a and 2.6b. These pictures show 

how Hausdorff distance is sensitive to outliers (Taha & Hanbury, 2015) because the edge function 

often creates random noises that do not represent any structure in the original images. This 

technique has been applied and modified in various areas of science and engineering mostly for 
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image matching (e.g. Yang et al., 2005; Yang et al., 2007; Zhang et al., 2017; Zhao et al, 2005; Zhu 

& Zhu, 2014). 

 

Figure 2.5. The simplified algorithm for calculating the Hausdorff distance between two sets of 

points, A {a1,a2} and B {b1,b2}, in four steps. 
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Figure 2.6. The pictures of the author’s cat, “Grey”. The original image is (a), while (b) is a 

contrast-enhanced image of (a). Both (c) and (d) are the edge images of (a) and (b), respectively. 

The calculated Hausdorff distance between (a) and (b) is 255.763. 
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2.3.2 Structural Similarity 

The Structural Similarity (SSIM) method was first introduced by Wang et al. (2004) as a method 

to assess image quality based on the degradation of structural information. This metric 

quantitatively measures the quality of the second signal from the first signal which is considered as 

the perfect quality or the original image. The SSIM index between two images can have a value 

between -1, which indicates very different images, and +1, which means that they are the same 

image. Another common practice is normalizing the values in the range between 0 and 1. It 

calculates the three parameters which are luminance, contrast, and structure. All these parameters 

and their formulae are explained below. 

 

1. Assuming a discrete signal, the estimated mean intensity of image 𝒙 (𝜇𝑥) is measured by 

averaging all pixel values as given below 

𝜇𝑥 =  
1

𝑁
∑ 𝑥𝑖

𝑁

𝑖=1

(2. 5) 

where 𝑥𝑖 denotes the gray level of the 𝑖-th pixel of image 𝒙 and 𝑁 is the total number of 

pixels. The luminance comparison function 𝑙(𝑥, 𝑦) of images 𝒙 and 𝒚, is a function of 𝜇𝑥 

and 𝜇𝑦 and is defined as 

𝑙(𝑥, 𝑦) =  
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇𝑥
2 +  𝜇𝑦

2 +  𝐶1

(2. 6) 

where 𝐶1 = (𝐾1𝐿)2 is a constant used to stabilize the function if 𝜇𝑥
2 + 𝜇𝑦

2 is very close 

to 0. 𝐾1 is a normal constant and 𝐿 is the dynamic range of pixel values, e.g. 255 for an 8-

bit data type. 

 

2. The contrast is measured by calculating the standard deviation 𝜎𝑥 and 𝜎𝑦 of each image 

following the formula below, with the same parameters as before 
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 σ𝑥 = (
1

𝑁 − 1
∑( 𝑥𝑖 −  μ𝑥)2

𝑁

𝑖=1

)

1
2

(2. 7) 

The contrast comparison function 𝒄(𝒙, 𝒚) of images 𝒙 and 𝒚, is shown below 

𝒄(𝒙, 𝒚) =  
𝟐𝝈𝒙𝝈𝒚 + 𝑪𝟐

𝝈𝒙
𝟐 +  𝝈𝒚

𝟐 +  𝑪𝟐

(2. 8) 

where 𝐶2 is similar to 𝐶1. 

 

3. The difference in structure is defined by a function of σ𝑥𝑦 which is the standard deviation 

of both images, 

σ𝑥𝑦 =
1

𝑁 − 1
∑( 𝑥𝑖 −  μ𝑥)( 𝑦𝑖 − μ𝑦)

𝑁

𝑖=1

(2. 9) 

and the structure comparison function can be calculated as 

𝑠(𝑥, 𝑦) =  
𝜎𝑥𝑦 + 𝐶3

𝜎𝑥𝜎𝑦 +  𝐶3

(2. 10) 

After all of these parameters are calculated, the SSIM value can be determined by combining all 

the aforementioned parameters such that 

SSIM(x, y) = [𝑙(𝑥, 𝑦)𝛼 ∙ 𝑐(𝑥, 𝑦)𝛽 ∙ 𝑠(𝑥, 𝑦)𝛾] (2. 11) 

where 𝛼, 𝛽, 𝛾 are used to adjust the importance of each component (weighting factor) and with 𝛼 =

𝛽 = 𝛾 = 1 and 𝐶3 =  𝐶3/2, as used by Wang et al. (2004), the equation can be simplified as 

SSIM(𝑥, 𝑦) =  
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2σ𝑥𝑦 + 𝐶2)

(𝜇𝑥
2 + 𝜇𝑦

2 + 𝐶1)(𝜎𝑥
2 +  𝜎𝑦

2 +  𝐶2)
(2. 12) 

SSIM is best applied locally than globally (Wang et al., 2004). In-depth assessments of the 

mathematical aspect and applications of SSIM can be found in Brunet et al. (2012) and Dosselmann 

& Yang (2011). An example of SSIM applied to find the similarity between two images is shown 

in Figure 2.7. Figures 2.7a and 2.7b are the greyscale versions of the ones shown in Figure 2.6. 
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Figure 2.7c shows the SSIM map in which regions with high similarity (closer to 1) are shown in 

bright colours while darker colours indicate the areas where Figure 2.7b differs significantly from 

Figure 2.7a. The global SSIM value or the similarity index between the two images is 0.788. 

 

 

Figure 2.7. The grayscale images (a) and (b) of Figures 2.6a and 2.6b respectively. The SSIM map, 

indicating the SSIM value of every pixel is shown in (c). The global SSIM value of (a) and (b) is 

0.788, using a range from -1 to 1. 

 

2.3.3 Equal Pixel Percentage 

The Equal Pixel Percentage (EPP) metric is based on binary logic. An image is theoretically a 

matrix and consists of rows and columns of numbers. If there is no transformation applied to the 

image, calculating this metric is very straightforward. The absolute difference of each pixel 
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between the ground truth and the other image is calculated. Any pixels with an absolute difference 

of zero, which means they are equal, counts as “True” while any other values other than zero count 

as “False”. The final value of EPP is as follows: 

𝐸𝑃𝑃 =  
"𝑇𝑟𝑢𝑒" 𝑝𝑖𝑥𝑒𝑙 𝑐𝑜𝑢𝑛𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑝𝑖𝑥𝑒𝑙 𝑐𝑜𝑢𝑛𝑡𝑠
 ×  100% (2. 13) 

Figure 2.8 shows two nearly identical matrices with matrix (a) acts as the reference. Matrix (b) 

contains a cluster of zeros in the centre. In order to calculate the EPP, pixels with different values 

have to be labelled “False” and vice versa, as shown in matrix (c). The result means that matrix (b) 

is 75% similar to matrix (a). 

 

 

Figure 2.8. The visual representation of two images as matrices. The pixel values of the original 

matrix (a) are evenly distributed while the edited matrix (b) has a square of zeros in the centre. The 

True-False matrix (c) shows how many pixels are found to be “True” or “False”. The EPP of the 

two matrices is 75%. 
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2.3.4 Correlation Coefficient 

The Pearson Correlation Coefficient or simply the Correlation Coefficient is a statistical method 

commonly used to quantify the linear correlation between two image matrices (Mohapatra & 

Weisshaar, 2018). The values are ranging between -1 and 1. A value of 1 means that the two images 

are exactly the same while a value of -1 indicates the images are the complete opposite of each 

other. Another important value is 0, which means that the images do not have any similarities. The 

correlation coefficient 𝐶𝐶 of two image matrices A and B is given as follows 

𝐶𝐶 =  
∑ ∑ (𝐴𝑖𝑗 − �̅�)(𝐵𝑖𝑗 − �̅�)𝑗𝑖

√(∑ ∑ (𝐴𝑖𝑗 − �̅�)
2

𝑗𝑖 ) (∑ ∑ (𝐵𝑖𝑗 − �̅�)
2

𝑗𝑖 )

(2. 14)
 

where 𝐴𝑖𝑗 and 𝐵𝑖𝑗 are the pixel values of A and B in position 𝑖𝑗 respectively while 𝐴 ̅and �̅� are 

the 2 dimensional mean of each image. 

 

 

 

 

 

 

 

  



20 

 

Chapter 3 

UAV Hyperspectral Imaging Processing Workflow for Mineral 

Exploration: A Case Study with Data from Cuprite, Nevada 

3.1 Abstract 

The advancement of Unmanned Aerial Vehicles (UAVs) has been rapidly increasing in the last few 

years. Different types of UAVs have been developed and used for a wide range of applications such 

as urban studies, land monitoring, military, casual aerial photography purposes, and hyperspectral 

imaging (HSI). Along with that, the miniaturizing of hyperspectral sensors has made UAVs to be 

more favoured as the platform of choice for various hyperspectral surveys because of the high-

resolution images they produce. However, the mineral industry still relies heavily on aircraft or 

satellite images for hyperspectral remote sensing. There is only a small number of publications that 

utilized UAVs generated data for mineral exploration. On the other hand, high-resolution images 

are needed to create an accurate classification map of the mineral distributions. This study aims to 

evaluate the common industrial workflow for hyperspectral data processing and use it for mineral 

identification and localization in a case study with UAV hyperspectral data taken in Cuprite, 

Nevada. This area has been the subject of various mineral alteration studies with spectrometers. 

The result shows that the classification map produced by this method includes minerals that have 

been previously identified in the area. This study suggests that UAV hyperspectral remote sensing 

can work for mineral exploration and yield reliable results and that it should be utilized more in the 

future. However, more tests and improvements are needed before it can become ubiquitous for 

mineral exploration 

3.2 Introduction 

Different types of hyperspectral instruments for different satellite platforms have been implemented 

and in development, as listed in Transon et al. (2018). Despite that, aircraft remains the most used 
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platform for mineral remote sensing. Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), 

Compact Airborne Spectrographic Imager (CASI), Airborne Hyperspectral Imaging Systems 

(AISA), and Spatially Enhanced Broadband Array Spectrograph System (SEBASS) are among the 

most commonly used hyperspectral sensors for airborne applications. AVIRIS is a whisk broom 

hyperspectral sensor developed by NASA for aircraft platforms with 224 spectral bands from 400 

to 2500 nm. SEBASS is a push broom sensor which was also developed by NASA with a total of 

256 spectral bands from 2500 to 15000 nm with a gap from 5300 to 7600 nm. Meanwhile, CASI 

was originally developed by Itres Research Ltd. (Alberta, Canada) and has been developed into 

various systems over the years, as explained in Pu (2017). Many papers have been published on 

this topic. Kruse, (2012), Kruse et al. (2006), and Tripathi & Govil (2019) used the data taken with 

AVIRIS for their studies and Wan et al. (2021) utilized data from CASI. AISA data was analyzed 

by Feng et al. (2018) and Kereszturi et al. (2018) while LWIR data taken with the SEABASS sensor 

was used by Aslett et al. (2018). 

 

The emergence of UAV has been a subject of various studies discussing its feasibility and 

applications for hyperspectral remote sensing. Zhong et al. (2018)  listed some of the common 

fixed-wing, helicopter multirotor, and hybrid UAVs that can be considered for hyperspectral 

missions, along with their associated specifications. Considering their lower cost, higher stability 

and maneuverability, and vertical takeoff and landing (VTOL) ability, multirotor UAVs are 

generally more suitable for hyperspectral missions. Their endurance and maximum payload weight 

might be the main issues for this type of UAV. This means that they are not preferred for large-

scale surveys. In contrast, fixed-wing UAVs require extended take-off and landing sites which are 

usually restricted by forest, buildings or complex terrain. In addition, this type of UAV has a more 

complex data and system integration process than multirotor UAVs. However, for surveys that 

require longer distances and greater coverage, fixed-wing UAVs should also be considered. The 

emergence of hybrid UAVs creates another opportunity for hyperspectral missions. This type of 
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UAV can have the benefits of both fixed-wing and multirotor UAVs such as having VTOL, long-

endurance, and large maximum take-off weight (MTOW) making them a more suitable option.  

 

Review papers discussing the use of UAVs for hyperspectral imaging are available (Horstrand et 

al., 2019; Lucieer et al., 2014; Zhong et al., 2018) while the general review and available sensors 

are discussed in Adão et al. (2017). Their specifications are illustrated in Figure 3.1. Most of its 

applications are in agriculture such as for individual tree detection (Nevalainen et al., 2017), yield 

prediction (Kanning et al., 2018), vegetation classification (Ishida et al., 2018) and monitoring 

(Sankey et al., 2018). Only a few studies discussing the UAV-based hyperspectral imaging for 

mineral exploration have been published.  

 

 

Figure 3.1. An illustration of the list of potential hyperspectral sensors for UAV-borne surveys. 

The figure includes the spectrum coverage, weight, and pixel resolution of the sensors. The dashed 

red lines represent the 0.4 and 2.5 micron limits (data from Adao et al., 2017). 
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Heincke et al. (2019) developed multi-sensor drones for geological mapping and mineral 

exploration for the MULSEDRO project. The system incorporated both magnetic and 

photogrammetry sensors. The Rikola Hyperspectral Imager from Senop Oy was chosen for this 

project. The MULSEDRO UAV system was tested in two mining areas in Finland. They found that 

the hyperspectral sensor, although it did not show carbonatites and fenites at first, could indicate 

different lithologies after mosaic separation. 

 

Kirsch et al. (2018) attempted to integrate terrestrial hyperspectral data with UAV data. They 

concluded that the combination of VNIR, SWIR, and LWIR data enables the distinction of 

geological materials such as hydrothermal alteration minerals. They also observed that this method 

could give data with higher spatial resolutions and from more perspectives. The terrestrial data can 

supplement the UAV data and be used to cross-validate the results. On top of it all, it is relatively 

cost- and time-efficient 

 

In the data processing area, Angel et al., (2020) discussed a computational robust automated 

georectification and mosaicking to reduce the effect of geometric distortions due to UAV 

movements. Jakob et al. (2017) studied the need for geometric corrections for UAV hyperspectral 

data. This becomes an issue for mineral exploration because of the complexity of the survey areas. 

Another thing to be considered is the digital terrain models with high resolution acquired with 

systems such as Light Detection and Ranging (LiDAR). This could provide additional data for a 

more in-depth geological analysis with hyperspectral data in mineral exploration (Kruse, 2012). 

 

Mineral exploration with UAVs is still a new and developing research topic. This is proven by the 

small number of publications discussing this topic. However, there is an undeniable possibility for 

this technique to be developed and implemented further. More tests and improvements are needed 

before it can become the new industry standard in mineral exploration. This study aims to try the 
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common industrial workflow used in hyperspectral remote sensing data processing, apply it in a 

mineral exploration setting, and evaluate the results. 

 

This case study is focused on the Cuprite region in Nevada, USA. This area has been the subject of 

various spectrometer studies. Abrams et al., (1977) used multispectral data (from 0.46 to 2.36 

microns) to map the altered rocks around the area while Hook, et al. (1992) utilized thermal infrared 

data. Research by Clark and Swayze has successfully produced detailed mineral distribution maps 

of Cuprite, mainly using data from AVIRIS (Clark et al., 2003; Swayze et al., 2014). The latest 

studies discussing hyperspectral remote sensing in Cuprite and the improving techniques can be 

found from Ishidoshiro et al. (2016) and  Ren et al. (2020). 

3.3 Data 

The campaign was carried out in Cuprite, Nevada in February 2020. Survey parameters are shown 

in Table 3.1. The drone was flown 180 m above ground level and mounting the HySpex Mjolnir 

VS-620 which is a combination of two hyperspectral sensors, as shown in Table 3.2. It consists of 

a total of 300 combined spectral bands from 400 nm to 2500 nm. 

 

The survey area is shown in Figure 3.2 and is situated between 37° 32’ 52” to 37° 32’ 49” and -

117° 12’54” to -117° 12’ 38”. It is mostly a desert area with no vegetation cover to obstruct the 

view from the sensor to the mineral exposure. The flight line is enclosed inside the red dashed line 

with a 95° (east) heading. The area is in the southwestern part of the Great Basin with reported 

gold, silver, and copper deposits. A geological map of the area is presented in Swayze et al. (2014) 

and it is understood that the study area is situated around the Cuprite alteration zones.  
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Table 3.1. Overview of the survey parameters used in the hyperspectral mission examined in this 

study. 

Survey Parameters  

Projection WGS_1984_UTM_Zone_11N 

Centre coordinates 37° 32' 51.7626" -117° 12' 45.324" 

Area elevation 1629 m ASL 

Flight altitude 180 m AGL 

Heading 95° 

GSD 50 cm 

Data cube 1301 x 301 px 

 

 

Table 3.2. HySpex Mjolnir VS-620 specifications. 

Sensor V-1240 S-620 

Spectral range 400 – 1000 nm 970 – 2500 nm 

Combined spectral range 400 – 2500 nm 

Spatial pixels 1024 620 

Combined spatial pixels 620 

Spectral bands 200 bands 300 bands 

Spectral bands resolution 3.0 nm 5.1 nm 

Combined spectral bands 490 

FOV 20° 20° 

Combined FOV 20° 

Pixel FOV across/along 0.27/0.54 mrad 0.54/0.54 mrad 
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Figure 3.2 The map of the survey area as shown from Google Earth. The red dashed line represents 

the enclosure of the flight line. 

 

3.4 Workflow 

A typical hyperspectral remote sensing campaign consists of three parts: Acquisition, Processing, 

and Interpretation. The acquisition step can include survey design planning, platform and payload 

selection, and integration while the processing step is usually divided into pre-processing and 

processing. The last step is the interpretation and validation, producing the end results that may or 

may not fulfill the mission’s goals. The acquisition and pre-processing workflow is shown Figure 

3.3 while Figure 3.4 shows the processing and interpretation workflow. The orthorectification of 

the hyperspectral images is done using the Parametric Geocoding & Orthorectification for Airborne 

Optical Scanner Data (PARGE®) while the Atmospheric and Topographic Correction (ATCOR®), 

both developed by ReSe, is used for the atmospheric correction. The classification process is carried 

out using the Environment for Visualizing Images (ENVI®) software. 

3.4.1 Acquisition and Pre-Processing 

i. Platform, Sensor, Payload Selection, and Integration 

There are two types of platforms suitable for UAV HSI, fixed-wing and multirotor. Fixed-

wing platforms generally have more flight endurance and faster speed than multirotor 

platforms. However, the need for take-off and landing procedures while having sensitive 
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payloads mounted can provide a tricky challenge. Multirotors, on the other hand, can perform 

VTOL and usually come at a lower price. The disadvantage of this type of aircraft is that 

they are less stable in the wind, generating more roll and pitch that later can be an issue in 

the data processing. 

 

Sensor selection for this type of survey depends on the targeted spectral range and the 

sensor’s dimension and weight. For geological application, VNIR and SWIR are preferable. 

It is rare to find a sensor that has the full spectral range from VNIR-SWIR with compact 

dimensions and weight for a UAV. Adão et al. (2017) and Zhong et al. (2018) provided the 

list of hyperspectral sensors for UAVs. 

 

Arroyo-Mora et al. (2019) discussed the overview of an implementation of a UAV 

hyperspectral survey. According to Zhong et al. (2018), a UAV hyperspectral system should 

include the following: i) a mini-UAV platform, with respect to safety and operability, that 

has an MTOW of 30 kg (depending on local regulations) and a maximum flight altitude of 

500 m; ii) a lightweight hyperspectral sensor, considering the payload and endurance of the 

UAV, should weight no more than 2.5 kg; iii) integrated payloads such as a single board 

computer (SBC), a GNSS module, an IMU, storage, and batteries; iv) integrated flight 

control system and software.  
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Figure 3.3. The combined airborne hyperspectral remote sensing workflow including planning, 

survey design, acquisition, and pre-processing.  

 

ii. Survey Design and Survey 

A UAV hyperspectral survey design should include things like flight lines & directions, 

flight speed, altitude, ground control points, ground station, and more. Weather conditions 

such as wind and clouds should also be considered before conducting the survey. Pepe et al. 

(2018) suggested, for the mission planning, to carefully consider the flight path design and 

the flight parameters analysis. Another important thing to consider is that UAV surveys have 

to always follow local regulations for safety reasons. In Canada, for example, UAV 

hyperspectral survey would require a Special Flight Operations Certificate (SFOC).  

 



29 

 

iii. Geological Mapping 

Hand samples from within the survey area are essential in hyperspectral surveys as auxiliary 

data because they can be used as a guide for spectral analysis and help validate the 

interpretation of the results. Other important information that can be collected during 

geological mapping includes ground photos, ground control points (GCPs), and terrestrial 

hyperspectral data. 

3.4.2 Processing and Interpretation 

 

Figure 3.4. The workflow for the data processing step to the interpretation and validation of a 

hyperspectral data cube. 

 

i. Radiance Conversion 

Hyperspectral data is recorded by the sensor as a Digital Number (DN). The DN values do 

not represent any physical units which makes any direct use of this type of data for processing 

purposes impractical. Every sensor has different calibrations containing gain and offset to 

convert these values into data with physical meaning and in this case, radiance. Radiance 

values represent the amount of radiation coming from the target into the sensor. The unit 

used for radiance is (W m−2 sr−1 μm−1). 

Reflectance (or spectral reflectance) is a ratio between the source’s radiation and the reflected 

radiation coming from the target material at a specific wavelength. These reflectance 
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signatures can be used to differentiate a specific material from the others. Reflectance is 

affected by atmospheric effects caused by clouds, aerosols, and gases. Reflectance images 

can be derived from radiance images by correcting these effects, which is a process 

commonly known as the atmospheric correction. 

 

ii. Orthorectification 

GCPs are included in the boresight calibration process to make sure the data is well aligned. 

Navigation data from GNSS, RTK, and IMU and the Digital Elevation Model (DEM) are 

needed to produce an accurate orthorectified reflectance data cube. In this study, the 

orthorectification process is done using PARGE©. 

 

iii. Atmospheric Correction 

The at-sensor radiance data is not an accurate representation of Earth’s surface features (Pu, 

2017). The atmospheric correction is needed to get accurate measurements of surface 

reflectance from the at-sensor radiance data. The corrected dataset is represented as a 

reflectance spectrum, pixel by pixel, which later can be directly compared to reference 

spectra of various surface materials. Atmospheric correction works by correcting for 

atmospheric effects caused by weather corrections, sun angles, and ground surface 

elevations. There are a few atmospheric correction methods available such as ATCOR©, 

FLAASH (Fast Line-of-sight Atmospheric Analysis of Hypercubes), and more. The 

advantages and disadvantages of each method are explained in Kale et al. (2017). 

3.4.3 Processing 

i. Dimensionality Reduction 

Hyperspectral data cube consists of hundreds of spectral bands. That means it needs a big 

storage size. Reducing the data size to minimize the computing resources needed to process 
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hyperspectral data can be done by discarding some of the spectral bands.  Dimensionality 

reduction is a process to reduce the computational power required to process hundreds of 

hyperspectral bands by reducing the dimensions of the data while preserving important 

information. This is possible because there is a high level of data redundancy between 

adjacent spectral bands (Pu, 2017). The most common transformations used for this process 

are the Principal Components Analysis (PCA) and Maximum Noise Fractions (MNF). 

 

ii. Endmembers extraction 

Endmembers are defined as spectrally unique signatures of pure ground components 

(Bateson et al., 2000). A pixel is considered as “pure” if the only spectral signature it contains 

is is an endmember, while an endmember does not have to be a pure pixel (Kowkabi et al., 

2016). An extraction process is needed to identify these signature spectra in a hyperspectral 

scene. The commonly used algorithm to extract endmembers is called the Pixel Purity Index 

(PPI) and other algorithms are discussed in Kale et al. (2017). 

 

iii. Spectral Analysis  

Spectral analysis is an analysis of the extracted endmember spectra to help identify the 

materials (from the ENVI User’s Guide). An input of spectral library from USGS or the 

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) is needed to 

match an endmember spectrum with a possible reference spectral characteristic of a certain 

material. Algorithms such as Binary Encoding, Spectral Angle Mapper (SAM), Spectral 

Feature Fitting (SFF), or combinations of several can be used to compare each endmember 

spectrum to the reference spectra (Pu, 2017). van der Meer (2004) discussed the absorption 

features of spectral signatures that might help to identify the minerals. This step is meant to 

recommend the likely candidates for classification and the result is purely mathematical as 
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such that it may change with different parameters settings. A priori data such as ground truth 

data, alteration maps, and previous studies may be used to aid the analysis. 

 

iv. Classification and Mapping 

Various classification types and techniques available for processing hyperspectral data are 

discussed in Kale et al. (2017) with SAM being the commonly used one. In this step, spectral 

unmixing is usually performed to decompose the measured spectrum of mixed pixels into a 

collection of endmembers (Keshava, 2015). An in-depth discussion about spectral unmixing 

can be found in a paper by Quintano et al. (2012). The result of this step is a hyperspectral 

classification map, which shows the abundance and distribution of the extracted 

endmembers. 

3.5 Results and Discussion 

The result from the pre-processing step is the orthorectified hyperspectral data as shown in Figure 

3.5. The main features that can be observed from the figure are the arch in the middle right and the 

yellowish region in the middle left of the image. There appears to be some kind of road on the far 

right side of the picture. The variations in ground elevation are noticeable from the image with the 

arch’s perimeter seems to be in higher elevation compared to the rest of the area, causing shadows 

on the other side of the arch. A similar situation can be seen on the yellowish region with elevation 

changes observed on the right side of the region. 

 
Figure 3.5. The orthorectified hyperspectral data from Cuprite, Nevada. 
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Based on the results of the dimensionality reduction, to get rid of band redundancy based on high 

signal-to-noise ratio (SNR) filtering and therefore save unnecessary computing time, the spectral 

bands were reduced from 300 to 34. Naturally, the number of endmembers extracted from the data 

using the PPI method will be the same as the number of dimensions used (34), however, after 

carefully eliminating endmembers with similar absorption features and with the help of the n-D 

visualizer in ENVI to single out pixels located on the corners of pixels cloud, five endmembers 

were chosen for the classification process, as shown in Figure 3.5.  

 

Applying the spectral analyst function built-in within ENVI, and using the USGS mineral spectral 

library, each endmember can be correlated to a few mineral options. The result of the spectral 

analysis yielded five minerals: Montmorillonite, Chalcedony, Antigoritem, Opal, and Alunite. It 

should be noted that without the a priori data given by the previous publications on the survey area, 

the spectral analysis process would be much more difficult. The ENVI spectral analyst works as a 

guide to determine the most similar spectra for every endmember to the data from the USGS 

spectral library. One of the issues with minerals reflectance spectra is that under different 

circumstances, they can differ from what was previously determined. Therefore, careful analysis 

with different spectra matching techniques is crucial for hyperspectral classification. 
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Figure 3.6. The endmembers derived from the Cuprite hyperspectral data. 

 

These endmembers were used to generate the mineral classification map with the SAM method for 

spectral unmixing with a 0.10 angle. The classification map is shown in Figure 3.7. The area is 

generally composed of both Opal and Chalcedony with large Alunite clusters mainly around the 

yellowish region mentioned before. The arch itself can be observed with Chalcedony and Alunite 

perimeter while the inside area is mostly Opal. A small cluster of Antigorite can be seen below the 

arch while Montmorillonite, although present in the area, is hardly observable. 

 

Previous studies (Abrams et al., 1977; Chen, Warner, & Campagna, 2007; Clark et al., 2003; Hook 

et al., 1992; Ishidoshiro et al., 2016; Z. Ren et al., 2020; Swayze et al., 2014) have found that the 

Cuprite area contains an abundance of alteration minerals including, among many others, alunite, 

kaolinite, montmorillonite, and chalcedony. The minerals identified from this study are very much 

in accordance with those studies. The only mineral found in Figure 3.7 which is not mentioned in 

any of the previous publications is Antigorite, which appears in a small cluster within the study 

area. 
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Figure 3.7. The classification map of the survey area showing the distribution of five minerals. 

Black pixels (excluding the outside part of the main image) indicate unclassified pixels. 

 

One of the most detailed alteration maps derived from hyperspectral images is from Swayze et al. 

(2014). It is obtained from AVIRIS data taken in 1995 at an altitude of 20 km, covering a 10.5 km 

wide area with 614 pixels across which effectively has a 17 m by 17 m pixel resolution. In contrast, 

this study was conducted with a UAV at 180 m altitude and 50 cm by 50 cm pixel resolution. This 

significant difference in spatial resolution means that the exact position of the study area and the 

mineral distribution within the alteration zones cannot be determined precisely. This means that 

there might be deposits of Antigorite scattered around the area which were not observed using 

AVIRIS data. On the other hand, the lack of hand samples hinders the validation of the 

classification map from this study. Nevertheless, the types of minerals found in the study area are 

very similar to the ones from previous studies, proving that the HSI processing workflow can work 

and yield reliable results. 

 

3.6 Conclusion 

The Cuprite data taken from UAV with 50 cm by 50 cm pixel resolution is undeniably better to 

localized minerals than aircraft images with spatial resolutions larger than 10 m by 10 m. Although, 

identifying the minerals from the endmembers can be difficult if there is no a priori data from 

geological or alteration maps, hand samples, or previous studies. In this case study, the lack of hand 

samples and the significant difference in spatial resolution from previous studies proved to be a 
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challenge. Overall, this study shows that the common industry-standard workflow can work for 

UAV hyperspectral image processing and yield very reliable results and, subject to further and 

more in-depth research, it should be integrated as a ubiquitous survey method for mineral 

exploration in the future. This study also provides a means to process the hyperspectral images 

generated by the simulator which will be discussed in the next chapter. 
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Chapter 4 

Airborne Hyperspectral Sensing Simulator: A Tool for Optimizing 

Mineral Exploration Surveys 

4.1 Abstract 

The uniqueness and complexity of geological settings create challenges for hyperspectral sensing 

applications in mineral exploration. The optimization of an airborne hyperspectral survey design is 

a necessary step providing constraints on spectral signatures of the target, sensors used, and best 

flight parameters. Herein, we present a versatile software tool named HYSIMU that can be used to 

simulate different flight and/or sensor scenarios using mineral reflectance spectra from the USGS 

spectral library and find the optimal survey design for a specific target. Random or selectable 

mineral reflectance spectra were assigned to synthetic fields to create mineral distributions on 

synthetic digital elevation models (DEMs) with added spatial noise, spectral noise, and sun shadow 

effect. Several flights were simulated with various flight parameters such as altitude (10-200 

meters), speed (1-100 m/s), and sun elevation (0°, 45°, and 90°). Several target scenarios with 

different levels of complexity and a 224-band hyperspectral sensor were simulated. The synthetic 

hyperspectral data generated from each flight and scenario were classified using the commercial 

software system ENVI. A sensitivity study was done by comparing the classification maps obtained 

using a classifier from the hyperspectral images generated by HYSIMU and the ground truth using 

four different methods: the Hausdorff Distance, the Structural Similarity (SSIM) Index, the Equal 

Pixel Percentage (EPP), and the Correlation Coefficient. The results show a dependency of the 

classification maps on lower altitudes (10-50 meters) for better resolution and high flight velocities 

for lower flight time and mission cost while the sun elevation did not have any significant impact 

in this study. The results show that this toolkit can simulate any type of mineral exploration target 
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from various airborne platforms and different flight parameters and provides an option for survey 

optimization. 

4.2 Introduction 

Hyperspectral remote sensing for mineral exploration requires a high level of detectability and 

resolvability of the scene to be able to create an accurate classification map of the mineral 

distributions. Every geological setting has its own complexity which requires a hyperspectral 

mission to have specific parameters (e.g. camera specifications, flight parameters, or even the time 

of day or season of the survey) in order to achieve a result that meets commercial or scientific 

requirements. HSI, both airborne and satellite, has been utilized for geological and mineral 

alteration mapping around the world (e.g. Aslett et al., 2018; Carrino et al., 2018; Kruse et al., 2006; 

Pan et al., 2019; Swayze et al., 2014). 

 

Over the years, various hyperspectral scene simulators have been developed. The Forecasting and 

Analysis of Spectroradiometric System Performance (FASSP) is a tool to analyzes the parameter 

trade-off of a hyperspectral sensor system and can create a statistical model of surface spectral 

reflectance and temperature variations and model the scene through the effects of the atmosphere, 

the sensor, and the processing (Kerekes & Baum, 2005). CAMEO-SIM is a broadband scene 

simulator that incorporates radiosity and ray-tracing processes with different illumination and 

atmospheric effects (Moorhead et al., 2001).  

 

There have been several versions of the Digital Imaging and Remote Sensing Image Generation 

(DIRSIG) developed, first by Schott et al. (1999). The main purpose of this toolkit is to simulate 

various datasets such as multispectral, hyperspectral, and Synthetic Aperture Radar (SAR) among 

others as this simulator uses a geometric database that includes surfaces making up the terrain and 

different ground or in the air objects. It is based on the ray-tracing model and can control the fields 
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of view, sampling pattern, sampling density, focal point location, and more based on user-defined 

sensor characteristics and orbital or aircraft flight profiles. 

 

The software simulator the Software Environment for the Simulation of Optical Remote sensing 

systems (SENSOR) consists of three parts which are the geometrical relationship between the sun 

and the target using the ray-tracing method, the radiometry, and the optical sensor for image 

generation (Börner et al., 2001). The most recent simulator developed is the Cranfield 

Hyperspectral Image Modelling and Evaluation System (CHIMES) by Zahidi et al. (2020). This 

simulator generates nadir images with the ray-tracing method for passively illuminated outdoor 

scenes. The Environmental Mapping and Analysis Program (EnMAP) mission also developed a 

simulator as a precursor for the mission (Guanter et al., 2009; Segl et al., 2012). There are more 

hyperspectral simulators than what this study is able to cover such as the Monte-Carlo Scene 

(MCScene) by Sundberg et al. (2005), the Parameterized Image Chain Analysis & Simulation 

Software (PICASSO) by Cota et al. (2010) and the Optronic Scene Simulator (OSSIM) by Willers 

et al. (2011). Nevertheless, the study by Zahidi et al., (2020) also provides a comprehensive 

overview of those hyperspectral scene simulators. It should be noted that the algorithm used by 

most of these simulators to generate the skydome environment and/or irradiance models is the 

Moderate resolution atmospheric Transmission (MODTRAN®, a registered trademark owned by 

the United States Government as represented by the Secretary of the Air Force). A hyperspectral 

skydome is a dome model of an outdoor space that constitutes the light source, the target, and other 

atmospheric units (such as clouds and shadows) in which the interaction between the source and 

the target, viewed by the sensor, is simulated. 

 

Despite the fact that various simulators are currently being used and developed, only a few can 

address the flight parameter problem of hyperspectral remote sensing. The aim of this research is 

to develop an HSI simulator, HYSIMU, that is capable of simulating different flight scenarios based 
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on customizable user inputs including aircraft altitude, velocity, sun azimuth and elevation, sensor 

noise levels, terrain effects and more. Zhao et al. (2019) created a workflow for flight direction 

planning and optimization which can be used to design the flight scenarios for this simulator. This 

simulator creates simplified models of hyperspectral scenes and predicts how certain flight 

parameters affect the hyperspectral images and, with additional processing using ENVI, the 

classification maps, hence the predicted performance of certain flight plans. This gives the users 

the ability to pick the best survey design necessary for their specific goals which ultimately benefits  

survey performance, time and cost. HYSIMU is still in its early development but already very 

versatile with various user-customizable inputs and modules which could eventually become a 

complementary toolkit to the pre-existing hyperspectral scene simulators without flight simulation 

capability. A numerical HSI simulator is an efficient tool to enhance the optimization of a 

hyperspectral campaign by finding the optimal survey design and parameters. 

 

There are three objectives in this study: 

1. Develop an airborne hyperspectral data simulator and simulate various flight 

parameters/scenarios. 

2. Perform an airborne hyperspectral data processing workflow on the hyperspectral images 

generated by the simulator to create hyperspectral classification maps. 

3. Evaluate the results from the simulator using a sensitivity study and determine the 

performance of the simulator as an optimization tool for hyperspectral mineral exploration. 

4.3 Simulator 

HYSIMU is divided into two parts: the ground truth generator and the synthetic hyperspectral 

simulator. Subsequently, the hyperspectral images from the simulator act as inputs for the spectral 

hourglass wizard in ENVI to produce the classification maps. The simulator is written entirely in 

Matlab. 
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4.3.1 Ground Truth Generator 

The ground truth generator workflow is shown in Figure 4.1 and the full script is shown in 

Appendix A. It starts by creating a random field (a Matlab function written by Guarnieri (2021) 

that represents the distribution of the minerals in the target area. The level of target complexity can 

be adjusted to match the real-life survey target. It is should be noted that the resolution of the image 

will be in pixels, which needs to be translated to real-life metric measurement necessary for the 

survey, but the computational tasks are unit independent. The computing power required by this 

simulator depends on the resolution desired by the users. An image with 1 cm per pixel resolution 

will generate the highest image quality but requires a vast amount of computing time depending on 

the overall size of the image (spatial extent of the area of interest).   

 

The AVIRIS 2014 mineral reflectance spectra database from the USGS spectral library (Kokaly et 

al., 2017) is chosen as the main spectral database. This decision is based on the fact that the AVIRIS 

spectral range (360-2500 nm) gives the simulator the capability to cover both the most commonly 

used spectral bands and a more accurate data interpolation with the given 10 nm resolution. There 

are two options available for mineral selection in this simulator, randomly selected or user selected. 

The selected minerals spectra are assigned to the random field and each mineral is given a unique 

RGB code to generate an RGB ground truth image and is further used to colour code the 

classification map.   

 

Spatial noise is added to every pixel by convoluting an n-by-n square centred at the target pixel 

while spectral noise is created by adding n% uncertainty into each pixel’s spectral signature at every 

band. A synthetic DEM is created with the function written by McClure (2021) with the same 

resolution and extent as the mineral distribution map. The shading effect is generated using a built-

in Matlab function based on the DEM and the combination of diffuse, specular, and ambient 

lighting models. This shading effect will be integrated into the reflectance spectra to create the full 
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resolution ground truth. In low altitude surveys, the influence of the atmospheric effect is nearly 

negligible thus the atmospheric correction is not essential for this simulator as of now, with options 

to include it in further iterations of the simulator (Jakob et al., 2017). 

 

 

Figure 4.1. The HYSIMU – The Ground Truth Generator workflow. 

 

4.3.2 Hyperspectral Simulator 

The HYSIMU hyperspectral simulator starts with the full resolution ground truth as the main input 

(the script is shown in Appendix B). Various flight parameters such as flight speed, flight elevation, 

and scene size can be modified to fit user requirements. Flight elevation determines the image 

resolution through the GSD calculation (Equation 2.1) while flight speed, scene size, and line 

spacing influence the amount of overlap (Seifert et al., 2019) and the total number of image frames 

recorded by the sensor. An airborne survey planning has to carefully find the most optimum flight 

time which relies primarily on flight speed, scene size, and line spacing. This eventually will 

translate to total survey cost. Smaller platforms such as a UAV can give higher resolution at the 



43 

 

expense of a small coverage while crewed aircraft can give larger coverage but low resolution. An 

increase in altitude leads to a decrease in accuracy and misclassification including pure pixels 

classification error or mixed pixels classification error (Chaudhary et al, 2021). Resolution is also 

affected, which scales from highest obtained from UAVs to aircraft to satellites, all of which can 

be modelled with HYSIMU. 

 

The trade-off between resolution and coverage is a classic problem in remote sensing. Matese et al. 

(2015) studied the comparison between UAV, aircraft, and satellite for multispectral sensors in 

precision viticulture.  The results of that study showed that the spatial resolution increases from 

satellite to UAV while the coverage decreases. Other factors that are discussed in the study include 

cost, endurance, cloud cover dependency, and payload among others. A similar comparison, albeit 

discussing a different topic, can be found in Müllerová et al. (2017). Both studies agreed that, even 

though it produces high-quality results, image processing for UAV is generally more complex 

compared to the other two platforms. The impact of resolution on UAV hyperspectral images is 

discussed in Liu et al. (2020). 

 

Another important thing to consider during survey planning is the computing time needed to 

process the data observed by the sensor. Higher resolution, which is dependent on FOV, sampling 

rate, and spatial resolution, requires an extensive amount of pixels. In addition, the main advantage 

of HSI is its spectral resolution. Hundreds of spectral bands in a wide range of spectral range 

provide an accurate representation of a material’s spectral signature. These are the reasons why 

processing millions of pixels can be numerically demanding and, albeit subject to the computing 

power provided, will take a relatively long time to compute. This also requires processing the data 

post-flight, which prevents adaptive sensing while flying. All of these reasons combined add to the 

overall cost of the campaign. Finding the perfect balance between resolution and a suitable platform 

is the key to survey optimization.   
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The interpolation of the reflectance spectra is integral to the simulator. The USGS-AVIRIS spectral 

library has a relatively high resolution at 10 nm, enabling a 1 nm interpolation of the spectra in the 

range of 360 – 2500 nm. This allows the simulator the flexibility to integrate sensors with varying 

bands without a significant data loss. The camera’s sensitivity function, which is fully customizable 

with adjustable noise levels, controls its spectral output from the high-resolution spectral input. In 

addition, users are able to provide their own spectra as well, with arbitrary resolution as needed. 

 

 
Figure 4.2. The HYSIMU – The Hyperspectral Simulator workflow. 

 

HYSIMU was developed with the use of snapshot cameras in mind, allowing instantaneous capture 

of a three-dimensional hyperspectral data cube in a single integration period without scanning 

(Hagen et al, 2012). This idea is essential in building the algorithm to create the image slices from 

the flights. The frames generated by the simulator are from the platform’s nadir point of view. The 

simulator will calculate how far the flight line along the horizontal axis is and determine how many 

frames will be recorded, based on the flight speed and sampling rate. This process is repeated for 

each flight line, along the vertical axis. Side and forward overlap are automatically evaluated and 
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the line spacing is arbitrary from the user’s inputs with an option to keep the side overlap at a 

constant value.  

 

Creating the full hyperspectral image is possible by stacking the frames and combining the 

overlapping pixels. At this point, the effects of image transformations from pitch, roll, and yaw of 

the platforms and projections are not yet added to the simulator. This is the reason that the common 

image mosaicking technique, the Scale Invariant Feature Transform (SIFT) (Lowe, 2004) is not 

able to be integrated yet. In this simulator, the spatial coordinates of each pixel in each frame are 

stored in the algorithm. This simplifies the image stacking without the need for feature point 

matching and seam lining between frames (e.g. Bielski et al., 2007; Ren et al., 2017; Xing et al., 

2010). In principle, the effects of yaw, roll, and pitch can be added through spatial noise to the 

simulator. However, the differences in the impact of using real attitude observation vs adding 

spatial noise are not expected to be significant.  

4.4 Simulations 

4.4.1 Parameter Test 

Prior to the simulation, a parameter test is needed to determine the numerical uncertainties of the 

results. Running the simulation for every possible altitude or speed interval is simply not possible, 

but also not needed to understand their dependencies. Considering that, the computing power 

efficiency and effectivity required to satisfy the mission goals are what needed to be calculated. 

Choosing the best values and intervals for each parameter is substantial to the performance of the 

simulator. Flight altitude is directly proportional to the GSD, the same is true for flight speed to 

total frames.  Parameters such as these can greatly affect the outcome of the simulator, thus a 

parameter test was performed. In this study, we evaluated the numerical results from a ground truth 

image with a pixel size of 1 cm and scene sizes up to 7060 x 7060 pixels, altitudes from 10 m to 
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200 m, and velocities from 10 m/s to 100 m/s. The results of this test were used to determine the 

best values for each flight parameter for the target at hand. 

4.4.2 Flight simulation 

This study used three different levels of complexity for three ground truth scenarios with 7060 x 

7060 pixels and 1 cm/pixel resolution. The first one has 6 different mineral spectra while the second 

ground truth has the same number of spectra but with a lower level of structural complexity. The 

last one has the same level of complexity as the first ground truth scenario, but with 11 spectra, 

creating a more diverse mineral distribution map. 

 

The simulations were run for 75 different parameter combinations (5 altitudes, 5 velocities, and 3 

sun elevations) for each scenario, as shown in Table 4.1. Each flight was designed to be at a constant 

altitude above sea level. The flight direction should be designed to be aligned to the solar azimuth 

or at 180° from it (Zhao et al., 2019). However, specifically for this study, the solar azimuth was 

left out of the equation because it varies significantly by season, and can be managed more easily 

by choosing the most convenient survey time/date. All simulations were done using only one sensor 

with the specifications detailed in Table 4.2. The sensor is based on the S 185 – FIREFLEYE SE 

camera manufactured by Cubert GmbH, which was listed in Adão et al. (2017) as one of the few 

snapshot hyperspectral cameras available for UAV applications. However, the spectral range and 

resolution of the sensor were modified to match AVIRIS spectra range and resolution. The 

specifications are customizable but for now, the algorithm only works for snapshot sensors.  

Considering that the ground truth is only 7060 x 7060 pixels, all three scenarios have the same level 

of DEM complexity, with 0 m ASL initial elevation and 0.05 roughness. These parameters created 

relatively flat DEMs with minor highs and lows with the highest peaks varied from 0.4 to 0.7 m 

and standard deviations ranging from 0.09 to 0.16 m. This was intentional to minimize the effect 

of geological bodies with dramatic changes in the vertical distance such as boulders and cliffs. 
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Table 4.1. The 5 altitudes, 5 flight velocities, and 3 sun elevations for a combination of 75 flight 

parameters used in this study for every scenario. 

Altitude (ASL) Velocity 
Sun 

Elevation 

10 m 1 m/s  

20 m 2 m/s 0° 

50 m 10 m/s 45° 

100 m 50 m/s 90° 

200 m 100 m/s  

 

Table 4.2. The camera sensor specifications used in this study. 

Specifications  

Type Snapshot 

Spectral range 360 – 2500 nm 

Spectral bands 224 bands 

Spectral resolution 10 nm 

Spatial resolution 50 x 50 pixels 

FOV 20° 

Focal length 16 mm 

Frame rate 100 Hz 

4.5 Sensitivity Test 

As a means to evaluate the performance of HYSIMU, a sensitivity study was conducted by 

comparing the classification maps produced using ENVI from the hyperspectral images generated 

by HYSIMU. Four different metrics were used to quantify the difference between the ground truth 

and the classification map. The four metrics are the Hausdorff Distance, the Structural Similarity 

(SSIM) index, the Equal Pixel Percentage (EPP), and the Correlation Coefficient. 

 

The Hausdorff Distance is a metric to measure the smallest distance between two sets of points A 

and B such that every point of A has a point of B within that distance and vice versa as explained 

in Rote (1991). The theoretical background of this method is discussed in Chapter 2.3.1. It is used 
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mainly to evaluate the difference in spatial structure between the images by extracting the 

delineations of the classes. The Hausdorff Distance value approaching zero indicates that the 

images are very similar. The main issue of this method is that it is sensitive to outliers (Taha & 

Hanbury, 2015) because the edge function might recognize pseudo-structures within the images 

and, in the case of this study, it also does not take into account the type of minerals within the 

images. This calls for cautious interpretation in a scenario where there appear to be so many clusters 

of small structures. This technique is used mainly for image matching (e.g. Yang et al., 2005; Yang 

et al., 2007; Zhang et al., 2017; Zhao et al, 2005; Zhu & Zhu, 2014). This study used the image 

Hausdorff Distance algorithm by Lindblad (2021). 

 

Wang et al. (2004) introduced the Structural Similarity (SSIM) method as an alternative method to 

assess the similarity of an original image and another image based on the degradation of three main 

components of the images: luminance, contrast, and structure as explained in Equations 2.5 to 2.12. 

The SSIM values are ranging between -1 (completely different images) and +1 (the same images).  

In-depth discussion and applications of SSIM are discussed in Brunet et al. (2012) and Dosselmann 

& Yang (2011). The main issue with using this method for this study is that because of the unique 

RGB codes assigned to each mineral as a base for the comparison between the ground truth and the 

classification maps, two minerals with similar colours can register high SSIM value even if they 

are completely different. However, this can be overcome by choosing the adequate RGB values for 

the minerals involved. 

 

The Equal Pixel Percentage (EPP) metric is created specifically for this study. The absolute 

difference of each pixel between the ground truth and the image is calculated. The total percentage 

of pixels with the exact same value between the two images is calculated as the final value of the 

EPP. This method’s main advantage is that it can accurately match the minerals but not the 

structures. In some scenarios, delineating the structures might be more important than 
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identification. Meanwhile, the correlation coefficient is used to calculate the linear correlation 

(Equation 2.14)  between two image matrices (Mohapatra & Weisshaar, 2018). The values are 

ranging between -1 and 1 and they are similar to the SSIM values. 

 

In this study, the values of each metric are normalized from 0 to 1 for reasons related to comparing 

them and better visualization. The histograms (Appendix A) are used to separate the values into 

three main categories “Recommended”, “Acceptable” and “Not Recommended” with thresholds at 

0.3 and 0.7. These values were chosen arbitrarily to estimate a normal distribution for each metric. 

However, the users can choose the thresholds based on their requirements combined with the 

distribution of the data. This will be the end product of HYSIMU with the purpose to give the users 

recommendations of what flight parameters work best for their target area, platform, and camera. 

4.6 Results 

4.6.1 Parameter Test Results 

Tables 4.3 and 4.4 show that at five different altitudes with a constant speed, the total frames and 

flight time significantly decrease from altitude 10 m to 100 m. The velocity has more effect on the 

total flight time as it decreases rather more significantly from 1 m/s to 100 m/s at a constant altitude. 

This indicates flying at a low altitude might not always be the best option even if high-resolution 

results are needed while high-altitude flights can have much higher coverage and shorter processing 

time. However, high-altitude flights will always have worse resolutions for mineral identification 

and delineation. This suggests that there is a scenario where both the altitude and the velocity can 

be optimized to get the fastest flight time without sacrificing the desired resolution or computing 

power. Flying at a moderate altitude with high velocity provides the best trade-off for airborne 

hyperspectral surveys. 
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Table 4.3. The results of the parameter test showing the total frames and flight time from flights 

at five altitudes with a constant platform velocity.  

Altitude Velocity GSD 
Frame 

length 

Frame 

width 

Total 

frames 
Flight time 

10 m 

1 m/s 

7 cm 350 cm 350 cm 420750 ~7011 mins 

20 m 14 cm 700 cm 700 cm 189800 ~3505 mins 

50 m 35 cm 1750 cm 1750 cm 56250 ~700 mins 

100 m 71 cm 3550 cm 3550 cm 17800 ~139 mins 

200 m 141 cm 7050 cm 7050 cm 950 ~69 mins 

 

Table 4.4. The results of the parameter test showing the total frames and flight time from flights 

with a constant altitude of 10 m using five different platform velocities. 

Altitude Velocity GSD Frame 

length 
Frame 

width 
Total 

frames Flight time 

10 m 

1 m/s 

7 cm 

350 cm 350 cm 420750 ~7011 mins 

2 m/s 700 cm 700 cm 210375 ~3162 mins 

10 m/s 1750 cm 1750 cm 42075 ~937 mins 

50 m/s 3550 cm 3550 cm 8415 ~296 mins 

100 m/s 7050 cm 7050 cm 4235 ~15 mins 
 

Considering a limited available computing time, an adaptive data processing approach was chosen 

based on trial and error to minimize the computing time and power required for this study. Table 

4.5 shows the various scene size per altitude used in this study. The 7060 x 7060 pixels ground 

truth generated is divided into different image sizes, depending on the total computing time needed. 

The images start from the top left corner (highest resolution) and expand towards the bottom right 

corner. 
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Table 4.5. The five scene sizes used in this study in order to save computing time. 

Altitude Velocity Scene Size 

10 m 

1 m/s 

500 x 500 pixels 

20 m 950 x 950 pixels 

50 m 1900 x 1900 pixels 

100 m 3750 x 3750 pixels 

200 m 7060 x 7060 pixels 

 

4.6.2 Scenario 1 

The RGB ground truth generated on top of the randomly generated DEM for scenario 1 is shown 

in Figure 4.3. The DEM is mostly flat, however, the scale is chosen for the image to amplify the 

highs and lows. This scenario has 6 different mineral spectra which were chosen randomly by the 

simulator, which are: Richterite, Kaolinite, Pitch, Epsonite, Datolite, and Anthophyllite. The 

spectra were chosen randomly to see the performance and the robustness of the simulator in various 

unique scenarios. The lowest point in the region is on the bottom left corner, covered mostly in 

Epsomite and Pitch while the highest point is on the top right covered with similar minerals. The 

map shows a large Richterite deposit near the bottom right corner of the image. Richterite, Pitch, 

and Kaolinite seem to be the most common minerals with relatively large clusters while deposits 

of Epsomite and Anthophyllite are smaller and more scattered. Only a small number of Datolite 

bodies can be observed, spread mostly inside Epsomite regions on the top right corner of the area. 

Note that the distribution of the minerals has no geological relevance or meaning. However, the 

randomness of the field is essential to test the robustness of the simulator in various different 

scenarios. 

 

Figure 4.4 shows the comparison of the ground truth, 3-band (504 nm, 580 nm, and 676 nm) 

hyperspectral images, and the classification maps. The adaptive image sizes can be seen in Figure 
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4.4a and it shows the mineral distribution from a nadir point of view above the survey area. In order 

to show the differences between the resolutions obtained from the different altitudes, the 

hyperspectral images from all five altitudes at a velocity of 1 m/s are stacked on top of each other, 

starting from the top right corner for the lowest altitude and highest resolution. The hyperspectral 

images generated by HYSIMU are shown in Figure 4.4b. The same strategy was followed with the 

classification maps, shown in Figure 4.4c. The resolution of each image is included in Table 4.2. 

As calculated, the lower the altitude, the sharper the image and the classification map is more 

defined.  

 

 

Figure 4.3. The ground truth for scenario 1 showing the mineral distribution on top of the randomly 

generated DEM. 
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Figure 4.4. (a) shows the ground truth for scenario 1 with all the different scene sizes based on the 

five altitudes from Table 4.5 and outlined by the black borders, (b) shows the 3-band hyperspectral 

images of each scene generated by HYSIMU stacked on top of each other, and (c) presents the 

classification images processed using ENVI with the same stacking setting as in (a) and (b). Black 

pixels indicate unclassified spectra. 

 

The sensitivity study results for scenario 1 are shown in Figure 4.5. Besides the SSIM results, the 

other three metrics have a pattern that indicates that the higher the altitude, the worse the quality of 

the results (lower values) will be. The Hausdorff Distance results seem to be more influenced by 
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altitude changes with more gradual changes in values, similar to the EPP although it has anomalies 

at an altitude of 10 m. The correlation coefficient has a similar pattern but is more mixed with no 

apparent dependency towards any of the three parameters. Meanwhile, the Global SSIM value has 

an opposite pattern to the Hausdorff Distance with the higher altitudes giving the better values. The 

sun elevations seem to have no significant effect on any of the metrics. 

 

Figure 4.6 shows the results after thresholding was applied (the metrics data distribution can be 

seen in Figure C.1). These results emphasize the specific pattern of each metric. The pattern for the 

Hausdorff Distance, the EPP, and the correlation coefficient metrics appear as expected, with some 

anomalies at the 10 m altitude for the EPP. One outlier appears on every metric except the 

Hausdorff Distance, which is for altitude 10 m, velocity 1 m/s velocity, and sun elevation 45°. This 

can be related to the sub-image selected for the 10 m altitude. The SSIM pattern, as observed in the 

previous figure, shows the opposite of the other metrics. 

 

The results from the thresholding show that for all metrics, the altitude of 20 m gives the best 

results, with only a small impact observed from changes in both the velocity and the sun elevation. 

Combined with the previous parameter test, HYSIMU results show that surveys with similar target 

complexity as scenario 1 should be performed at an altitude of between 20 m and 50 m with a high 

velocity at around 50 m/s to 100 m/s. 
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Figure 4.5. The four metrics used for the sensitivity study comparing the ground truth and the 

classification maps for the 75 flight parameters of scenario 1. The value of 1 (white) indicates the 

best value while 0 (black) indicates the worst value for each metric after normalization and before 

thresholding. 
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Figure 4.6. The results of each metric for scenario 1 after thresholding (at 0.3 and 0.7) was applied, 

effectively dividing the results into three categories: “Recommended” (green dots), “Acceptable” 

(yellow dots), and “Not recommended” (red dots).  
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4.6.3 Scenario 2 

Figure 4.7 shows the RGB ground truth generated on top of the randomly generated DEM for 

scenario 2. The DEM has the same parameters as scenario 1 for the same reason. It is a mostly flat 

area with shallow degradation to the bottom area of the map. Scenario 2 has a much lower mineral 

distribution complexity with the same number, but different minerals compared to scenario 1. This 

scenario has 6 randomly chosen mineral spectra including Andesine, Anhydrite, Pyrrhotite, 

Actinolite, Eugsterite, and Antigorite. The shapes of the mineral bodies are large in extent, 

generally smooth without drastic changes in the boundaries. The map shows that Andesine is 

primarily located outside of a rather narrow Anhydrite strip with a massive Pyrrhotite body 

surrounding the large deposits of Actinolite and Eugsterite appear on the opposite ends of the map 

with a small Antigorite body located on the right part of the area. Only a handful of small mineral 

clusters inside larger mineral bodies can be observed, mainly Anhydrite, Pyrrhotite, and Actinolite.  

 

 

Figure 4.7. The ground truth for scenario 2 showing the mineral distribution on top of the randomly 

generated DEM. 
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Figure 4.8 shows the mineral distribution from a nadir point of view, the hyperspectral images, and 

the classification maps. The resolution of each sub-image is included in Table 4.2. The ground truth 

and the classification maps are very similar for every altitude to the point that the low-resolution 

classification map from the 200 m altitude resembles most of the ground truth. Most of the small 

mineral clusters are localized even though the borders are not well defined. The most noticeable 

differences (by observing the classification maps for altitudes of 100 m and 200 m) are that the 

boundaries between the mineral bodies are rugged which is expected because of the lower spatial 

resolution and that a few Antigorite deposits appear around the Eugsterite body in the 200 m 

classification map. This shows that for a survey area with this level of low complexity, higher 

altitudes can yield sufficient results for mineral identification and localization.  

 

Figure 4.9 shows the results of the comparison between ground truth and classified images using 

four metrics for scenario 2. All metrics seem to have the same pattern, with lower altitudes yielding 

higher values. Unlike scenario 1, the SSIM pattern is in accordance with the other three for scenario 

2. Figure 4.10 shows the results after thresholding (the metrics data distribution is shown in Figure 

C.2). As predicted from Figure 4.9, except for the correlation coefficient, all metrics show that 

altitudes below 50 m resulted in “Recommended” values. Based on this and the parameter test 

results, for a low-complexity target area, such as that of scenario 2, HYSIMU will recommend 

flights at an altitude around 50 m with high velocity (50 – 100 m/s). The altitude might be even 

higher because it is still in the “Acceptable” range. 
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Figure 4.8. (a) shows the ground truth for scenario 2 with all the different scene sizes based on the 

five altitudes from Table 4.5 outlined by the black borders, (b) shows the 3-band hyperspectral 

images of each scene generated by HYSIMU stacked on top of each other, and (c) presents the 

classification images from ENVI with the same stacking setting as in (a) and (b). Black pixels 

indicate unclassified spectra. 
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Figure 4.9. The four metrics used for the sensitivity study comparing the ground truth and the 

classification maps for the 75 flight parameters of scenario 2. The value of 1 (white) indicates the 

best value while 0 (black) indicates the worst value for each metric after normalization and before 

thresholding. 
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Figure 4.10. The results of each metric for scenario 2 after thresholding (at 0.3 and 0.7) was 

applied, effectively dividing the results into three categories: “Recommended” (green dots), 

“Acceptable” (yellow dots), and “Not recommended” (red dots). 
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4.6.4 Scenario 3 

Scenario 3 has a more complex mineral distribution and structures with 11 minerals as shown by 

the RGB ground truth in Figure 4.11 The DEM is mostly flat with higher elevation on the bottom 

right corner. This scenario has 11 mineral spectra including Datolite, Natrolite, Spessartine, 

Gaylussite, Buddingtonite, Barite, Palygorskite, Muscovite, Trona, Limonite, and Augite. All 

minerals appear in small clusters with only Natrolite exhibiting significantly larger deposits 

throughout the area followed by Spessartine in the vicinity of the Natrolite deposits. Other minerals 

bodies that are noticeable are Muscovite and strips of Barite, Buddingtonite, and Gaylussite all over 

the map. The rest of the minerals are small clusters scattered randomly across the image. 

 

 

Figure 4.11. The ground truth for scenario 3 showing the mineral distribution on top of the 

randomly generated DEM. 

 

In Figure 4.12, it can be seen that the ground truth and the classification maps are very different 

even for lower altitudes. In the 200 m map, many mineral bodies are not visible at all in the 

classification maps except for the large bodies of Natrolite and Spessartine. It seems that the strips 

of Barite, Buddingtonite, and Gaylussite merged together and resulted in only Gaylussite and a 



63 

 

little bit of Buddingtonite appearing in the classification maps. On the other hand, in the 100 m 

map, the Buddingtonite body covers most of the area, and apart of that, only large bodies of 

Natrolite, Spessartine and small clusters of Palygorskite can be seen. The lower altitude maps suffer 

from the same problem only that the big deposits of Natrolite retain their localization. 

 

It can be seen from Figure 4.13 that the Hausdorff distance graph retains a similar pattern as the 

previous two scenarios and with the SSIM pattern showing the opposite. Meanwhile, the results for 

both EPP and the correlation coefficient are randomly mixed with no observable pattern. Figure 

4.14 emphasizes this observation (the metrics data distribution is shown in Figure C.3). Only a 

handful of flights achieved the “Recommendation” evaluation based on the results of the EPP and 

the correlation coefficient. Based on the results, it seems like the current HYSIMU might not be 

able to give an affirmative recommendation regarding what flight parameters should be used for 

such a complex survey area with many different minerals except to give a recommendation to fly 

lower than 20 m. However, it is clear that the different metrics are sensitive to such a target site in 

different ways, which in turn will allow for a discrimination of what metric should be trusted for 

this specific target. 

  



64 

 

 

Figure 4.12. (a) shows the ground truth for scenario 3 with all the different scene sizes based on 

the five altitudes from Table 4.5 outlined by the black borders, (b) shows the 3-band hyperspectral 

images of each scene generated by HYSIMU stacked on top of each other, and (c) presents the 

classification images from ENVI with the same stacking setting as in (a) and (b). Black pixels 

indicate unclassified spectra. 
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Figure 4.13. The four metrics used for the sensitivity study comparing the ground truth and the 

classification maps for the 75 flight parameters of scenario 3. The value of 1 (white) indicates the 

best value while 0 (black) indicates the worst value for each metric after normalization and before 

thresholding. 
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Figure 4.14. The results of each metric for scenario 3 after thresholding (at 0.3 and 0.7) was 

applied, effectively dividing the results into three categories: “Recommended” (green dots), 

“Acceptable” (yellow dots), and “Not recommended” (red dots). 
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4.7 Discussion 

The two most important aspect for mineral remote sensing is the identification and localization of 

the minerals over the survey area. While there is a certain trade-off that can be accepted when it 

comes to localization, identifying the type of minerals can be tricky and greatly affect the success 

of the mission. The resolution, both spectral and spatial, plays an important part when it comes to 

airborne hyperspectral surveys for mineral exploration. The spectral resolution is determined by 

the sensor itself and is important for the spectral analysis and the classification of the minerals 

while the spatial resolution can easily be changed by varying the altitudes of the platform (Table 

4.3). Both of these parameters affect each other. A low spatial resolution will create mixed-spectra 

pixels which in turn making it difficult to extract the endmembers and classifying them. In the 

testing of DIRSIG (Schott et al., 1999), the results showed that with the combination of 

hyperspectral images with an 8 m resolution and a 1 m ground truth, the squared error was higher 

for the scene with 10 endmembers compared to that with 4 endmembers. 

 

This, in theory, can be solved by lowering the altitude which will produce images with high enough 

resolution to resolve mineral deposits on the ground. However, when it comes to mineral 

exploration, planning surveys solely with the purpose to achieve high-resolution images might not 

always be the best option. High resolution means low coverage and more flight time, as shown in 

Table 4.3, and eventually increasing survey cost. Liu et al. (2020) found that for UAV 

hyperspectral, the classification accuracies had a slight fluctuation and then decreased once the 

spatial resolution was larger than 0.5 m. In addition, Kruse (2012) tested the effect of the spatial 

and the spectral resolution of AVIRIS data for disaster response purposes and the initial results 

showed that high spatial resolution was more important for urban mapping while the decrease in 

both increased the mapping error. 
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As shown from the results of the three scenarios (Figure 4.4, 4.8 and, 4.12), the different resolutions 

produced by varying altitudes are easily observed. The different complexities of each scenario and 

altitudes also affect the spectra-mixing (Chaudhary et al., 2021). This is very apparent with scenario 

2, with even the highest altitudes (200 m) producing a good enough classification map for mineral 

identification and localization while scenario 3 yielded results with significantly reduced qualities. 

This, of course, is a qualitative analysis of the results and that is why the sensitivity study with the 

four metrics was needed to quantify the quality of the classification maps relative to the ground 

truth and help validate the results.  

 

Two techniques were considered as alternatives to counter the resolution problem. The first one is 

draping, which is a survey technique in which the altitude of the platform is kept at a constant 

altitude above ground level, and not above sea level as in this study. This technique is essential for 

potential field surveys, such as aeromagnetic surveys, where elevation variations affect the 

magnetic relief and resolution that are not related to the sources but rather are artefacts created by 

varying depth-to-source (Cowan & Cooper, 2003). On the other hand, hyperspectral remote sensing 

uses short wavelength EM radiation. This means that minor changes in the distance between the 

sensor and the target do not significantly affect how the target is observed. Nevertheless, altitude 

still affects the spatial resolution. Lower resolution causes more spectra to be mixed in one pixel 

and creates problems in the spectral unmixing process. Draping can be considered in survey areas 

with significantly varying terrain but improved spectral unmixing techniques are always being 

developed that draping might not be necessary for hyperspectral surveys. 

   

The next one is the super-resolution technique. As explained in Agafonov (2014), super-resolution 

is a technique to enhance image resolution by using information from multiple images of the same 

target but at a slight offset perspective relatively each other. In the case of HYSIMU, this method 

can be used to enhance the results taken from higher altitudes to mimic the resolutions of lower 
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altitudes results. This can be achieved by simulating multiple flights at a higher altitude with 

different overlap degrees to create the offset and combining them as one image with higher 

resolution. Implementation of this technique in future versions of HYSIMU will be considered. 

 

Based on the results of the sensitivity test, altitude plays the most important part in the quality of 

the classification maps produced. Even though there is no significant effect from changes in 

velocity observed on the sensitivity study, velocity is essential for the effectivity and efficiency of 

the overall hyperspectral mission by lowering the flight time and cost. Meanwhile, sun elevations 

seem to have no observable effect on the results. This might be because all three scenarios do not 

have drastic changes in DEM elevation, causing shadows to have little impact on the hyperspectral 

images. 

 

The sensitivity study results for scenario 2 are as expected, with all four metrics showing good 

results for flights at lower altitudes. It is harder to observe the pattern for scenario 1, where three 

metrics show the same pattern as scenario 1 while the SSIM graph shows an opposite pattern. This 

gets worst for scenario 3 with only the Hausdorff Distance showing the expected pattern, the SSIM 

showing the opposite, and both the EPP and the correlation coefficient showing no pattern at all.  

 

Overall, across all scenarios, the Hausdorff Distance is the only metric that shows a consistent 

pattern. However, this method is sensitive to outliers (Taha & Hanbury, 2015) and by the nature of 

mineral distributions, pseudo structures will most likely appear more often than not on the edge 

binary images. This means that even though the results for all the scenarios show a consistent 

pattern, the Hausdorff Distance is good for targets with large structures, as seen in scenario 2, but 

is not the best option when assessing survey targets with a high number of small mineral clusters 

(scenario 3). Another thing to consider is that this method does not take into account the type of 

minerals present in both images, so it has to be used in conjunction with other image matching 
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techniques. This means that for surveys that require high degrees of mineral localization, the 

Hausdorff Distance is sufficient. However, if the minerals have to be distinguished more accurately, 

a second metric must be added to the evaluation. 

 

The results for scenario 2 aside, the most interesting metric is the SSIM with its opposite pattern 

for scenarios 1 and 2. This might come down to the formula for the SSIM itself, using luminance 

and contrast to quantify the similarity between images (Wang et al., 2004). Because we are using 

an arbitrary RGB code for every mineral, two similar colours, even though they represent different 

minerals, could produce a good SSIM value. The opposite pattern seen in scenarios 1 and 3 is most 

likely caused by different minerals but with similar colours. This metric works best if there is a 

high probability of mineral identification like in scenario 2. In addition, another solution might be 

to assign similar colours to minerals with similar spectra or very different colours for the different 

minerals to avoid confusion/mixing. This could prevent the inconclusive results as shown in 

scenarios 1 and 3, but will require a lot of additional data preparation, which can be implemented 

in the future development of HYSIMU.  

 

The correlation coefficient employs similar mathematical background to SSIM, so it will likely 

suffer from the same problem and benefit from the same solution. The EPP is the most 

straightforward metric with its binary logic approach. It can tell both what mineral a pixel represents 

and its location based on the value of the pixel. However, it is not a good metric to delineate mineral 

distribution and structures.  

 

The four metrics surely have their own advantages and disadvantages. Qualitative performance 

levels of the four metrics based on the results of this study are summarized in Table 4.6, with a 

focus on mineral identification and localization. That is the reason why the four metrics were used 

in combination to evaluate the results of HYSIMU in this study, to offset the possibilities of false 
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positives. The adaptive approach also played an important part in the results. Changes in locations 

and scene sizes will produce different results from the ones obtained in this study. For example, if 

the study had used different scene sizes that expanded from the top right to the bottom left corner, 

it would have created differences in mineral types and structure complexities within those regions 

and this would have caused the simulator to reccomend different values for the optimum 

parameters. This only further adds to the target-dependency factor of the metrics. While the results 

do not necessarily give a precise representation of the capability of each metric, it does help to 

understand them better and how to improve them in future studies. There is a lot of other image 

matching algorithms that can be used for image matching as explained in Ma et al. (2021), Suneja 

& Walia (2010), and Taha & Hanbury (2015). Evaluating those techniques for HYSIMU can be 

the main aim of the next studies. Different scenarios might need different combinations of metrics. 

 

The results of this study show that HYSIMU is capable of generating hyperspectral images based 

on different flight parameters which are fully customizable by the users. These images can be used 

as inputs for the classification process to produce classification maps that show the distribution and 

localization of the minerals as well as identifying the type of minerals. HYISMU can be improved 

with further iterations and the possibility to integrate further developments and modules, such as 

the integration of UAV attitude parameters and the addition of vegetation cover. 

 

Table 4.6. Performance levels for the four different metrics for mineral identification and 

localization. Note that these are qualitative estimates. 

Performance level 
Hausdorff 

Distance 
SSIM EPP 

Correlation 

Coefficient 

Mineral identification Low Low High Average 

Localization/Delineation High Average Low Average 
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4.8 Conclusion 

In this study, an airborne hyperspectral simulator that has the capability to create synthetic 

hyperspectral scenes and simulate different flights based on different user inputs was developed. 

The simulator was tested for three scenarios with different levels of complexity and the results were 

assessed using a sensitivity study with four metrics. While the four metrics sometimes differ with 

certain scenarios, the classification maps produced from these scenarios, in certain cases, are 

sufficient for identifying the minerals and delineating their distribution. The results of the 

sensitivity study also show a glimpse of the survey optimization that HYSIMU is capable of, for 

instance by recommending the most optimal parameters needed for each scenario. 

 

This study shows that HYSIMU has great potential to optimize airborne hyperspectral surveys for 

mineral exploration remote sensing by identifying the best combinations of flight parameters, 

primarily altitude and flight speed, for a specific ground target. The results obtained from this 

simulator can inform the decision-making in mission planning which ultimately benefits survey 

performance, time and cost. HYSIMU is still in its early development, but has already proven to be 

versatile enough with various user-customizable inputs and applications. There are numerous 

possibilities to incorporate additional modules to accommodate scientific and industry goals or 

expand the simulator for other applications, e.g. soil and agricultural applications (Atarita & Braun, 

2021).  
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Chapter 5 

Pre-Seismic Thermal Anomalies from MODIS Land Surface 

Temperature data: A Study on the 2001-2003 Alaska Earthquakes 

5.1 Abstract 

Thermal Infrared (TIR) data anomalies have been studied as potential earthquake precursors in 

numerous studies. A Robust Satellite Technique has been proposed and proven successful in 

identifying thermal anomalies from various TIR data from satellites. Previous studies have 

observed thermal anomalies between 2-10 K that were observed 1 day to 2 months before 

earthquakes. However, the reliability of this technique is still highly debated. In this study, Land 

Surface Temperature (LST) data collected by MODIS (Moderate Resolution Imaging 

Spectroradiometer) sensor have been evaluated using the Robust Estimator of TIR Anomalies 

(RETIRA) to identify thermal anomalies before the Alaska earthquakes in a 90-day time period 

between 19 September – 17 December in 2001-2003. Thermal anomalies can be observed from 90 

days to 1 day before the earthquakes. The results show little spatial and temporal correlation 

between the thermal anomalies and the earthquakes while other possible sources of thermal noise 

are also discussed. However, without completely disregarding the possibility shown by this method 

and with the potential it has shown in previous studies, further studies are still needed to validate 

the method. In the future, the study of thermal anomalies as earthquake precursors can be aided 

given the development of HYSIMU and recent advances in thermal hyperspectral sensing. 

5.2 Introduction 

Studies of earthquake precursors started in the 1960s and have continued for decades as discussed 

in Uyeda & Nagao (2018). Uyeda et al. (2011) defined earthquake precursors as “anomalous 

phenomena, which take place before earthquakes so that a prediction is made on their information”. 

Throughout history, short-term natural precursors have been observed such as plants, animals, 
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clouds and sounds. These precursors, the ones that can be observed without scientific measurements 

are called macro anomalies. Cicerone et al. (2009) suggested seven possible seismic precursors, 

such as electric and magnetic fields, gas emissions, groundwater level changes, temperature 

changes, surface deformations, and seismicity. The development in remote sensing using satellites 

has opened the possibility to detect earthquake precursors over a large area with continuous 

measurements, mainly using thermal radiation measurement from the Earth and atmosphere. 

 

Jiao et al. (2018) divided the various parameters that can be observed based on the Thermal Infrared 

(TIR) data from satellite and have been studies as seismic precursors. They divided the parameters 

into three categories: i) top-of-atmosphere, this includes brightness temperature and outgoing 

longwave radiation; ii) in the atmosphere, this includes atmospheric water vapour, temperature, 

trace gases and aerosols; iii) at the Earth’s surface, this includes land surface temperature (LST),  

surface latent heat flux (SLHF), and sea surface temperature. TIR data is continuously collected in 

the spectral range of (8–14 μm) by the instruments aboard satellites such as the Moderate 

Resolution Imaging Spectroradiometer (MODIS), the Visible Infrared Imaging Radiometer Suite 

(VIIRS), and the Advanced Very High Resolution Radiometer (AVHRR).  

 

LST is the temperature on the surface of the Earth as seen from the satellite’s point of view. 

Anomalies of LST data previously have been studied as earthquake precursors. Tramutoli et al. 

(2018) compiled several studies that observed anomalies of LST data before earthquakes.  While 

some of the previous studies reported the thermal anomalies preceding earthquakes, Pavlidou et al. 

(2019), by using time series analysis on ten land-based earthquake-prone regions, found that 

thermal anomalies could be observed throughout the year, not exclusively before any earthquake. 

Regardless, a study regarding thermal anomalies as earthquake precursors remains an interesting 

topic to explore, and even if it is for finding the evidence against the assumption that thermal 

anomalies can be used as earthquake precursors. 
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Most of the studies regarding the LST anomalies related to earthquakes are observed in the middle 

east, south Asia, and southern Europe, which often exhibit arid regions or areas with little 

vegetation cover. This would cause ecological thermal noise in these regions to be at a minimum. 

This study is focused on central Alaska, where it is mostly covered with permafrost, which naturally 

has a low base temperature and therefore is sensitive to increasing temperature, and sparse low-

density urban areas which produce low ecological thermal noise. Alaska is prone to earthquakes, 

as a result of the subduction from the collision between the North American plate and the Pacific 

plate. The aim of this study is to evaluate the LST data measured by the MODIS sensor aboard the 

Terra satellite to find thermal anomalies associated with the Alaska earthquakes in 2001-2003. 

5.3 Data 

5.3.1 Study Area 

The study site is located in central Alaska (Figure 5.1), focused within a rectangular area of 1011 

by 489 km2, which extends from 61.53°N to 65.60°N and from 143.35°W to 151.78°W.  The area 

is mostly covered by permafrost and glaciers as shown in Figure 5.2a. The permafrost map was 

provided by the International Permafrost Association (IPA) based on the report by Brown et al. 

(1997).  The major fault lines in the area are shown in Figure 5.2b (data from USGS based on the 

geologic map of Alaska by Wilson et al. (2015).  

5.3.2 LST Data 

This study used the LST nighttime and daytime data taken with the MODIS sensor aboard the Terra 

satellite for 90 days (19 September – 17 December) every year from 2001 to 2003. The Terra 

satellite has a sun-synchronous near-polar orbit with a low altitude (705 km) and has 36 spectral 

bands thus improving the cloud detection ability of MODIS over previous satellites (Williamson, 

et al, 2014). This means that the satellite covers the entire study area. The LST data has a 1 km 

spatial resolution (a pixel size of 1 by 1 km) and a 1-day temporal resolution. 
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Figure 5.1. The study area is located in central Alaska within a rectangular area of 1011 by 489 

square kilometres. 

 

5.3.3 Earthquakes 

As many as 58 earthquakes were recorded in the area with magnitudes Mw > 4.5 between January 

2001 and December 2003. Most of the earthquakes happened in a period of 90 days between 17 

September and 19 December. Five earthquakes of interest are listed in Table 5.1. These earthquakes 

happened along the major fault lines in the area (Figure 5.2b). Only two earthquakes from 2002 are 

listed, because there is a series of 50 earthquakes between 23 October 2002 and 1 December 2001, 

with the first two being the largest ones in magnitude. The assumption here is that if thermal 

anomalies were preceding these earthquakes, they would very likely be the precursor of all these 

earthquakes. 
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Figure 5.2. (a) Permafrost and glacier distribution in the study area (modified from data by IPA 

based on Brown et al. (1997)). (b) shows major fault lines in the area overlain by the epicentres of 

the earthquakes of interest and urban areas (modified from the data by USGS based on Wilson et 

al. (2015)). 

 

Table 5.1. Five earthquakes of interest for this study (data from USGS at 

https://earthquake.usgs.gov/). 

No. Date Mw Depth (km) 
Epicentre 

Lat (°N) Long (°W) 

1 22 December 2001 4.6 128.7 63.034 150.692 

2 23 October 2002 6.6 4.2 63.514 147.912 

3 3 November 2002 7.9 4.2 63.514 147.453 

4 20 September 2003 4.5 2.9 63.475 147.696 

5 9 December 2003 4.8 124.3 63.172 160.482 
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5.4 Method 

A Robust Satellite Technique to calculate anomalies from TIR data was first introduced by 

Tramutoli et al. (2018) based on the general Robust AVHRR Technique (RAT) by Tramutoli 

(1998). This technique can be automated for real-time monitoring and can be applied to different 

geographical settings and satellites, which is the reason why it later became the Robust Satellite 

Technique (RST). This technique was used specifically for TIR data (e.g. Corrado et al., 2005; 

Filizzola et al., 2004; Tramutoli et al., 2005) and called the Robust Estimator of TIR anomalies 

(RETIRA) ⊗ (𝑟, 𝑡′) index. This index can be computed as follows: 

⊗ (𝑟, 𝑡′) ≡  
[∆𝑇(𝑟, 𝑡′) − 𝜇∆𝑇(𝑟)]

𝜎∆𝑇(𝑟)

(5. 1)

 

where 𝑟 ≡ (𝑥, 𝑦) represents the centre coordinates of the cell of which the data has been collected;  

𝑡′ is the data acquisition time;  ∆𝑇(𝑟, 𝑡′) represents the difference between the TIR data 𝑇(𝑟, 𝑡′) 

and the spatial mean {𝜇𝑇(𝑡′)} of the TIR data at location 𝑟 ≡ (𝑥, 𝑦);  𝜇∆𝑇(𝑟) is the temporal average 

of ∆𝑇(𝑟, 𝑡′) at location 𝑟 ≡ (𝑥, 𝑦) over a time period (𝑡 ∈ 𝝉); 𝜎∆𝑇(𝑟) is the standard deviation of 

∆𝑇(𝑟, 𝑡′)at location 𝑟 ≡ (𝑥, 𝑦). 

 

The ⊗ (𝑟, 𝑡′) index is dependent on a specific location of 𝑟 and a specific time of 𝑡′, introduced 

by Tramutoli (1998) as “llocal”. The index represents llocal excess of the current TIR data 

compared to its historical mean value weighted by its historical variability. [∆𝑇(𝑟, 𝑡′) − 𝜇∆𝑇(𝑟)] 

represents the signal which then will be evaluated of possible relations with earthquakes and 𝜎∆𝑇(𝑟) 

is the natural/observation noise, representing the variability of the signal, from all sources at the 

location 𝑟 historically. In this study, the TIR data used is the LST daytime and nighttime data. This 

data combination has been used with MODIS data in previous studies (e.g. Akhoondzadeh, 2013; 

Eneva, 2007; Pergola et al., 2010). TIR data is defined as anomalies if the SNR of ⊗ (𝑟, 𝑡′) exceeds 
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a certain value. The threshold of the anomalies is determined by calculating the spatial and temporal 

variability of the LST data using root mean square (RMS): 

𝑅𝑀𝑆 =  √(𝜇⊗(𝑟, 𝑡′))2 +  (𝜎⊗(𝑟, 𝑡′))22
(5. 2) 

where: 

𝜇⊗(𝑟, 𝑡) is the mean value of the RETIRA index at location r and time 𝑡′; 𝜎⊗(𝑟, 𝑡′) is the standard 

deviation of all pixels at location 𝑟 and over the course of time 𝑡. 

 

In order to find the average RMS that can represent the temporal and spatial variability of the 

RETIRA index, the study area was divided into 50 “zones”, approximately 1° by 1° in size. The 

RMS of each zone per day, the RMS of each zone for 90 days, the RMS of all zones each day, and 

the RMS of all zones for 90 days are then averaged to find the mean RMS which will be used as a 

starting value to determine the threshold to separate the anomalies from the rest of the data. The 

threshold is defined as the minimum value from which any LST value greater than that is considered 

an anomaly. 

5.5 Results & Discussion 

Table 5.2 shows the results of the RMS evaluation. The average RMS is 0.977. Based on the 

histogram evaluation of the results and prior studies (e.g. Eneva, 2007; Pergola et al., 2010; 

Tramutoli et al., 2018), the anomaly value threshold is decided to be 3 (in RETIRA values), which 

is proportional to 3 × average RMS.  In 2001, the first anomaly of the LST daytime data appears 

on 1 October 2001 (82 days before the earthquake) and can be seen appearing randomly for 28 days 

in total during the time period (see Figure D.1)  while the first anomaly of the LST nighttime data 

appears on 20 September 2001 (92 days before the earthquake). The anomalies then randomly 

appear and disappear again for 39 days in total. LST day time data on 1-2 December 2001 show a 

spatial consistency with the LST night data on 2 December 2001 (Figure 5.3). LST night data show 
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very strong anomalies on 12-13 December 2001 but not spatially consistent. The only earthquake 

that followed is the Mw 4.6 on 22 December 2001. 

 

Table 5.2. RMS results of each year 

2001 Day 0.986 

2001 Night 0.976 

2002 Day 0.963 

2002 Night 0.987 

2003 Day 0.978 

2003 Night 0.971 

Average RMS 0.977 

 

In 2002, the first appearance (see Figure D.2) of thermal anomalies is on 1 October 2002 (22 days 

before the first earthquake) and the anomalies keep randomly appearing on 10 days in total. LST 

nighttime results show the first anomaly on 25 September 2002 (27 days before the first earthquake) 

and can be seen for a total of 22 days. LST night data on 18-20 October 2002 appears to be 

consistent (Figure 5.4). There were two earthquakes, an Mw 6.6 earthquake on 23 October 2002 

and an Mw 7.9 earthquake on 3 November 2002, but the epicentres are located far from the 

anomalies, approximately 400-500 km away. These thermal anomalies could be the precursor of 

these big earthquakes, however, compared to the other years without big earthquakes (2001 and 

2003), 2002 is relatively quiet in terms of the numbers of anomalies observed. 

 

In 2003, thermal anomalies are first observed on 19 September 2003 (1 day before the first 

earthquake on 20 September 2003) on LST daytime data and 30 September 2003 (40 days before 

the second earthquake) on LST nighttime data. Anomalies can be seen for 32 days in total from 

both datasets (see Figure D.3). Some anomalies seem to be spatially and temporally consistent, 

from the daytime and the nighttime of the following day (Figure 5.5). The first anomaly is observed 

just before the first earthquake, this could signal a direct correlation between the two, however, an 
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investigation into the anomalies for a time period before the earthquake is needed to validate this. 

LST daytime on 1 December 2003 is consistent with LST nighttime on 2 December 2003 and LST 

daytime on 8 December 2003 is consistent with LST nighttime on 9 December 2009. There was an 

Mw 4.8 earthquake on 9 December 2003, but the epicentre is relatively deep (124 km). LST 

nighttime data on 9 December 2003 shows that the anomalies are situated all over the major fault 

lines and the epicentres are also located along those fault lines (Figure 5.5). 

 

 
Figure 5.3. Thermal anomalies maps derived from the RETIRA index of LST nighttime and 

daytime data in 2001 show spatial and temporal consistency. Green stars indicate the epicentres of 

the 22 December 2001 earthquake. 

 

The anomalies seem to randomly appear with little to no spatial consistency. Both LST daytime 

and nighttime data do not seem to be correlated (except for a small number of cases). The anomalies 

appear less frequently in 2002, the year with the highest number and the biggest earthquakes. 

Nevertheless, the anomalies can also be observed more frequently before the relatively smaller 

earthquakes. This would likely indicate that the anomalies can be caused by many other sources, 

not exclusively from earthquake processes only. There is still the possibility that some of the 
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anomalies are directly caused by the build-up of stress within the fault that would later cause the 

earthquakes. However, if only from this study, this assumption cannot be proven. A summary of 

the results for each earthquake can be seen in Table 5.3. Note that for a year with more than one 

earthquake, the anomalies are considered overlapping for all earthquakes so the anomalies cannot 

be contributed specifically to one earthquake only. 

 

 
Figure 5.4. Thermal anomalies derived maps from the RETIRA index of LST nighttime data in 

2002 that show spatial and temporal consistency. Green stars indicate the epicentres of the 23 

October 2002 and 3 November 2002 earthquakes. 

 

Other possible sources of LST anomalies in this area, based on Pavlidou et al. (2019) can include 

urban areas, vegetation cover, water presence, and topography. Ecological thermal anomalies from 

cities do not seem to be the cause, as the anomalies do not stay in one place for a prolonged period 

of time, implying that it is not from urban areas. As the area is mostly covered with permafrost, a 

thermal anomaly caused by vegetation cover should be at a minimum but can still be the cause. 

Water presence and topography can influence the anomalies as this study’s time period is between 

late fall and early winter and the area is surrounded by mountain ranges with glaciers. The 
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anomalies identified in this study can also be the results of the variability from the TIR signal. This 

variability can be affected by several factors (Tramutoli et al., 2018) such as surface spectral 

emissivity, atmospheric spectral transmittance, and temporal and spatial variations of surface 

temperature. These factors in the TIR signal can be identified during level 0 processing, which is 

not the focus of this study. 

 

 

Figure 5.5. Thermal anomalies maps derived from RETIRA index of LST nighttime data in 2003 

show spatial and temporal consistency. Green stars indicate the epicentres of the 20 September 

2003 and 9 December 2003 earthquakes. 

 

The results show that the method used in this study succeeded in finding the anomalies from LST 

data over Alaska during the study’s time period. This study indicates a slight possibility of using 

TIR data anomalies from satellites as earthquake precursors. However, this topic still needs more 

extensive statistical studies on more earthquakes in different regions with various land cover types 

and with higher temporal coverage. 
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Table 5.3. A summary of the various thermal anomalies characteristics observed in this study and 

the corresponding earthquakes. 

Earthquakes 

Data 

First 

anomaly 

observed 

Duration of 

consistent 

anomalies 

Co-

located 

with 

epicentre 

Spatial 

consistency 
Year Date 

2001 22 Dec 
Daytime 1 Oct 28 days No Average 

Nighttime 20 Sept 39 days Yes Average 

2002 
23 Oct Daytime 1 Oct 10 days No Low 

3 Nov Nighttime 25 Sep 22 days No Average 

2003 
20 Sep Daytime 19 Sep 

32 days 
No Low 

9 Dec Nighttime 30 Sep Yes Average 

 

5.6 Future Research Opportunity: Hyperspectral – LST data as Earthquake 

Precursors  

In theory, a hyperspectral sensor can record IR data in a wide range of wavelengths. This opens up 

a new opportunity for it to be used to derive the LST data from airborne platforms. The NASA 

Hyperspectral InfraRed Imager (HyspIRI) mission was introduced with a combination of visible to 

SWIR and TIR multispectral imager mounted on a low earth orbit satellite (Lee et al., 2015). This 

mission’s aim is to observe the ecosystem and natural hazards of the earth, two of them being 

volcanoes and earthquakes. It is enabled by the applications of airborne missions such as AVIRIS, 

MODIS, and ASTER. The HyspIRI mission is currently at the study stage with completed, ongoing, 

and planned airborne campaigns with a goal to simulate HyspIRI data and are aimed at various 

science objectives (HyspIRI Mission Concept Team, 2018). Another mission that is relevant to the 

observation of LST data with a hyperspectral imager is the Ecosystem Spaceborne Thermal 

Radiometer Experiment on Space Station (ECOSTRESS) (Hulley et al., 2019; Xue et al., 2020). 

The mission was launched successfully on 29 June 2018 and is currently operating from aboard the 

International Space Station (ISS). 
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The LST data from MODIS is usually derived from bands 31 and 32 which are in the range of 10 

to 12 μm. Even though most of the aforementioned missions do not have the same spectral 

resolution as a hyperspectral sensor and with more limited spectral coverage, with the recent 

innovations in airborne thermal hyperspectral (8 to 12 μm) remote sensing (Veraverbeke et al., 

2018) and the applications of UAV thermal survey (Witczuk & Pagacz, 2021), the research 

opportunity to develop a hyperspectral simulator for LST observation looks promising. If realized, 

this simulator might be able to solve the inconsistency factor, as has been shown in this study, that 

has plagued the research for LST data as earthquake precursors for a long time. The different 

hyperspectral bands may further allow for the discrimination of the causes of thermal anomalies, 

e.g. caused by vegetation cover changes or moisture level changes. 

5.7 Conclusion 

This study used the Robust Estimator of TIR anomalies (RETIRA) to identify thermal anomalies 

from MODIS LST data. The results show that the method succeeded in finding the anomalies from 

LST data over Alaska during the study time period. In these results, thermal anomalies from LST 

data appear spatially and temporally partially consistent, but mostly random, and not directly 

associated with earthquakes, however, there is still some indication that they could be correlated, 

as observed in the case of the Mw 4.8 earthquake on 9 December 2003. The thermal anomalies 

found are less likely to be the product of thermal noise from urban areas and vegetation covers as 

the study area is not highly populated and is mostly covered in permafrost. Other possible sources 

of the anomalies are the topographical effect and water presence and state, however, it is not 

possible to examine the correlation based on TIR data alone. An extensive study with robust 

statistical analysis on wide arrays of earthquakes and thermal data is required to determine the use 

of LST data as an earthquake precursor. The development of HYSIMU and recent advances in 

thermal hyperspectral imaging provide a promising opportunity to help evaluate the reliability of 

using thermal anomalies as earthquake precursors in the future.  
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Chapter 6 

Conclusion 

6.1 Conclusion 

This study discussed the simulations and applications of hyperspectral imaging and also its 

possible relation to the LST study for earthquake precursors. Classifying spectral signatures of 

minerals is essential for mineral exploration, yet it is very hard to do because the spectra very 

much depend on the targets. This is, in principle, similar to the inverse technique in geophysics. 

There are various workflows and methods developed that can do it. This study attempted to 

utilize one for a case study and with rigorous analysis of the spectra, yielded a positive result. 

In order to understand hyperspectral imaging and spectra classification further, forward 

modelling, in the form of a hyperspectral simulator, was developed and evaluated. This 

approach was explored in detail with promising results.  

 

Thermal imaging is another application of hyperspectral imaging that has shown promise in 

earthquake or agricultural research. The two techniques, in theory, are very similar. They both 

record the signature of the EM wave reflected by the target. The only difference is that the 

wavelength range of hyperspectral imaging is usually from 0.5 μm to 2.5 μm while thermal 

imaging records from 8 μm to 12 μm. This study evaluated the application of thermal imaging 

and investigated the connection between the two techniques from previous studies. 

 

In relation to the discussion above, this study had three objectives, which were to (i) exercise 

and examine the UAV hyperspectral remote sensing workflow for mineral exploration on 

sample data from Cuprite, Nevada using available industry-standard software, (ii) develop an 

airborne hyperspectral simulator that focuses on the flight parameter aspects of the survey 

design and evaluate its performance using four metrics, and (iii) identify the feasibility of using 
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satellite thermal remote sensing data as earthquake precursors and its possible association with 

hyperspectral remote sensing. Chapters 3, 4, and 5 addressed each objective respectively. 

 

Chapter 3 showed that the common industry workflow for hyperspectral remote sensing was 

reliable enough to generate a classification map from UAV hyperspectral data that could be 

used for mineral exploration. The results show that the minerals identified in the area by this 

study are similar to what previous studies have also identified. Nevertheless, because of the 

difficulty of analyzing the spectra, complementary data such as alteration maps and hand 

samples are essential for the interpretation and validation of the result. This could potentially 

drive the integration and applications of UAV hyperspectral for mineral exploration further 

towards ubiquity in the near future. 

 

In Chapter 4, an airborne hyperspectral simulator that focuses on the flight parameters of the 

survey, known as HYSIMU, was developed. This study created three scenarios with varying 

levels of complexity and a total of 75 combinations of flight parameters for every scenario to 

test the capability of HYSIMU. The hyperspectral images generated by the simulator are 

compatible with the processing workflow tested in Chapter 3. The classification maps produced 

from these scenarios, in certain cases, are sufficient for identifying the minerals and delineating 

their distribution. The results of the sensitivity study also show a glimpse of the survey 

optimization that HYSIMU is capable of. This study shows that HYSIMU has great potential 

to optimize airborne hyperspectral surveys for mineral exploration by identifying the best 

combinations of flight parameters, primarily altitude and flight speed, for a specific ground 

target. 

 

Chapter 5 showed that the RETIRA index was robust enough to extract the thermal anomaly 

from satellite LST data, as numerous other studies have proven. However, the use of LST data 
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as earthquake precursors is still unreliable and inconsistent. In Chapter 4, an airborne 

hyperspectral remote sensing simulator, HYSIMU was developed. This opens up a promising 

opportunity for the simulator to integrate a module to simulate LST data from airborne 

platforms. With recent innovations in airborne thermal hyperspectral remote sensing and the 

applications of UAV thermal surveys, the opportunity to develop a hyperspectral simulator for 

LST anomalies observation becomes feasible. If realized, this simulator might be able to solve 

the inconsistency factor, as has been shown in this study, that has plagued the research 

community using LST data as earthquake precursors for a long time. 

 

6.2 Future Work 

The workflow for UAV hyperspectral data processing was shown to be reliable enough to be 

used for mineral exploration. However, one study is not enough to justify the results. The 

workflow needs to be tested on more studies on different survey target settings and different 

processing parameters or methods are available to be explored further. Continous study on this 

subject will lead UAV hyperspectral to become more ubiquitous in the mineral industry. 

 

An insight into what HYSIMU is capable of has been shown in this study. However, it is still 

in its early development. There is still a lot of possibilities to improve the simulator. The most 

important one is to add an adequate scene simulation process before the flight simulation. 

Adding more robust image mosaicking methods and the effects of roll, pitch, and yaw of the 

platforms into the simulator is also a promising option. In addition, more tests on different 

scenarios, flight parameters, and sensor parameters are needed to assess the versatility and 

reliability of the simulator. The computational demand for such simulators is very high, which 

limited the number of simulations during this study. Various other image matching metrics that 

have not been explored here should also be tested in order to find the best ones that can be used 

ultimately for the survey optimization and recommendations for the users. 
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Developing an additional module of HYSIMU that can simulate LST data from airborne 

platforms and calculating the RETIRA index seems to be one of the most promising additions 

for the simulator. With proper testing and case studies, this might be able to either localize LST 

anomalies for earthquake precursors or prove that LST anomalies cannot be reliably used as 

earthquake precursors. 
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Appendix A 

HYSIMU – The Ground Truth Generator 

% ----------------------------------------------------------------------- % 

% HYSIMU - The Ground Truth Generator                                     % 

% version 0.8.20                                                          % 

% written by Fadhli Atarita 19fra@queensu.ca                              % 

%                                                                         % 

% This code function is to create a synthetic mineral map and its RGB     % 

% version with adjustable  level of distribution and random/user-selected % 

% mineral inputs                                                          % 

%                                                                         % 

% the outputs from this part of HYSIMU are needed for the next part       % 

% ----------------------------------------------------------------------- % 

  

rng('shuffle'); 

  

%% INPUT PARAMETERS 

  

%-- if users want to choose the minerals use this code:  

%-- minerals = ["", "", "", "", ""] 

%-- num_spec=length(minerals) 

  

num_spec=11;     % number of minerals desired - 1  

  

sqr=8000;        % maximum spatial dimension of the ground truth 

sizex=8000;      % vertical dimension of the ground truth (top to bottom) 

sizey=8000;      % horizontal dimension of the ground truth (left to right) 

  

%% FIELD GENERATOR 

  

% A random field generator function (gen_UMF2d) created by                % 

% Andrea Monti Guarnieri,P. Biancardi, D. D'Aria et. al                   % 

% based on Lovejoy - Schertzer "Nonlinear variability in geophysics:      % 

% multifractal simulations and analysis"                                  % 

% https://www.mathworks.com/matlabcentral/fileexchange/                   % 

% 29181-universal-mutli-fractal-random-field-generation                   % 

  

% Note: maximal working array depends on hardware capability! 

  

dem=gen_UMF2d(2, 0.0001, 0.3, sqr); 

% change data type to save memory 

dem=single(dem); 

  

% resize field 

field=dem(1:sizex,1:sizey); 

  

clearvars dem 

  

%% SPECTRA INPUT 

  

% load AVIRIS bands (224 bands from 365-2500 nm) 

bands=load('bands.txt'); 

bands=single(bands); 

  

% call the AVIRIS spectral library from USGS, called "Minerals" 

folder = "/global/home/hpc4825/Minerals"; % directory depends on each pc 

fileList = dir(fullfile(folder, '/*')); 

fileList(1:2,:)=[]; 
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% randomly call spectral data (the number of files is based on input) 

num_specx=num_spec+1; 

i=1; 

spectra=single(zeros(length(bands),num_spec)); 

minerals=strings(1,num_spec); 

  

ranInd=randperm(length(fileList),num_specx); 

  

% add mineral spectra into the workspace 

while i<num_specx 

  

randomIndex=ranInd(i);   

fullFileName = fullfile(folder, fileList(randomIndex).name); 

spec=load(fullFileName); 

  

[pathstr,name,ext] = fileparts(fullFileName); 

minerals(i)=string(name); 

  

spectra(:,i)=spec; 

i=i+1; 

end 

  

spectra=single(spectra);  % the spectra variable 

  

%% CREATE MINERAL DISTRIBUTION MAP  

  

min_dx=min(field,[],'all'); 

max_dx=max(field,[],'all'); 

range=(max_dx-min_dx)/(num_spec+1); 

min_map=single(zeros(size(field,1),size(field,2))); 

  

% assign each pixel with its corresponding spectral data 

for i=1:size(field,1) 

    for j=1:size(field,2) 

        u=floor((field(i,j)-min_dx)/range); 

        if u<=1 

        o=1; 

        elseif u==num_spec+1 

        o=num_spec; 

        else 

        o=u;  

        end 

        min_map(i,j)=o; 

    end 

end 

  

%% ADD A MINERAL WITH DISTRIBUTION VARIATION 

% (to add variations or it can be vegetation/water masking) 

% the same process as before but with different parameters 

  

dem=gen_UMF2d(2, 0.0001, 0.35, sqr); 

vwm=dem(1:sizex,1:sizey); 

aa=max(vwm,[],'all'); 

bb=min(vwm,[],'all'); 

rg=(aa-bb)/10; 

thres=(rg*9)+bb; 

  

randomIndex=ranInd(num_specx);   

fullFileName = fullfile(folder, fileList(randomIndex).name); 

spec=load(fullFileName); 

[pathstr,name,ext] = fileparts(fullFileName); 

minerals(num_specx)=string(name); 
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spectra(:,num_specx)=spec; 

for i=1:size(min_map,1) 

    for j=1:size(min_map,2) 

        rx=randi([-1 1]); 

        thress=thres+(rx*0.1*rg); 

        if vwm(i,j)>thress 

            min_map(i,j)=num_spec+1; 

        end 

    end 

end 

  

disp(minerals) 

  

clearvars dem field vwm 

  

%% CREATE THE GROUND TRUTH 

  

warna=load('warna_minerals.mat'); % the arbitrary RGB code for the minerals 

warna=warna.warna; 

  

OX=string(min_map); 

  

for i=1:num_specx 

    OX(OX==string(i)) = minerals(i); 

end 

  

GT=zeros(size(OX,1),size(OX,2),3); %RGB ground truth 

for i=1:size(OX,1) 

    for j=1:size(OX,2) 

        [minn,loc] = ismember(OX(i,j),warna(:,1)); 

        GT(i,j,1)=warna(loc,2); 

        GT(i,j,2)=warna(loc,3); 

        GT(i,j,3)=warna(loc,4); 

    end 

end 

    

GT=uint8(GT);         

  

%% TERRAIN GENERATOR 

  

% create a DEM based on a function by Tucker McClure (2021) called        & 

% "Automatic Terrain Generation"                                          & 

% https://www.mathworks.com/matlabcentral/fileexchange/                   & 

% 39559-automatic-terrain-generation)                                     & 

  

[x, y, h, hm, xm, ym] = generate_terrain(7, length(min_map), 1, 0.001, 0.5); 

clearvars x y h 

  

xm=single(xm(1:sizex,1:sizey)); 

ym=single(ym(((sqr-sizex)/2)+1:((sqr-sizex)/2)+sizex,1:sizey)); 

hm=single(hm(1:sizex,1:sizey)); 

m=min(hm,[],'all'); 

hm=hm+abs(m); 

  

terra=struct('xm',xm,'ym',ym,'hm',hm); 

save('terra','terra','-v7.3') 

clearvars terra xm ym hm h  

  

%% SAVE VARIABLES 

  

save('ground_truth_mineral','GT','-v7.3') % the RGB ground truth map 

save('min_map','min_map','-v7.3')         % the mineral distribution map/ground 

truth 
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save('minerals','minerals')               % the mineral names 

save('spectra','spectra')                 % the mineral spectra 
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Appendix B 

HYSIMU – The Hyperspectral Simulator 

% ----------------------------------------------------------------------- % 

% HYSIMU - The Hyperspectral Simulator                                    % 

% version 0.8.20                                                          % 

% written by Fadhli Atarita 19fra@queensu.ca                              % 

%                                                                         %                                                  

% This part needs outputs from the first part                             % 

%                                                                         % 

% This code function is to add the variables and create the full          % 

% hyperspectral ground truth and simulate the flights based on            % 

% user-defined parameters                                                 %  

% ----------------------------------------------------------------------- % 

  

alt=[10 20 50 100 200];                  % flight altitudes in m 

spd=[1 2 10 50 100];                     % flight velocities in m/s 

elv=[0 45 90];                           % sun elevation in degrees 

sqr=[8000 8000 8000 8000 8000];          % the scene sizes (squares) 

idx=1;                                   % output file index 

  

for ii=1:length(alt) 

    for iii=1:length(spd) 

        for iiii=1:length(elv) 

            altitude=alt(ii); 

            speed=spd(iii); 

            sun_elevation=elv(iiii); 

     

rng('shuffle'); 

  

%% INPUT PARAMETERS 

  

ter_unc= 0/100;   % terrain uncertainty, in percentage 

spcn=10/100;      % spectral noise uncertainty in percentage 

sptn=3;           % spatial noise convolution square in pixel 

perc1=10/100;     % camera sensitivity function noise in percentage 

  

cam_bands=load('cam_bands.txt');  % camera spectral bands 

cam_bands=round(cam_bands); 

  

%% HYPERSPECTRAL CAMERA SPECS (SNAPSHOT) 

  

foc=16;          % camera focal length in mm 

pxy=50;          % spatial resolution in pixel (horizontal)                                                                                                                                                                                                            

pxx=50;          % spatial resolution in pixel (vertical) 

fov=20;          % FOV in degrees 

  

%% FLIGHT PARAMETERS 

  

fr=100;                         % camera frame rate in Hz 

altitude=altitude*100;          % convert flight altitude to cm 

speed=speed*100;                % convert flight velocity to cm 

sun_azimuth=45;                 % sun azimuth in degrees, kept constant 

  

%% FLIGHT PARAMETERS CALCULATION  

  

% flight simulation starts from top right, with horizontal flight lines 

% | ------> |  flight line 1 

% | ------> |  flight line 2 

% | ------> |  flight line 3 
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sensor_width=(tand(fov/2))*2*foc;   % sensor width in mm; width=length 

px_m=sensor_width/pxx;              % pixel size in mm 

gsd=altitude*px_m/foc;              % ground sampling distance in cm 

gsd=round(gsd); 

image_width=gsd*pxy;                % frame vertical dimension in cm 

image_length=gsd*pxx;               % frame horizontal dimension in cm 

  

%% OVERLAP DEGREES 

  

% forward overlap 

deltax=round(speed/fr); % exposure stations distance in cm 

ov_forward=100*(1-(deltax*foc/(altitude*sensor_width))); 

  

% using a constant side overlap of 60% 

ov_side=60; 

deltay=round(((altitude*sensor_width)*(1-(ov_side/100)))/foc); 

  

%-- if side overlap is not constants: 

%-- deltay=600;       % flight line spacing in cm 

%-- ov_side=100*(1-(deltay*foc/(altitude*sensor_width))); 

  

%% CALL THE OUTPUTS FROM THE PREVIOUS FUNCTION 

  

min_map=load('min_map.mat');       % mineral distribution map 

min_map=min_map.min_map;            

spectra=load('spectra.mat');       % mineral spectra 

spectra=spectra.spectra;            

minerals=load('minerals.mat');     % mineral names 

minerals=minerals.minerals; 

bands=load('bands.txt');           % 224-band AVIRIS spectral bands 

terra=load('terra.mat');           % DEM 

terra=terra.terra; 

  

sizex=sqr(ii); 

sizey=sizex;    % for a square, can be varied to create rectangles 

  

min_map=min_map(1:sizex,1:sizey); 

  

xm=terra.xm; 

xm=xm(1:sizex,1:sizey); 

ym=terra.ym; 

ym=ym(1:sizex,1:sizey); 

hm=terra.hm; 

hm=hm(1:sizex,1:sizey); 

xm=tall(xm); 

ym=tall(ym); 

hm=tall(hm); 

  

%% ASSIGN SPECTRAL SIGNATURES 

  

syn_hyp=single(zeros(size(min_map,1),size(min_map,2),length(bands))); 

% assign each pixel with its corresponding spectral data 

for i=1:size(min_map,1) 

    for j=1:size(min_map,2) 

        syn_hyp(i,j,1:length(bands))=spectra(:,min_map(i,j)); 

    end 

end 

clearvars min_map 

  

%% SPECTRAL MIXING BASED ON SPATIAL POSITION (SPATIAL NOISE) 

  

mixed_px=single(zeros(size(syn_hyp,1),size(syn_hyp,2),length(bands))); 

for i=1:size(syn_hyp,3) 
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    K = ones(sptn,sptn); % variable, depends on how blurry the desired image 

    A=syn_hyp(:,:,i); 

    mixed_px(:,:,i) = conv2(A,K,'same')./conv2(ones(size(A)),K,'same'); 

    % convolution for mixing 

end 

  

for i=1:size(syn_hyp,1) 

    for j=1:size(syn_hyp,2) 

        for k=1:size(syn_hyp,3) 

            syn_hyp(i,j,k)=mixed_px(i,j,k); 

        end 

    end 

end 

  

%% AMPLITUDE MODIFICATION (SPECTRAL NOISE) 

  

amp = -1 + (1+1).*rand(size(syn_hyp,1),size(syn_hyp,2),size(syn_hyp,3)); 

for i=1:size(syn_hyp,1) 

    for j=1:size(syn_hyp,2) 

        for k=1:size(syn_hyp,3) 

            syn_hyp(i,j,k)=syn_hyp(i,j,k)+(amp(i,j,k)*syn_hyp(i,j,k)*spcn); 

            % percentage based spectral noise 

        end 

    end 

end 

clearvars K mixed_px 

  

%% TERRAIN SHADOW 

  

syn_hyp=tall(syn_hyp); 

hm=gather(hm); 

xm=gather(xm); 

ym=gather(ym); 

  

% add terrain uncertainty 

amp = -1 + (1+1).*rand(size(hm,1),size(hm,2)); 

for i=1:size(hm,1) 

    for j=1:size(hm,2) 

        hm(i,j)=hm(i,j)+(amp(i,j)*hm(i,j)*ter_unc); 

    end 

end 

  

figure('visible','off'); 

h=surfl(xm,ym,hm,[sun_azimuth sun_elevation]); 

shad=single(h.CData); 

  

terra=struct('xm',xm,'ym',ym,'hm',hm); 

  

syn_hyp=gather(syn_hyp); 

syn_hyp=syn_hyp.*shad; 

  

clearvars terra xm ym hm h shad 

  

%% ORIGINAL GRID COORDINATES 

  

[synX, synY]=meshgrid(0.5:1:size(syn_hyp,2), 0.5:1:size(syn_hyp,1)); 

synX=ceil(synX); 

synY=ceil(synY); 

syn_hyp_coor=struct('X',synX,'Y',synY); 

% (0,0) is bottom left (pixel sixe x, 1) 

  

%% ASSIGNING NEW SPECTRAL BANDS FROM THE CAMERA 
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syn_hyp=gather(syn_hyp); 

wave_hi=360:1:2500;     % set the new high res wavelength with 1 nm resolution 

spectra_hi_px=single(zeros(size(syn_hyp,1),size(syn_hyp,2),length(cam_bands))); 

spectra_hi_i=single(zeros(1,6)); 

spectra_hi_f=single(zeros(1,10)); 

syn_hyp_c=single(zeros(size(syn_hyp,1),size(syn_hyp,2),length(cam_bands))); 

d=1; 

for i=1:size(syn_hyp,1) 

    for j=1:size(syn_hyp,2) 

        spectra_px=squeeze(syn_hyp(i,j,:)); 

        spectra_hi_px=interp1(bands,spectra_px,wave_hi); 

        tf=isnan(spectra_hi_px); 

        first_zero=find( tf == 0, 1 ); 

        last_zero=find( tf == 0, 1, 'last' ); 

        spectra_hi_px_n=spectra_hi_px; 

        spectra_hi_px_n(isnan(spectra_hi_px_n)) = []; 

        % extrapolate to fill the empty elements:  

        spectra_hi_i=interp1(spectra_hi_px_n, (1-(first_zero-1)):0, 'linear', 

'extrap'); 

        spectra_hi_f=interp1(spectra_hi_px_n, 

(last_zero+1):length(spectra_hi_px), 'linear', 'extrap'); 

        spectra_hi_px(1:(first_zero-1))=spectra_hi_i; 

        spectra_hi_px((last_zero+1):length(spectra_hi_px))=spectra_hi_f; 

  

        for z=1:length(spectra_hi_px) 

            if wave_hi(z)==round(cam_bands(d)) 

               syn_hyp_c(i,j,d)=spectra_hi_px(z); 

               d=d+1; 

            end 

            if d==length(cam_bands)+1 

                d=1; 

            end 

        end 

        d=1; 

    end 

end 

  

syn_hyp=tall(syn_hyp); 

syn_hyp_c=tall(syn_hyp_c); 

clearvars spectra_hi_px spectra_hi_px_n spectra_hi_i spectra_hi_f wave_hi tf 

  

%% SENSITIVITY FUNCTION OF THE CAMERA 

  

syn_hyp_c=gather(syn_hyp_c); 

full_bands=round(cam_bands(1):1:cam_bands(length(cam_bands))); 

sens=single(zeros(1,length(full_bands))); 

sens_in=single(zeros(length(cam_bands),2)); 

syn_hyp_ci=single(zeros(size(syn_hyp_c,1),size(syn_hyp_c,2),length(cam_bands)))

; 

d=1; 

for i=1:size(full_bands,2) 

    if full_bands(i)==cam_bands(d) 

        sens(i)=1; 

        sens_in(d,1)=i; 

        d=d+1; 

    else 

        sens(i)=0; 

    end 

end 

  

amp = -1 + (1+1).*rand(1,length(sens)); 

for i=1:length(sens) 

    if sens(i)==1 
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       sens(i)=sens(i)+(sens(i)*amp(i)*perc1); 

    elseif sens(i)==0 

           sens(i)=sens(i)+(amp(i)*perc1); 

    end 

end 

  

for i=1:length(sens_in) 

    sens_in(i,2)=sens(sens_in(i,1)); 

end 

  

d=1; 

for i=1:length(cam_bands) 

    syn_hyp_ci(:,:,d)=sens_in(i,2).*syn_hyp_c(:,:,d); 

    d=d+1; 

end 

  

syn_hyp_c=tall(syn_hyp_c); 

syn_hyp_ci=tall(syn_hyp_ci); 

  

%% FREEING SOME SPACE IN THE MEMORY 

  

clearvars -except spectra bands minerals ... 

                  foc px_res fov cam_bands H fr speed sensor_width ... 

                  px_m gsd image_width image_length deltax deltay ... 

                  ov_forward ov_side syn_hyp_ci syn_hyp no_lines ... 

                  syn_hyp_coor pxy pxx altitude terra sizex sizey ground_truth 

... 

                  sun_azimuth sun_elevation alt spd elv ii iii iiii idx synX 

... 

                  synY sqr               

  

%% IMAGE FRAMES & MOSAIC 

  

syn_hyp_ci=gather(syn_hyp_ci); 

bf_mosaic=single(zeros(size(syn_hyp_ci,1),size(syn_hyp_ci,2),length(cam_bands))

); 

  

n=1; 

edge=(image_width/2)+deltay*n; 

while edge<size(syn_hyp_ci,1) 

      edge=(image_width/2)+(image_width/2)+deltay*n; 

      n=n+1; 

end 

num_lines=n-1;          % number of flight lines 

  

n=1; 

edge=(image_length/2)+deltax*n; 

while edge<size(syn_hyp_ci,2) 

      edge=(image_length/2)+(image_length/2)+deltax*n; 

      n=n+1; 

end 

num_images = n-1;       % number of images per line 

  

p=1; 

q=1; 

images=cell(num_lines,num_images); 

coorX=cell(num_lines,num_images); 

coorY=cell(num_lines,num_images); 

  

for zz=1:num_lines 

    for z=1:num_images 
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        image_slice=syn_hyp_ci(((zz-1)*deltay)+1:image_width+((zz-

1)*deltay),... 

                    ((z-1)*deltax)+1:image_length+((z-1)*deltax),:); 

        new_syn_hyp=single(zeros(pxx,pxy,length(cam_bands))); 

  

          for k=1:length(cam_bands) 

              for i=1:gsd:image_length 

                  for j=1:gsd:image_width 

                      av_mat=image_slice(i:(p*gsd),j:(q*gsd),k); 

                      av_av_mat=mean(av_mat,'all'); 

                      new_syn_hyp(p,q,k)=av_av_mat;                     

                      q=q+1; 

                  end 

                  p=p+1; 

                  q=1; 

             end 

             p=1; 

          end         

  

% frames pixels coordinates          

        coorX=syn_hyp_coor.X(((zz-1)*deltay)+1:gsd:image_width+((zz-

1)*deltay),... 

                                   ((z-1)*deltax)+1:gsd:image_length+((z-

1)*deltax),:); 

        coorY=syn_hyp_coor.Y(((zz-1)*deltay)+1:gsd:image_width+((zz-

1)*deltay),... 

                                   ((z-1)*deltax)+1:gsd:image_length+((z-

1)*deltax),:); 

        coorX=ceil(coorX); 

        coorY=ceil(coorY); 

               

          for k=1:length(cam_bands) 

              for i=1:size(new_syn_hyp,1) 

                  for j=1:size(new_syn_hyp,2) 

                      if bf_mosaic(coorY(i,j),coorX(i,j),k)==0 

                         bf_mosaic(coorY(i,j),coorX(i,j),k)=new_syn_hyp(i,j,k); 

                      else 

                         bf_mosaic(coorY(i,j),coorX(i,j),k)=... 

                         

(bf_mosaic(coorY(i,j),coorX(i,j),k)+new_syn_hyp(i,j,k))/2;  

                      end 

                  end 

              end 

          end 

                       

          clearvars new_syn_hyp image_slice 

    end 

end 

  

clearvars syn_hyp_ci 

  

p=1; 

q=1; 

mosaic=single(zeros(floor(size(bf_mosaic,1)/gsd),floor(size(bf_mosaic,2)/gsd),s

ize(bf_mosaic,3))); 

  

          for k=1:size(bf_mosaic,3) 

              for i=1:floor(size(bf_mosaic,1)/gsd) 

                  for j=1:floor(size(bf_mosaic,2)/gsd) 

                      av_mat=bf_mosaic(((p-1)*gsd)+1:(p*gsd),((q-

1)*gsd)+1:(q*gsd),k); 

                      av_av_mat=mean(nonzeros(av_mat)); 

                      mosaic(p,q,k)=av_av_mat;                     
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                      q=q+1; 

                  end 

                  p=p+1; 

                  q=1; 

             end 

             p=1; 

          end     

           

idxToRemove = all(all(isnan(mosaic),3),2); 

mosaic(idxToRemove,:,:) = []; 

idxToRemove = all(all(isnan(mosaic),3),1); 

mosaic(:,idxToRemove,:) = []; 

  

clearvars zz z k av_mat av_av_mat bf_mosaic yoy p q synX synY coorX coorY 

  

%% SAVE VARIABLES 

  

% create a new directory based on the index          

ff=num2str(idx); 

dirname = fullfile('/global/home/hpc4825/', ff); 

mkdir(dirname) 

  

% flight parameters matrix 

param=struct('num_lines',num_lines,'num_images',num_images,'altitude',altitude,

... 

             'speed',speed,'frame_rate', fr,'GSD',gsd,'sensor_width',... 

             

sensor_width,'image_width',image_width,'image_length',image_length,... 

             

'forward_overlap',ov_forward,'side_overlap',ov_side,'deltax',deltax,'deltay',de

ltay,... 

             'camera_res_x', pxx, 'camera_res_y', 

pxy,'sun_azimuth',sun_azimuth,... 

             'sun_elevation',sun_elevation); 

  

fullFileName = fullfile(dirname, 'parameters.mat'); 

save(fullFileName,'param') 

  

clearvars -except param mosaic minerals spectra ground_truth... 

                  cam_bands bands dirname gsd alt spd elv ii iii iiii idx sqr 

  

%% CREATE & SAVE AN ENVI BSQ FILE 

  

% building an ENVI header (*.hdr) file  

h1='ENVI'; 

h2='description = { Binary Data }'; 

h3=strcat('samples = ',num2str(size(mosaic,2)));    % horizontal size 

h4=strcat('lines = ',num2str(size(mosaic,1)));      % vertical size 

h5=strcat('bands = ',num2str(length(cam_bands)));   % spectral bands 

h6=strcat('Pixelsize x = ',num2str(gsd/100));       % gsd 

h7=strcat('Pixelsize y = ',num2str(gsd/100));   

h8='header offset = 0';                             % no offset 

h9='file type = ENVI Standard'; 

h10='data type = 4'; 

h11='interleave = bsq'; 

h12='sensor type = Unknown'; 

h13='byte order = 0'; 

h14='wavelength units = nm'; 

str1='wavelength  = {'; 

str2=regexprep(num2str(cam_bands'),'\s+',','); 

str3='}'; 

h15=strcat(str1,str2,str3); 

h16='default bands = {33,23,15}'; 
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h={h1;h2;h3;h4;h5;h6;h7;h8;h9;h10;h11;h12;h13;h14;h15;h16}; 

fullFileName = fullfile(dirname, 'coba.hdr'); 

fid=fopen(fullFileName,'wt'); 

     

for i=1:16 

    fprintf(fid,'%s\n',h{i}); 

end 

fclose(fid); 

  

% write the hyperspectral data as a multiband file 

fullFileName = fullfile(dirname, 'coba'); 

multibandwrite(mosaic,fullFileName,'bsq')           

  

clearvars -except alt spd elv ii iii iiii idx sqr 

  

idx=idx+1; 

disp(idx) 

  

        end 

        clearvars -except alt spd elv ii iii iiii idx sqr 

    end 

    clearvars -except alt spd elv ii iii iiii idx sqr 

end 
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Appendix C 

Sensitivity Study Metrics’ Histograms 

 

Figure C.1. The histograms of every metric for scenario 1 with the 0.3 and 0.7 thresholds. 
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Figure C.2. The histograms of every metric for scenario 2 with the 0.3 and 0.7 thresholds. 
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Figure C.3 The histograms of every metric for scenario 3 with the 0.3 and 0.7 thresholds. 
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Appendix D 

LST Anomaly Maps 

 
Figure D.1. Six prominent thermal anomalies maps derived from the RETIRA index of LST 

daytime and nighttime data in 2001 that show some level of spatial and temporal consistency. Green 

stars indicate the epicentres of the 22 December 2001 earthquake. 
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Figure D.2. Six prominent thermal anomalies maps derived from the RETIRA index of LST 

daytime and nighttime data in 2002 that show some level of spatial and temporal consistency. Green 

stars indicate the epicentres of the 23 October 2002 and 3 November 2002 earthquakes. 
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Figure D.3. Six prominent thermal anomalies derived from the RETIRA index of LST daytime 

and nighttime data in 2003 that show some level of spatial and temporal consistency. Green stars 

indicate the epicentres of the 20 September 2003 and 9 December 2003 earthquakes. 

 

 

 

 

 

 

 

 

 


