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ABSTRACT 

The applications of deep learning for ore grade estimation from hyperspectral data are 

increasing. Currently, convolutional neural networks (CNN) are being used to extract deep 

features from data and learn relationships that exist between hyperspectral and ore grade data. 

However, these algorithms are still below optimal for ore grade estimation. This study 

endeavoured to investigate if the accuracy of ore grade estimation can be increased by changing 

the architecture of these algorithms and improve them for non-image hyperspectral data, for 

which CNN models are not widely applied. The dimensions of the CNN models were increased 

from 2D to 3D and the models were trained on spectrogram plots obtained from the short-time 

Fourier transform of reflectance spectra that were acquired from drill cores of the Olympic dam 

deposit in Australia. A ResNet-3D model achieved a root mean squared error (RMSE) of 0.238 

ppm for Au grade estimation from data that had 75% of the Au grades below 0.625 ppm. This 

was lower than the 0.531 ppm RMSE achieved by a DenseNet-2D model on the same dataset 

and the 0.48 Cu% RMSE achieved by a VGG16 2D CNN on a dataset that had 75% of the data 

points below 1 Cu% reported in the literature. These results imply that the ResNet-3D model 

achieved higher accuracy of Au grade estimation for individual points within the data and that 

the under- or overestimation of the Au grades by this model would be lower than the other 2D 

CNN models when applied to testing data. Thus, the results imply that, in the application of 

CNN for ore grade estimation in research and in the mining industry, 3D CNN models should 

be considered. 
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Chapter 1 : Introduction 

 

1.1 History of Mining Exploration and Resource Estimation 

Resource estimation in the mining industry has been evolving. It upgraded from the use of 

classical estimation methods such as polygonal and cross-sectional methods to the use of 

geostatistical methods that consider the geology of the deposits and, consequently, increase the 

accuracy of the estimations (Abuntori et al., 2021). However, with the development of artificial 

intelligence (AI) and surge of deposits data in the last few decades, much research has gone 

into how these can be leveraged for resource estimation. AI, which is used to analyse big data 

and predict mineral grades, can be applied through two main methodological approaches: 

knowledge-driven AI and data-driven AI (Yang et al., 2024).  

 

Knowledge-driven AI makes use of the knowledge of the geology of deposits to guide AI 

models in the analysis of data for predictions. In some applications, the knowledge is 

incorporated into AI models as associated mineralogy of the deposit types (Tan et al., 2024) 

and, for some applications, spectral libraries are built into a model from knowledge of other 

deposits to guide the AI models in the analysis (Clark et al., 2003; Dalton et al., 2004). Some 

research has also been done to incorporate geostatistical formulas that account for the geology 

of the deposit into AI models to code the analysis of the data. For example, Bai & Tahmasebi 

(2021) incorporated ordinary kriging (OK) formulas into the loss function of a deep neural 

network to estimate grades of unknown points. This created a hybrid AI model, which not only 

captured the spatial distribution of the estimated grades but also reduced the number of 

unknown points required for the training of model. However, the development of data-driven 

AI has created models that can also capture the spatial distribution of predicted grades and 
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estimate mineral resources without incorporation of the knowledge of the geology of the 

deposit prior to application. 

 

Data-driven AI relies on models that learn patterns from input-output relationships in training 

data to make predictions for new, unseen data. These models can extract spatial and spectral 

features from data and capture complex linear and non-linear relationships that exist within the 

data to make predictions (Liu, 2021). This ability of AI makes it advantageous over 

geostatistics for resource estimation, in that, unlike geostatistics, AI can learn the non-linear 

spatial trends that may exist in data of structurally controlled deposits like vein deposits and 

make predictions for the quantity of ore at the points within the vein (Abuntori et al., 2021). 

However, AI models, whether data- or knowledge-driven, still require improvement in their 

performance if they are to be used for resource estimation and assimilated in the mining 

industry. 

  

1.2 Problem Statement 

One of the data-driven AI models used for ore grade estimation is convolutional neural network 

(CNN) (Prado et al., 2023). It is one of the state-of-the-art AI algorithms that can capture non-

linear relationships that may exist between two sets of data and use such relationships to make 

predictions for new data. They have convolutional filters that can extract features from input 

data and map them to output data to learn the non-linear relationships. Although they are 

currently also used for any data that has topology and grid pattern, they were designed to 

analyse image data (Krizhevsky et al. (2012); Yamashita et al. (2018)) for classification. For 

this reason, they were initially applied as 2D (two-dimensional) CNN with 2D filters that 

extract data from images, which are represented as 2D arrays of pixels into the algorithm. Most 
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studies on the use of CNN have investigated how increasing the dimensions of the CNN from 

2D to 3D (three-dimensional) affects its performance for hyperspectral image data analysis, 

where spatial relationships between adjacent pixels are naturally exploited through 

convolutional operations (Chen et al. (2016); Praveen & Menon (2021); Abubakar et al. 

(2024)). The performance increases when the dimensions are increased from 2D to 3D because 

the filters can extract both spatial and spectral features in 3D, which leads to learning of more 

patterns in the hyperspectral images and labels than in 2D, which extract only spatial features. 

However, there is inadequate research on how increasing the dimensions of CNN from 2D to 

3D affects performance for point spectral measurements from drill cores, where each spectrum 

is typically processed independently. When individual spectra are transformed into 

spectrograms for CNN analysis, convolutions operate within each spectrum's spectral-

frequency representation rather than across spatially adjacent drill hole samples, representing 

a fundamentally different architecture from image-based approaches. This research gap is 

particularly important because reflectance spectra, as non-image data that are broadly used for 

ore grade estimation, yield high errors of ore grade estimation.  

 

The performance of ore grade estimation by current applications of CNN models to 

hyperspectral (HS) reflectance data is low. For examples, in a study to investigate the use of a 

2D CNN model referred to as VGG16 for Cu grade estimation to reflectance spectra acquired 

along drill cores, the model achieved a root mean squared error (RMSE) of 0.48 Cu% (Prado 

et al., 2023). While the model was proven to achieve Cu grade estimations for all the datapoints 

of data that was used to test the model, this RMSE was high for this dataset. The error implies 

that the model would over- or under-estimate the Cu% values by 0.48 Cu%, which is not 

satisfactory for a dataset that had at least 75% of datapoints below 1 Cu% because the over- or 

under-estimates would be significantly far from the actual values (1 – 0.48 Cu% = 0.52 Cu%). 
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Furthermore, in classification for ore grade estimation, all the 2D CNN models studied by 

Eichstaedt et al. (2022) and Kutzke et al. (2022) achieved 80–90% classifier accuracies, which 

can still be improved to higher accuracies. Therefore, the current frameworks of application of 

CNN for ore grade estimation reported in the literature, are not satisfactory and reliable, and 

still require optimization to achieve lower errors and higher accuracies of ore grade estimation. 

 

1.3 Research Aim and Objectives 

Given the higher errors of grade estimations reported from the current frameworks of 

application of CNN models, and the lack of research on how increasing the dimensions of CNN 

from 2D to 3D affects their performance for non-image data, this study endeavoured to 

investigate how increasing the dimensions of CNN from 2D to 3D would affect the 

performance for ore grade prediction from HS reflectance data in the frequency domain, one 

of the frameworks currently used for ore grade estimation. This aim was achieved through the 

following objective: 

• To train and build 2D and 3D CNN models using spectrograms converted from HS 

reflectance data and compare the accuracies and performance of 2D and 3D CNN for 

HS reflectance data for ore grade estimation. 

Therefore, the research attempted to answer the following question: 

1. What are the performances of 2D and 3D CNN models and how do they compare for 

HS reflectance data in the frequency-domain for ore grade estimation? 
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1.4 Significance of Study 

Most researches comparing the performance of 2D CNN and 3D CNN has applied CNN to 

hyperspectral imaging (HSI) data. The results of these studies have not only demonstrated 3D 

as the optimum dimensions of CNN for the imaging data but have also shown how the features 

extracted from the data are used for their purposes. In a study to compare the performance of 

some state-of-the-art machine learning (ML) algorithms on lithological classification of the 

Huaniu mountains in Gansu, China, Liu et al., (2021) found that 3D CNN obtained a higher 

overall accuracy (OA) of 98.56% for classification of the HS image compared to 2D and 1D 

CNN, which achieved 96.47% and 94.70% accuracies, respectively. Therefore, since this study 

endeavours to investigate how the accuracy and performance are affected by these changes for 

hyperspectral data, it contributes knowledge to the application of 3D CNN for non-image data, 

which has not been done before. Furthermore, the knowledge is contributed to the context of 

ore grade estimation, in which the previous studies have not applied 3D CNN models. 

 

Although geostatistical and classical statistical methods are still the only estimation methods 

widely used in the mining industry, their application is complex and susceptible to errors, 

especially for structurally controlled deposits. Data obtained from structurally controlled 

deposits are usually skewed and contain outliers, which would create a nugget effect on the 

variograms during the application of these methods and make the variograms useless for 

estimation. In attempting to solve this, the geologist would reduce the number of outlier points, 

which would lead to under- or overestimation of ore grades. However, deep learning (DL) 

algorithms, which include CNN, can capture and learn patterns from non-linear data which 

render them more useful for structurally controlled deposits such as vein deposits. Therefore, 

this study also contributes to the existing body of knowledge for improving resource estimation 

and shift mineral exploration to the use of the complicated but robust methods. 
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The integration of ML/DL with HS data for ore grade estimation is less time consuming, less 

laborious and less destructive than conventional methods which are also used in ore grade 

estimation. These conventional methods which include inductively coupled plasma (ICP), x-

ray fluorescence (XRF) and Fire assay analysis, require extraction of rocks which may lead to 

acid drains and renders them more laborious and destructive to the environment compared to 

the integration of HS data with ML and DL techniques which usually require HS scanning of 

intact drill core or outcrops to obtain the data, which is analysed within minutes of 

computational time. Therefore, this research will contribute to the knowledge of the methods 

that can used in the mining industry which would not only be fast but also lower mining costs 

and be less destructive to the environment. 

 

1.5 Structure Outline 

The rest of this thesis is structured as follows: In chapter 2, the theory and application of current 

applications of CNN for ore grade estimation are provided and reviewed. The geology of the 

deposit from which the data was obtained and how data was collected are explained in chapter 

3. The study area chapter is succeeded by the chapter 4 which reports on the methodology that 

was used to pre-process the data and select the best models for the data representation in the 

study. The details of training of the 2D and 3D CNN for comparison of accuracy for ore grade 

estimation are provided in chapter 5, which is followed by the interpretation of the results is 

provided in chapter 6 and conclusions in chapter 7. 
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Chapter 2 : Literature Review 

 

Machine learning (ML) and deep learning (DL) algorithms have been used to estimate 

resources from the integration of hyperspectral (HS) data of rocks with their corresponding 

geochemical assays. These data are used to train these algorithms by labelling the HS data with 

their corresponding geochemical data so that these algorithms learn linear or non-linear 

relationships that exist between these data and use them to make predictions of geochemical 

grades for new HS data. This is supervised learning, which differs from unsupervised learning, 

in which the algorithms learn relationships without labelling HS data with geochemical data. 

A convolutional neural network (CNN) trains and learns relationships by supervised learning. 

However, the properties of the data and the structure of a CNN influence the performance of 

this algorithm for ore grade estimation. Therefore, in this chapter, the framework of the 

applications of CNNs, which includes the structures of CNNs, and the properties of the data 

are reviewed for ore grade estimation. Some relevant literature on the use of this algorithm for 

ore grade estimation are also reviewed to generate research hypotheses, which are detailed at 

the end of this chapter as part of the conceptual model of this study.  

 

2.1 Convolutional Neural Network (CNN) 

CNN is a DL algorithm designed for grid-structured data such as images. It uses stacked 

convolutional layers to automatically learn features at different levels - early layers detect 

simple patterns like edges or textures, while deeper layers identify more complex, abstract 

features used for final predictions (Bengio, 2009). These layers, which are referred to as 

convolutional layers, have filters or kernels which stride along the data applying specific 

mathematical operations to the data to compute an output of features referred to as the feature 
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map. These kernels are the structures of the CNNs that enable them to automatically learn the 

features from the data. The feature map is then input into other types of layers that make up the 

CNN. These layers, which have different roles from the convolutional layer, are the pooling 

and fully connected layers. Pooling layers downsample these maps, reducing computation 

while making the network more robust to small translations. The fully connected layers at the 

end combine all learned features to produce the final prediction. 

  

CNN’s ability to learn features through hierarchal feature extraction, which contributes to the 

‘deep’ learning, was implemented by Le Cun (1989), who built upon Fukushima (1980)’s 

earlier concepts of local receptive fields and filters in an artificial neural network (ANN), 

named Neocognitron, that was invented by Fukushima (1980). This improvement to the 

Neocognitron algorithm was inspired by the mammalian primary visual cortex (PVC) which it 

resembles. CNN was designed to resemble PVC which has a 2D (two-dimensional) structure 

and is a spatial map (Goodfellow et al., 2016). For this reason, it was designed to analyse image 

data (Yamashita et al., 2018). PVC also has simple cells which are characterized by linear 

functions and complex cells which are affected by a change in the position of their feature and 

measurement. The activation functions in the convolutional layers and the pooling layers, 

respectively, were inspired by these cells (Goodfellow et al., 2016). Le Cun (1989) introduced 

this framework of CNN into Neocognitron as a backpropagation technique that was proposed 

by Rumelhart et al. (1986) into the CNN and named the CNN LeNet-5 (Le Cun et al., 1995). 

Since then, CNN has since been applied to images, text, time series data and sensor data for 

classification applications in face recognition, quality control, medicine, geological mapping 

and grade and tonnage estimation. 
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2.1.1 Architecture of CNN 

A typical architecture of a CNN has convolutional layers, pooling layers and fully connected 

layers (Namatēvs, 2018), and the number and successions of the layers may differ among CNN 

models. The first layer that the data is fed into is the input layer. It is usually succeeded by 

convolutional layers which are the main layers of a CNN. Convolutional layers have two 

stages: the convolutional stage and the detector stage. The convolutional stage is where features 

in the data are extracted using kernels. The kernels in each of the layers extract the features at 

different levels with the kernels in the initial convolutional layers extracting low-level features 

and the kernels in the last layer extracting the high-level features. Each kernel produces a 

feature map which will be an input into the next layer. The next stage of the convolutional 

layers is the detector stage. The detector stage is the stage by which non-linearity is applied to 

the data. This stage gives CNN and other ML algorithms the ability to learn complex non-linear 

patterns in data, importantly, data that have outliers which are particularly common in 

geological deposit data (Abuntori et al., 2021). This application of non-linearity is achieved by 

non-linear activation functions in multiple neurons present in the convolutional layers. Some 

of the common activation functions include the hyperbolic tangent function g(z) = tanh(z), 

sigmoid function (g(z) = sigmoid (z)) and the ReLU function (g(z) = max (0, z)) (Krizhevsky 

et al., 2012). The ReLU function is commonly used in CNN architectures because it decreases 

the computational time for training. The output of these convolutional layers is then fed into 

the pooling layers and fully connected layers. 

 

The pooling layers and the fully connected layer are usually the final layers in the architectures 

of CNNs. The pooling layers are applied for down-sampling of the features which leads to 

dimensionality reduction of the feature maps. This is another feature of CNN that makes it 

advantageous over other ML algorithms because it automatically performs dimensionality 
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reduction, which is crucial for HS data that commonly have redundant features. The pooling 

layers achieve the down-sampling by extracting patches from features maps and using the 

maximum value from each patch as the output feature map. The output feature maps of the 

pooling layers are then fed into the fully connected layers. The fully connected layers are 

usually 1D (one-dimensional) layers that are fully connected to the activation function of the 

pooling layers and the output nodes. They learn the representation of the output of the CNN. 

Their output may be a 1D array of numbers, which each represent the probability of the output 

falling into a particular class in classification applications such as lithological classification or 

a scalar which is a discrete measure of the target variable. CNN architectures that output the 

latter are commonly used for ore grade estimation. 

 

Different architectures of CNN with differing layer numbers and successions have been used 

for resource estimation and most have proven to estimate ore grade with higher accuracy than 

other ML algorithms. Eichstaedt et al. (2022) assessed the performance of 10 commonly used 

ML algorithms for prediction of geochemical properties of 700 km of drill core and the 

algorithms included three CNN models, NN1, NN3 and NN4, with different architectures. The 

results showed that the three architectures have an average accuracy of 80% in classification 

which is higher than the accuracies of the other algorithms that were used in the study. The 

NN1 architecture, a modified VGG design that showed the highest accuracy compared to the 

other CNN architectures tested, has 8 layers including convolutional and pooling layers 

followed by dense layers. Kutzke et al. (2022) further used this model to investigate the effects 

of increasing the amount of data on the performance of ML algorithms and optimised its 

parameters. It achieved an accuracy greater than 80-90%. While this model was applied to HS 

data as reflectance spectra in both of these studies, Prado et al. (2023) applied the another VGG 

variant to HS data in the frequency domain for ore grade estimation and it achieved an accuracy 
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of 0.48 Cu% by root mean squared error (RMSE), which implies that model would achieve an 

error of 0.48 Cu% for predictions for new data and would under- or over-estimate the Cu 

grades. The conditions of application of the VGG architectures in these studies cannot be 

compared, as different estimation metrics have been used. Therefore, the difference of 

application of the models to original reflectance spectra and to reflectance spectra in the 

frequency domain cannot be analysed and although they demonstrate potential for continuous 

ore grade prediction, the results from the studies suggest that the current condition of 

application of the models can be improved since RMSE achieved is high and the accuracy 

values are lower or equal to 90%. 

 

Other CNN architectures that have been used for ore grade estimation include the ENVI-Net 

model with 27 convolutional layers as the only set of layers in the architecture. Abdolmaleki et 

al. (2022) showed that this architecture was able to discriminate ore from waste with an 

accuracy of 89%. However, only one image of the whole drill core was used. Therefore, the 

effectiveness of the architecture was not sufficiently determined and its application for ore 

grade estimation is inconclusive. Another deep learning architecture of layers with a succession 

of four convolutional layer, two pooling layers and 2 fully connected layers was used by Choros 

et al. (2022) for the same purpose of ore and waste discrimination. This architecture achieved 

76.7% accuracy. (Choros et al., 2022) showed that the model is a promising candidate for 

application for the determination of ore grade during excavation so that ore may not be diluted 

with waste during the process. These two studies show that although one architecture may 

achieve a greater accuracy than the other for the same purpose, the superiority of one over the 

other may still not be determined as the conditions of application were different. 
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The different accuracies of estimation with different architectures show that the application of 

CNN to analysis of HS data for ore grade estimation and other applications is sensitive to its 

own architecture and that none of the architectures is superior to the other because the condition 

of application of these architectures may be different. In actuality, this shows that in the 

application of CNN architectures, the optimal architecture for specific conditions of application 

for ore grade estimation ought to be determined. This can be done by applying various 

architectures to HS data under the same conditions of investigation and the architecture with 

the highest accuracy on training data can be used for those conditions. This approach will be 

used in this study. 

 

2.1.2 Topology of CNN: Convolutions and Dimensions of CNN 

Kernels, by which CNN extracts features, are applied to data through mathematical operations 

referred to as convolutions (Lee & Kwon, 2016). Convolutions are an element-wise 

multiplication of kernels, which are usually multidimensional arrays of parameters, by the input 

data, which are usually multidimensional array of pixels. The element-wise multiplication 

results in a product which reflect the extent to which the kernel and input data match if their 

graphs were aligned. As the products are computed from all the elements of the input data, they 

are summed together to create another array, which is the feature map. The process of how 

these products are summed together to form the features map is shown by Figure 2.1. The 

kernel must slide along the whole array of the input to compute these convolutions, and this 

results in a hyperparameter that is set during training of the model called the stride. In Figure 

2.1, the stride is 1 as the kernel slides one unit to apply convolutions to the input and the kernel 

size is 3×3.  
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Figure 2.1  Diagram illustrating how kernels apply (2D) convolutions to the input and stride along summing up 
the products to result in a feature map (modified from Yamashita et al. (2018)) 

 

Kernels may have different dimensions. In 1D, the kernels have a size of N×1, where N can 

take any number greater than one that represents the number of elements of the array in one 

dimension and the 1 implies only element of the array in next dimension. A kernel of this size 
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only strides in the dimension of the N elements. This applies 1D convolutions to the data. To 

introduce more dimensions to the convolutions and the whole CNN, the kernels take a size of 

N×M, where N and M can be any numbers greater than one, which imply the number of 

elements of the array in both dimensions. A kernel of this size strides along the input array in 

two dimensions and applies convolutions in 2D. The kernel shown in Figure 2.1 applies 2D 

convolution to the input because it has a size of 3×3 and it strides in both dimensions of the 

input as can be seen in the figure. From 2D, a third dimension can be applied to the convolution 

by increasing the size of the kernels to N×M×L. The L in the size can take any number of from 

1 and implies that the kernel can stride in a third dimension. This applies 3D (three-

dimensional) convolutions and the feature map that results would be three-dimensional. Figure 

2.2 shows how this 3D convolutions can be applied to the input and result in a 3D feature map.  

 

 

 

Different dimensions of convolutions enable a CNN to extract different kinds of features. In 

1D CNN, spectral features are extracted as kernels convolve along the spectral bands of 

Figure 2.2 Diagram illustrating how 3-D convolutions are applied to an input to result in a feature map as the 
result of the multiple convolutions (modified from Rao & Liu (2020)) 
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individual pixels (Yu et al., 2020). However, 2D CNN extract spatial features (Chen et al., 

2016). 3D CNN extracts both spectral and spatial features, which enables more accurate 

predictions (Chen et al., 2016). Most applications of CNN for ore estimation have been 2D 

models. The VGG models used by Eichstaedt et al. (2022), Kutzke et al. (2022) and Prado et 

al. (2023) and the ENVI-Net applied by Abdolmaleki et al. (2022) were 2D CNN. The 

conditions of application of the VGG model in the Prado et al., (2023) study were different 

from those of application of the same model in Eichstaedt et al. (2022) and Kutzke et al. (2022), 

leading to an inconclusion of the factor that led to the lower accuracy. Thus, the dimension of 

the CNN used in the study will be increased to 3D to investigate its effects on accuracy. 

 

2.1.3 Training of CNN 

Prior to the application of CNN, it requires training. This training is conducted so that a CNN 

may learn features in the training data through two processes of adjusting kernels and weights. 

These processes enable the CNN to calculate and gage its performance on the training data and 

adjust the kernels and weights to fit data. The first process is the forward propagation by which 

the performance is computed. Forward propagation computes predictions and then evaluates 

them against the true labels using a loss function. The loss function measures the prediction 

error enabling the computation of the performance of the CNN. The second process is the 

backpropagation by which the kernels and weights are adjusted. Backpropagation calculates 

gradients to show how much each weight contributed to the error and then updates the weights 

through gradient descent to reduce that error. The weights, which are parameters that the CNN 

learns through this process are then applied to new data to make predictions with accuracy. 
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2.2 HS Data: Acquisition and Pre-processing 

HS data are acquired using HS sensors that may have different spectral and spatial resolutions. 

The spectral resolution refers to the number of bands (i.e., wavelength ranges) of the 

electromagnetic spectrum that the sensor acquires data from. The accuracy of resource 

estimation increases with this spectral resolution. However, since matter are made of different 

elements at different chemical bonds, which influence their reflectance of radiation, HS data 

of all material ought to be acquired in the range of their reflectance. Most alteration minerals 

like phyllosilicates (clays, micas, illite, kaolinite), carbonates, and sulphates reflect radiation 

in the shortwave infrared (SWIR) range of the electromagnetic spectrum and are effectively 

detected in these wavelength ranges (Amer et al., 2016). For this reason, all studies on the 

application of HS data for ore grade estimation used HS data in the SWIR region (Eichstaedt 

et al., 2022; Choros et al., 2022; Kutzke et al., 2022; Abdolmaleki et al., 2022). This is 

particularly crucial for ore grade estimation since alteration minerals are key indicators. 

However, Eichstaedt et al. (2022), Kutzke et al. (2022) and Prado et al. (2023) also used data 

from the visible-near infrared (VNIR) and thermal infrared (TIR) regions. VNIR is specifically 

used to detect iron oxides and hydroxides (hematite, goethite, jarosite), while TIR is used to 

identify rock-forming silicate minerals such as quartz, feldspars, and other non-hydroxylated 

minerals that don't show diagnostic features in SWIR.  

 

HS sensors can acquire HS data at different scales. It can be acquired at a small-scale using 

spaceborne, airborne and unmanned aerial vehicles-based sensors or on a large-scale using 

ground-based sensors. For ore grade estimation, HS data are acquired at a large-scale using 

ground-based sensors. Choros et al. (2022) scanned a 15-m mine face and cm-length samples 

of gold ore from the same mine face for HS images to determine if HS imaging data and neural 

networks could be used to discriminate and predict the amount of ore at the point of excavation. 
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In contrast, Abdolmaleki et al. (2022), Eichstaedt et al. (2022), Kutzke et al. (2022) and Prado 

et al. (2023) acquired the HS data from drill cores. Abdolmaleki et al. (2022) acquired a scan 

of a whole drill core in one HS image for ore grade estimation of parts of the drill core whereas 

Eichstaedt et al. (2022), Kutzke et al. (2022) and Prado et al. (2023) acquired HS data from 

numerous parts of drill cores for grade estimation of those individual parts. This acquisition of 

HS data at large scale increases the spatial resolution at which the HS data is acquired and 

enables grade prediction at higher accuracy. This is because ground-based sensors (drill core 

sensors) observe smaller areas as large-scale sensors. Therefore, for ore grade estimation, it is 

beneficial to acquire HS data at a large-scale.  

 

HS data have high dimensionality and redundancy, which are caused by the contiguous bands 

of spectra and by noise in the bands that may have been caused by sensor error(s) and 

atmospheric interference(s) (Kale et al., 2017). These lead to the requirement of pre-processing 

of HS data to determine and extract useful bands and features. The useful features may be 

extracted manually using techniques such as principal components analysis (PCA) and 

independent components analysis (ICA) while noise is reduced using minimum noise fraction 

(MNF) (Kale et al., 2017). However, in the application of DL methods for analysis of HS data, 

manual extraction of features before analysis using an algorithm is not required because 

features are extracted by a DL algorithm as described in section 2.1.2.  

 

2.3 Frequency-domain representation of HS Reflectance Spectra 

CNN, as a DL algorithm that does not require manual feature extraction from data, was 

discovered to directly learn time-frequency features from the frequency-domain representation 

of data and outperforms ML algorithms, which required feature extraction from such data. This 
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application of CNN to frequency-domain representation of data as spectrograms was first 

implemented on speech and audio data for sound classification (Piczak, 2015). In this study, 

environmental sound data were converted to log-scaled mel-spectrograms, and a deep CNN 

model consisting of two convolutional layers and two fully connected layers was applied to the 

spectrograms for classification of the sound. This simple CNN architecture outperformed 

support vector machines, gaussian mixture and hidden Markov models, which required manual 

extraction and input of mel-frequency coefficients of such data to the models for classification. 

Since then, CNN has been applied to frequency-domain representation of data as spectrograms 

in other industries and research, including mining for ore grade estimation (Prado et al., 2023). 

 

Spectrograms are computed using the short-time Fourier transform of a signal in time-

frequency analysis (Gröchenig, 2001). Prior to the Fourier transform, a time-localized 

windowing is applied to the isolate a short segment of the signal and the windowing slides 

across the whole signal to isolate multiple segments of the signal. For every windowed segment 

of the signal, the Fourier transforms is applied to compute the frequency at each specific time. 

The computed frequencies at each time are visualised as an intensity plot of the magnitudes of 

the short-time Fourier transform. This creates time-frequency grids which are spectrograms 

which can be analysed.  

 

2.4 Accuracy and Performance Measurement 

There are numerous metrics that can be used to measure the performance of DL algorithms for 

analysis of HS data. However, metrics are specific to the purpose of an application of DL 

algorithms. Some metrics are applicable to classification applications while some are 

applicable to regression applications (Naser & Alavi, 2020). Most classification metrics make 
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use of a matrix, referred to as a confusion matrix, which relates correctly and incorrectly 

classified labels and true labels (Erickson & Kitamura, 2021). From this confusion matrix, 

classification metrics such accuracy, precision, recall, and F1-score can be generated. These 

metrics measure overall correctness, correct positive predictions, ability of the model to find 

all positives and the balance between precision and recall, respectively. However, metrics used 

in regression applications to predict target values measure the error between the predicted 

values and the true values. Therefore, in ore grade estimation, where specific target values of 

ore grade are determined, regression metrics are used to measure the performance of the DL 

algorithms. Some of the most commonly used regression metrics for ore grade estimation are 

the correlation coefficient (R), coefficient of determination (R²), mean absolute error (MAE) 

and root mean squared error (RMSE).  

 

Most resource estimation studies in the literature have used classes to predict ore grades and 

the overall accuracy (OA) is the accuracy metric used (Choros et al. (2022); Eichstaedt et al. 

(2022); Kutzke et al. (2022); Abdolmaleki et al. (2022)). In these studies, ore grade values are 

grouped into classes and the correctly and incorrectly grouped ore grades are determined for 

the calculation of OA. While this accuracy metric calculates the number of correct predictions 

in the whole data, which is useful to measure the performance of DL algorithm on whole testing 

dataset, it does not take into account how the DL algorithm performs on outliers, which are 

common in ore deposit data. However, RMSE, another commonly used metric in ore grade 

estimation (e.g., Prado et al., 2023), takes outliers into account as it measures the mean of the 

error between predicted values and true values. Nevertheless, this metric can only be used in 

regression studies. Although these metrics are used in different applications of ore grade 

estimation, that is, classification and regressions, this review highlights the requirement to use 

multiple evaluation metrics for each of the conditions of classification as this can overcome the 
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limitations of one evaluation metric. That is, in classification, it is beneficial to use multiple 

classification evaluation metrics, while in regression, multiple regression evaluation metrics 

are beneficial.  

 

2.5 Hypotheses 

In this section, hypotheses based on the preceding review of CNN, HS data and performance 

of ore grade estimation and on how the performance is influenced by structures of CNN and 

properties of HS data, are postulated. These hypotheses are used to build a conceptual model 

of this study (Figure 2.3) to investigate the relationships between the performance and the 

structures of CNN and properties of data. 

 

 
Figure 2.3 Conceptual model of the study. Performance of CNN for ore grade estimation is influenced by the 
dimensions and architecture of CNN, and the amount and structuring of the data. Therefore, the hypotheses are 
based on the conditions of HS data and CNN architecture. 
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2.5.1 Hypothesis 1: Relationship of Dimensions with Performance of CNN 

Increasing the dimensions of CNN from 2D to 3D allows the extraction of both spectral and 

spatial features in image data, as described in section 2.1.2. This increased the accuracy of 

classification in the studies by Chen et al. (2016), Praveen & Menon (2021) and Abubakar et 

al. (2024). Therefore, it is hypothesized that increasing the dimensions of CNN from 2D to 3D 

for analysis of HS reflectance data for predictive ore grade estimation improves the 

performance of the CNN. However, in the case of this study, where 3D convolution are applied 

to frequency-transformed data, there is extraction of spatial relationship between different core 

samples. 

 

2.5.2 Hypothesis 2: Relationship of Architecture with Performance of CNN 

Based on the conclusion drawn in the review on the influence of architecture of CNN on the 

performance in section 2.1.1, the optimal 2D and 3D CNN architectures were investigated and 

selected from a variety of 2D and 3D architectures and these will be used for comparison in 

this study. Therefore, the performance of CNN improves from 2D to 3D architecture. 
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Chapter 3 : Olympic Dam Geology and Data Collation 

 

3.1 Olympic Dam Geology and Mineralogy 

The hyperspectral (HS) and geochemical data used in this study were from Olympic Dam 

deposits. The deposit, located at 30°26'24"S 136°52'23"E in Australia, is the largest single 

deposit of the Olympic Cu-Au Province and one of the largest Cu-U-Au-Ag deposits in the 

world. It is situated in the northeastern part of the Gawler Silicic Large Igneous Province (SLIP) 

which is at the eastern margin of the Mesoproterozoic to Archean Gawler craton, as shown in 

Figure 3.1. It is hosted by a hydrothermal breccia complex referred to as the Olympic Dam 

Breccia Complex (ODBC). The breccia complex is surrounded by the Mesoproterozoic Roxby 

Downs Granite (RDG) from which it was derived (Reevs, 1990). The RDG is part of the Hiltaba 

Granite Suite, which forms the Gawler SLIP with the Gawler Range Volcanics (GRV). Rocks 

of this GRV have been found in the ODBC. The breccia complex is overlain by very thick 

sections of sedimentary facies of laminated mudstones, internally graded sandstones and 

conglomerates, which may cover an area of up to ~1.5 km × 0.9 km (McPhie et al., 2011). 

These sedimentary facies are unconformably overlain by Neoproterozoic to Cambrian 

sedimentary rocks of the Stuart shelf which overlie the RDG and ODBC. 
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Figure 3.1 Geological map of the eastern margin of the Gawler craton showing the location of Olympic Dam 
deposit. The deposit, which is shown by the mine symbol on the map, is located in the Hiltaba Granite Suite of 
the Gawler silicic large igneous province (map from McPhie et al., 2011). 

 

The lithology and mineralogy of the ODBC varies from the outer margins towards the centre 

of the deposit (Ehrig & Kamenetsky, 2012). The outer margins of the ODBC are characterized 

by the replacement of biotite with chlorite from the RDG towards the centre, as shown by 

Figure 3.2. Near the outer margins, occurs the granite-rich breccias, whose hydrothermal 

alteration assemblage is defined by a reduced Fe oxide mineralogy. The assemblage comprises 

magnetite, apatite, siderite, chlorite and quartz. Sodic plagioclase and orthoclase are altered to 

sericite from the outer margins, and the major sulphides are pyrite and chalcopyrite. Towards 

the complex centre, the Fe oxide is oxidised to form hematite-rich breccias. The hematite is 

also formed from sericite alteration of the granite-rich breccias. The hematite-rich breccias 



24 
 

have an alteration assemblage comprising hematite, sericite and fluorite, with chalcopyrite, 

bornite and chalcocite as the major sulphides. This is the main Cu mineralisation, which is also 

associated with Au mineralisation in the deposit. At the centre of the ODBC, there is a distinct 

alteration assemblage of hematite, barite and quartz which is defined by lack of mineralisation.  

 

 
Figure 3.2 Simplified geological map of the Olympic Dam breccia complex showing the lithology and mineralogy 
of the complex and deposit. Au mineralisation is associated with Cu mineralisation in the deposit. The locations 
of the drill cores from which the data that were used in this study were obtained are shown on the map (map 
modified from Prado et al. (2023)) 

 

3.2 Data Collation 

The data from drill cores (shown in Figure 3.2) that were used in this study were obtained from 

the AuScope National Virtual Core Library (NVCL) and the South Australian Resources 

Information Gateway (SARIG). These data include HS data, which were acquired in the 

VNIR–SWIR (380–2500 nm) and TIR (6000–14500 nm) spectral bands, although only data 

RDG 
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from the VNIR-SWIR spectral bands were used for the study. The HS data were acquired using 

the Commonwealth Scientific Industrial and Research Organisation (CSIRO) Hylogger-3 

spectrometer, which was positioned at 8-mm intervals along a drill core to obtain point-

measured HS data. The field of view of the spectrometer was 10 mm along the diameter of the 

core and 18 mm along the drill core’s extension.  

 

The data obtained from the SARIG also included the geochemical content of 29 elements that 

were analysed in samples from the drill cores. However, only data for Au were used for this 

study. The Au ore grade was acquired using fire assay. These ore grades and the VNIR–SWIR 

spectral data of the intervals whose grades were acquired were used to train, validate and test 

the CNN models. 
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Chapter 4 : Data Pre-processing and Model Architecture Selection 

 

This study investigated how increasing the dimensions of a convolutional neural network 

(CNN) from 2D (two-dimensional) to 3D (three-dimensional) affects its performance for ore 

grade prediction from hyperspectral (HS) reflectance data in the frequency domain. 

Consequently, this aim led to the following research objective: 

• To build and train 2D and 3D CNN models using HS reflectance data and compare their 

performance for ore grade estimation. 

This objective has guided the literature review, which led to hypotheses detailed in section 2.5.  

Therefore, the research methodology that was followed involved a supervised CNN application 

approach of data collection, cleaning, pre-processing, labelling as shown by the Figure 4.1. 

Training and evaluation of the CNN models for ore grade estimation was also done as shown 

by the figure. The parts of the workflow in which the research hypotheses of this study are 

involved are also shown. 

 

 
Figure 4.1 Ore grade estimation workflow using deep learning (DL) algorithms 



27 
 

 

The focus of this study was on model training and evaluation, as highlighted by the positions 

of the research hypotheses in the ore grade estimation workflow (Figure 4.1). Therefore, the 

main parts of the workflow for this study are shown by Figure 4.2. 

 

 
Figure 4.2 Study workflow showing the steps from data cleaning to model evaluation using accuracy metrics 
(STFT: Short-Time Fourier Transform, VGG16: Visual Geometry Group 16, ResNet: Residual Networks, 
DenseNet: Densely Connected Convolutional Networks, FCN: Fully Convolutional Networks, SGCN: Spectral 
Graph Convolutional Networks, ResNeXt: Residual Networks with Aggregated Transformations, SECF: Squared 
error cost function, R²: Coefficient of determination, RMSE: Root mean square error) 

 

4.1 Data Cleaning 

The HS and geochemical data of seven drill cores (RD76, RD2162, RD252, RD2137, RD2153, 

RD2751, RD2773) that were collated from the AuScope National Virtual Core Library and the 
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South Australian Resources Information Gateway websites as described in section 3.2 were 

used in this study. The HS data were obtained as reflectance spectra encompassing the intervals 

for which samples were analysed for geochemistry. The geochemical assay samples had been 

acquired at 1m for 90% of the samples, 2m for 2% of the samples and 5m for 8% of the samples. 

Therefore, the average reflectance spectra for these intervals were calculated, and so that there 

was only one reflectance spectrum for each geochemical label of the intervals. Approximately 

200 spectra were averaged for each interval. Reflectance spectra for the 300–302 m interval of 

drill core RD76 is shown by Figure 4.3 as example, and the resulting average reflectance 

spectrum that was calculated from these spectra is also shown in the figure. The Python codes 

for loading the multiple reflectance spectra and calculating the average reflectance spectra are 

shown in Appendices A and B, respectively. 

 

 
Figure 4.3 (a) Reflectance spectra of the 300–302 m interval of the RD76 drill core and (b) average reflectance 
spectra for this interval. 

 

Averaging spectra across large depth intervals has the effect of smoothing sharp absorption 

features and diminishing reflectance and absorption features that occur at the same wavelength. 

This results in average reflectance spectra that are not diagnostic for the minerals within the 

rocks from which the spectra are acquired. Therefore, upon calculations of average reflectance 
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spectra for all the intervals, the standard deviation of the reflectance spectra from which the 

average reflectance spectra were calculated, were plotted around the average spectra to 

determine if the original spectra had absorption or reflectance features that were diminished by 

averaging. Figure 4.4 shows the average reflectance spectrum for the 300-302m interval of drill 

core RD76 and the standard deviation of original reflectance spectra from which the spectrum 

was calculated. The figure shows that although the original spectra deviate from the average 

spectrum by reflectance values, the resulting absorption and reflectance features in the average 

spectrum occur at the same wavelength as the features appear in the standard deviation of the 

original spectra. Therefore, this shows that the average spectrum had the diagnostic absorption 

and reflectance features as they are present in the original spectra, so averaging the spectra 

across the intervals was a viable approach to obtain only one reflectance spectrum for each 

geochemical label of the intervals. 

 

Upon calculation of average reflectance spectra, the spectra that had reflectance values greater 

than one or less than zero were discarded as these were erroneous spectra collected by the 

Hylogger-3 spectrometer. After data cleaning, 4034 reflectance spectra from the seven drill 

cores were retained for analysis. 

 

4.2 Data Pre-processing 

The average reflectance spectra were transformed into 2D spectrogram plots for 2D CNN and, 

further, into 3D spectrogram plots for 3D CNN. The 2D and 3D spectrogram plots of the 300–

302 m interval of the RD76 drill core are shown in Figure 4.5 as examples. 
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Figure 4.4 Average reflectance spectrum for depth interval 300-302m of drill core RD76 and the standard deviation 
of the original reflectance spectra from which the average reflectance spectrum was computed. Diagnostic 
absorption and reflectance features in the average spectrum occur at the same wavelength as those occurring in 
the standard deviation. 

 

The 2D and 3D spectrograms were calculated using the short-time Fourier transform (STFT) 

of the average reflectance spectra. The STFT was implemented in code from SciPy library, and 

the implementation for both 2D and 3D are shown in Appendices C and D. The STFT for 

calculating both the 2D and 3D spectrograms was computed using the Hann window with a 

window size of 50 samples and 50% overlap between adjacent windows. The FTT length was 

set to 50 to match the window size. A sampling frequency of 1 arbitrary unit was set since the 

data are defined along wavelength rather than over time.  In the process, the average reflectance 

spectra were transformed from a spectral domain to a frequency domain. The 2D spectrogram 

plots are image-like frequency vs wavelength plots with colour-scaled amplitude and the 3D 

spectrogram plots are 3D mesh grids of the 2D spectrogram plots with the amplitude expressed 

as the third dimension of the spectrogram plots. These 3D mesh grids increase the tensor of the 
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spectrogram plots from a 2D tensor shape of (batch_size, wavelength_bins, frequency_bins, 

channels) to a tensor shape of (batch_size, wavelength_bins, frequency_bins, depth, channels), 

making 3D spectrograms volumetric data for the application of 3D CNNs, which cannot be 

applied to 2D spectrogram plots. 

 

 
Figure 4.5 Average reflectance spectra of the 300–302 m interval of the RD76 drill core. (a) 2D spectrogram plots; 
(b) 3D spectrogram plot 

 

After the STFT of the average reflectance spectra were calculated, the 2D and 3D spectrograms 

were normalized using min-max normalization. This was done to remove any variations that 

existed in the reflectance spectra data due to the acquisition and calculation of average 

reflectance spectra for reflectance spectra obtained from samples of different sizes. The 

different physical dimensions of the samples, different illumination condition during 

acquisition, temperature effects of different acquisition times and sensor noise are the factors 

that could have led to variations in reflectance spectra in these data. Therefore, the 

normalization was applied to stabilize the CNN models by scaling the spectrogram amplitudes, 

which can differ by orders of magnitude, to the same range. The normalization would ensure 

that the large magnitude inputs would not dominate the weight updates to stabilize the models. 
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The min–max normalization, given by equation 4.1, was implemented in python codes shown 

in Appendices C and D. 

𝑋𝑋′ = 𝑋𝑋−min (𝑋𝑋)
max  (𝑋𝑋)−min(𝑋𝑋)

    (Equation 4.1) 

 

4.3 Data Splitting 

Splitting of the data into training, validation and testing data was done using python Scikit-

Learn’s train test split code. All data from the seven drill cores were collectively split into 60% 

training data, 20% validation data and 20% testing data. In the code, a stratification argument 

was also used to split the data such that all grade classes of the data were represented in all the 

three datasets. This was to ensure that the resulting datasets all had widely ranging data that 

would prevent bias of the models towards the majority ore grade classes. The stratify argument 

does not allow splitting of the data if there are data samples with less than two samples in the 

class; therefore, these data samples were discarded. This resulted in an overall dataset of 3852 

samples from which stratified splitting was done. Consequently, 2338 samples for training the 

models, 757 samples for validation and 757 for testing the models resulted from the data 

splitting. These division percentages remained constant for both 2D and 3D CNN and the 

python code for the splitting is shown in Appendix E. 

 

4.4 2D and 3D CNN model architecture selection  

Different 2D and 3D CNN model architectures were trained and validated using split data to 

select the best architecture per dimension. Training data were used to train each architecture as 

described in sections 4.4.1 and 4.4.2. All the models were trained by regression. The 

architectures were then validated by determining the squared error cost function (SECF) of 
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each architecture on the validation dataset. The SECF, shown by equation 4.2, calculates the 

average sum of the squared differences between the predicted and actual values of a dataset 

and determines how well the model does on the dataset.  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 1
2𝑁𝑁
∑ (ŷ(𝑖𝑖) − 𝑦𝑦(𝑖𝑖))²𝑁𝑁
𝑖𝑖=1    (Equation 4.2) 

The higher the SECF, the lower the performance of the model on the dataset. Therefore, this 

calculation was used to determine how each model would perform on the testing dataset, based 

on the value calculated from the validation dataset. For this reason, this SECF was used to 

determine the best architecture for the study, and the best architecture would be the one with 

the lowest SECF. 

 

4.4.1 2D CNN Model Architecture Selection 

The 2D spectrograms that were split into 2338 training data samples were used to train eight 

2D CNN architectures: VGG16, a standard 2D CNN, ResNet-2D, DenseNet-2D, 2D fully 

convolutional network (FCN), 2D spectral graph convolutional network (SGCN), 2D ResNeXt 

and 2D U-Net. These architectures are shown by Figures 4.6 to 4.13. The Python codes that 

were used to code for the creation of these model architectures are shown in Appendices F to 

M. 

 

 
Figure 4.6 Model architecture for VGG16 2D CNN that was trained in this study. The training hyperparameter for 
this model were batch size =32, epoch = 50, optimizer = adam 
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Figure 4.7 Model architecture for a standard 2D CNN that was trained in this study. The training hyperparameter 
for this model were batch size =32, epoch = 50, optimizer = adam 

 

 
Figure 4.8 Model architecture for a ResNet-2D that was trained in this study. The training hyperparameter for this 
model were batch size =32, epoch = 50, optimizer = adam 

 

 
Figure 4.9 Model architecture for a DenseNet-2D that was trained in this study. The training hyperparameter for 
this model were batch size =32, epoch = 50, optimizer = adam 
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Figure 4.10 Model architecture for a 2D FCN that was trained in this study. The training hyperparameter for this 
model were batch size =32, epoch = 50, optimizer = adam 

 

 
Figure 4.11 Model architecture for a 2D SGCN that was trained in this study. The training hyperparameter for this 
model were batch size =32, epoch = 50, optimizer = adam 

 

 
Figure 4.12 Model architecture for a 2D ResNeXt that was trained in this study. The training hyperparameter for 
this model were batch size =32, epoch = 50, optimizer = adam 

 

 
Figure 4.13 Model architecture for a 2D U-Net that was trained in this study. The training hyperparameter for this 
model were batch size =32, epoch = 50, optimizer = adam 
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The calculated SECF values for the 2D CNN model architectures are shown in Table 4.1. Based 

on these values, the DenseNet-2D was chosen as the 2D model architecture for the remainder 

of this study. 

 

Table 4.1 SECF of each 2D model architecture on the validation dataset 

2D CNN architecture Validation dataset SECF (ppm) 
VGG16 0.053 
Standard 2D CNN 0.053 
ResNet-2D 0.052 
DenseNet-2D 0.039 
2D FCN 0.053 
2D SGCN 0.045 
2D ResNeXt 0.056 
2D U-Net 0.059 

 

4.4.2 3D CNN Model Architecture Selection 

Six model architectures for 3D CNN were trained: standard 3D CNN, ResNet-3D, DenseNet-

3D, 3D FCN, 3D SGCN and 3D ResNeXt. These are shown in Figures 4.14 to 4.19 and the 

codes that were used to create and train them are shown in Appendices N to S. The input to 

each model architecture was the 3D spectrogram plots obtained as described in section 4.3. The 

spectrogram plots were input as volumetric spectrogram data discretized over wavelength and 

frequency with amplitude as a voxel intensity across a third dimension. Therefore, the input of 

these models was a tensor with a shape of (batch_size, wavelength_bins, frequency_bins, 

depth, channels) = (2338, 26, 21, 3, 1).  
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Figure 4.14 Architecture of standard 3D CNN that was trained in this study. The training hyperparameter for this 
model were batch size =16, epoch = 50, optimizer = adam 

 

 
Figure 4.15 Architecture of ResNet-3D model that was trained in this study. The training hyperparameter for this 
model were batch size =16, epoch = 50, optimizer = adam 

 

 
Figure 4.16 Architecture of DenseNet-3D model that was trained in this study. The training hyperparameter for 
this model were batch size =16, epoch = 50, optimizer = adam 
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Figure 4.17 Architecture of 3D FCN model that was trained in this study. The training hyperparameter for this 
model were batch size =16, epoch = 50, optimizer = adam 

 

 
Figure 4.18 Architecture of 3D SGCN model that was trained in this study. The training hyperparameter for this 
model were batch size =16, epoch = 50, optimizer = adam 

 

 
Figure 4.19 Architecture of 3D ResNeXt model that was trained in this study. The training hyperparameter for this 
model were batch size =16, epoch = 50, optimizer = adam 

 

The calculated SECF values of each of the 3D model architectures are shown in Table 4.2. 

Based on these values, the ResNet-3D was chosen as the 3D architecture for the remainder of 

this study. 
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Table 4.2 SECF values of each 3D model architecture on the validation dataset 

3D CNN architecture Validation dataset SECF (ppm) 
Standard 3D CNN 0.030405 
ResNet-3D 0.029312 
DenseNet-3D 0.030514 
3D FCN 0.031078 
3D SGCN 0.089430 
3D ResNeXt 0.054488 

 

4.5 Conclusion 

DenseNet-2D and ResNet-3D were the best 2D and 3D model architectures, respectively, that 

were selected for comparison of performance of 2D and 3D CNN for HS reflectance data for 

Au grade estimation. Therefore, the performance of these models was evaluated and compared. 

The details of this comparison are described in the next chapter. 
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Chapter 5 : Model Training and Results 

 

5.1 Correlation Analysis 

The DenseNet-2D and ResNet-3D models, selected as the best-performing 2D and 3D 

architectures respectively, were further evaluated to compare their performance for Au grade 

estimation. However, prior to training and evaluation of these models, dataset correlation was 

investigated for relationships between features in the reflectance spectra and the Au grade 

values. This aimed to determine if there were patterns in the features of the spectra that the 

algorithms learned to make predictions for Au grade during the model architecture selection 

process or if the predictions that the models made were only by chance. Therefore, to 

investigate the features of the reflectance spectra that could have been used in making 

predictions, the Au grade values of the whole dataset were split into classes, and the reflectance 

spectra of each class were plotted to observe variations in reflectance and absorption features 

with variations in Au grade values (Prado et al., 2023).  

 

To determine the cut-off grades of the Au grade classes, the distribution and range of the grade 

values were determined by use of a histogram (Figure 5.1). The histogram showed that the Au 

grade values had a positive skew and that 3000 (75%) were below 0.625 ppm. Therefore, a 

scatter plot of the Au grade values below 0.625 ppm was also plotted, (Figure 5.2). The plot 

showed that the lowest Au grade value of the whole dataset was 0.005 ppm, which is above 

0.001 ppm, the high-grade domain-specific cut-off grade for drill core from iron oxide copper-

gold (IOCG) deposits and Olympic dam deposit (Zhu, 2016). Therefore, because 75% of the 

Au grade values of the whole dataset was below 0.625 ppm and because the lowest Au grade 

value was above the high-grade domain-specific cut-off grade used for IOCGs, the data were 
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split into quartiles but not according to IOCG and Olympic dam grade benchmarks because Au 

grade was high in this dataset. Besides, splitting the grade data into quartiles would also ensure 

that all the Au grade classes would have the same number. Therefore, the splitting of the data 

into quartiles resulted into quartile class ranges shown in Table 5.1 and Figure 5.2.  

 

 
Figure 5.1 Histogram of Au grade values of the data that were used to train, validate and test the models. The data 
points are also plotted above the histogram to show their skewness. The quartile cutoff grades are shown by the 
blue, green and red lines. 

 

Reflectance spectra corresponding to Au grade values in each quartile class were plotted to 

observe trends in the features of the spectra with variation in Au grade (Figure 5.3). In general, 

reflectance decreases from an average of 0.10 to 0.08 as the Au grade increases from a lower 

quartile to a higher quartile. This could be expected as Au mineralisation in this deposit is 

associated with copper sulfides and a host mineralogy of spectrally weak minerals. Therefore, 

the reflectance would decrease with increasing Au grade.  
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Figure 5.2 Scatter plot of 3000 Au grade data points that were below 0.625 ppm. These points make up 75% of 
all the Au grade points in the data. The quartile cutoff grades are shown by the blue, green and red lines. 

 

Decrease and increase in some of the spectral features of the samples from the lower quartile 

to the higher quartiles were also observed. One feature that showed a trend with increasing Au 

grade values across the quartiles was the broad absorption feature at 800–900 nm shown in 

Figure 5.3. This feature is characteristic of iron oxide as hematite. Across the quartile classes, 

it was observed that this absorption feature increased in the spectra as Au grade increased 

towards the centre of the deposit. This observation correlates with the occurrence of hematite 

and the association of hematite with Au mineralisation in this deposit. In the deposit, hematite 

becomes abundant towards the core of the deposit at which high Au mineralisation occurs 

(Ehrig & Kamenetsky, 2012). The increase in the hematite towards the centre of the deposit is 

due to replacement of magnetite by the hematite as the magnetite becomes further oxidised. 
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Therefore, this explains why this 800-900nm absorption feature of hematite increases with 

increasing Au grade across the quartile classes. Furthermore, hematite replacement of sericite 

occurs further towards the centre of the deposit, and this also explains why this absorption 

feature increases with increasing Au grades which are associated with hematite towards the 

centre of the deposit. 

 

Table 5. 1 Table of quartiles and their corresponding Au grade ranges that data was split into 

Quartiles Quartile Au grade range 
Q1 0.005 – 0.05 ppm 
Q2 0.05 – 0.26 ppm 
Q3 0.26 – 0.59 ppm 
Q4 0.59 – 30 ppm 

 

 
Figure 5.3 Reflectance spectra of corresponding quartiles (Q1, Q2, Q3 and Q4) that the data were split into. The 
quartile ranges and number of samples in the quartile are shown next to each quartile number on the upper left. 

 

A prominent feature that also shows a change as Au grade increased was the feature at 1400 

nm. This spectral feature is caused by OH bonds present in hydrous minerals including sericite, 

and it decreases with increasing Au grades across the quartile classes as shown in Figure 5.3. 
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The decreasing trend of this absorption feature from the lowest quartile to the highest quartile 

correlates with the occurrence of sericite and Au mineralisation in the deposit. Sericite is 

abundant at the centre of the deposit and is associated with Au mineralisation (Reynolds, 2000). 

However, hematite alteration of the sericite occurs towards the deposit’s core and causes its 

reduction (Reynolds, 2000). Therefore, this explains why this absorption feature was more 

pronounced in the lower quartiles of Au mineralisation and gradually disappears with 

increasing Au mineralisation towards the centre of the deposit. The diagnostic sericite features 

at 1900 nm (H2O) and 2200 nm (Al-OH) show the same decreasing trend, confirming the 

progressive replacement of hydroxyl-bearing sericite by hematite in high-grade zones. 

 

These increasing and decreasing trends in the absorption and reflectance features of the 

reflectance spectra with increasing Au grade in the quartile classes provide evidence for 

correlation of spectral features with Au grade in the dataset. Therefore, it is deduced that there 

are patterns in the reflectance data that the algorithms can learn and use to make predictions 

for new data.  

 

However, most of the features that were observed to change with increasing Au grade seem to 

decrease with increasing Au grade values. Therefore, these spectral features were enhanced 

using continuum removal to make them more pronounced for the algorithms to capture them 

and use them for prediction, especially for those associated with higher Au grades. The 

resulting continuum removed reflectance spectra of each quartile are shown in Figure 5.4.  
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Figure 5.4 Continuum removed reflectance spectra of corresponding quartiles (Q1, Q2, Q3, Q4) that the data were 
split into. The quartile ranges and number of samples in the quartile are shown next to each quartile number on 
the upper right. 

 

5.2 DenseNet-2D and ResNet-3D Model Training, Results and Comparison 

 

5.2.1 DenseNet-2D and ResNet-3D Model Training and Results 

Continuum removed 2D and 3D spectrograms were used to train the DenseNet-2D and ResNet-

3D models that were selected for this study. However, the effect of this continuum removal of 

the spectra on the accuracy of Au grade estimation for these models was also investigated by 

comparison of accuracies determined from original reflectance spectra without continuum 

removal. The continuum was removed from the average spectra that were obtained from data 

cleaning described in section 4.1 using python code shown in appendix T. Continuum removal 

divides reflectance at a wavelength by continuum reflectance at that specific wavelength, thus: 

𝑅𝑅𝐶𝐶𝐶𝐶 = 𝑅𝑅(𝜆𝜆)
𝐶𝐶(𝜆𝜆)

.     (Equation 5.1) 

where 𝑅𝑅𝐶𝐶𝐶𝐶 is the continuum removed reflectance, and 𝑅𝑅(𝜆𝜆) and 𝐶𝐶(𝜆𝜆) are the reflectance and 

continuum reflectance at a specific wavelength, respectively. After continuum removal, the 
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spectra were converted to 2D and 3D spectrograms and normalized using min–max 

normalization as described in section 4.2. The 2D and 3D continuum removed and original 

spectrograms were then split into 60% training, 20% validation and 20% testing data for each 

of the datasets using the stratified argument of train-test described in section 4.3. The data were 

split into these proportions to ensure that there was more data for training the models to make 

them robust. The training data for continuum removed and original 2D and 3D spectrograms 

were used to train DenseNet-2D and ResNet-3D models with the same hyperparameters and 

parameters used to train the model in model architecture selection described in section 4.4. The 

validation datasets were used to tune the hyperparameters. The accuracy of Au grade estimation 

of the models was determined by making predictions for the testing data and calculating root 

mean squared error (RMSE). The results of these tests are shown in Table 5.2.  

 

The original 3D spectrograms model achieved an RMSE of 0.651 ppm, which was higher than 

0.342 ppm that the model achieved during model architecture selection without normalization 

of the reflectance spectra. Therefore, another ResNet-3D model was trained without 

normalization of the reflectance spectra using the same hyperparameters and parameters as 

those used with normalized spectra and this model achieved a RMSE of 0.238 ppm. For 

comparison of this non-normalization on 2D and 3D CNN, another DenseNet-2D model was 

trained without normalization of the reflectance spectra using the same hyperparameters and 

parameters and was also tested. The results of these training and testing are also shown in Table 

5.2 and their comparisons are explored in the next section.  
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5.2.2 Comparison of the Accuracies of Prediction of DenseNet-2D and ResNet-3D 

DenseNet-2D and ResNet-3D achieved higher performance (i.e., lower RMSEs) for original 

spectrograms than for continuum removed and normalized spectrograms (Table 5.2). However, 

for original spectrograms, ResNet-3D had a higher performance than DenseNet-2D model. 

 

Table 5. 2 Table of RMSE of testing data for DenseNet-2D and ResNet-3D 

DenseNet-2D RMSE (ppm) ResNet-3D RMSE (ppm) 
Continuum 
removed 2D 
spectrograms 

Normalized 2D 
spectrograms 

Non-normalized 
2D spectrograms 

Continuum 
removed 3D 
spectrograms 

Normalized 
3D 
spectrograms 

Non-
normalized 3D 
spectrograms 

0.875 0.738 0.531 0.567 0.651 0.238 
 

Although ResNet-3D achieved a higher performance with a RMSE of 0.238 than all models, 

this RMSE was still high for a dataset that has a range of 0.000–0.625 ppm for 75% of all Au 

grade values because if this error was to be subtracted or added to the highest grade value of 

this range, as shown by equations 5.2 and 5.3, 0.387 ppm would be the predicted Au grade 

value for the sample and this would under-estimate the Au grade value.  

0.625 𝑝𝑝𝑝𝑝𝑝𝑝 − 0.24 𝑝𝑝𝑝𝑝𝑝𝑝 = 0.387 𝑝𝑝𝑝𝑝𝑝𝑝   (Equation 5.2) 

0.625 𝑝𝑝𝑝𝑝𝑝𝑝 + 0.24 𝑝𝑝𝑝𝑝𝑝𝑝 = 0.865 𝑝𝑝𝑝𝑝𝑝𝑝   (Equation 5.3) 

Therefore, this RMSE was too large for the dataset range. Thus, the ResNet-3D model was 

trained and evaluated on the quartile datasets to determine if this high RMSE was not resulting 

from the subtle features in the spectral data of the highest Au grade data because it was observed 

in correlation analysis (section 5.1) that the absorption and reflectance features of these 

reflectance spectra were not pronounced. These subtle features would not be captured and 

learned by the models and would cause a high RMSE, especially because these quartiles have 

high grade values which would result in large differences in predicted and actual grade values 
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and the RMSE is more sensitive to the large differences of the dataset as the differences are 

squared before the application of the square root. 

 

The ResNet-3D model achieved a RMSEs of 0.0161 ppm on the Q1 testing dataset, 0.067 ppm 

on the Q2 testing dataset, 0.091 ppm on the Q3 testing dataset and 0.404 ppm on the Q4 testing 

dataset. It was evident that the RMSE increased with increasing Au grade across the quartiles. 

Therefore, this verified that the RMSE of 0.238 ppm that the ResNet-3D model achieved on 

the representative grade dataset, in which all quartile classes were represented, resulted mostly 

from the highest grade data in the Q4 range. Therefore, all the model architectures that had 

been trained and tested in model architecture selection in section 4.4 were trained and tested 

again on the quartile dataset using the same hyperparameters and parameters to determine if 

the model accuracy that was achieved by these in model architecture selection also resulted 

from the highest Au grade data. The RMSEs of all the models on the quartile datasets are shown 

by Tables 5.3 and 5.4. 

 

Table 5. 3 Table of RMSE of quartile testing datasets for 2D CNN models 

 Q1 RMSE (ppm) Q2 RMSE (ppm) Q3 RMSE (ppm) Q4 RMSE (ppm) 
ResNet-3D 0.0161 0.067 0.091 0.404 
DenseNet-3D 0.0163 0.067 0.092 0.404 
Standard 3D CNN 0.0164 0.070 0.092 0.405 
3D FCN 0.0164 0.697 0.118 1.722 
3D SGCN 0.0267 0.162 0.413 1.069 
3D ResNeXt 0.981 0.855 0.599 1.076 

 

Table 5. 4 Table of RMSE of quartile testing datasets for 3D CNN models 

 Q1 RMSE (ppm) Q2 RMSE (ppm) Q3 RMSE (ppm) Q4 RMSE (ppm) 
DenseNet-2D 0.025 0.063 0.092 2.276 
VGG16 CNN 0.015 0.175 0.286 2.270 
Standard 2D CNN 0.015 0.062 0.093 2.218 
ResNet-2D 0.049 0.118 0.089 2.276 
2D FCN 0.016 0.063 0.091 2.270 
2D SGCN 0.020 0.068 0.180 2.292 
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2D ResNeXt 0.019 0.076 0.122 2.207 
2D U-Net 0.016 0.063 0.093 2.275 

 

Although the application of the ResNet-3D models and the rest of the CNN models used in this 

study suggested that the subtle features in the spectra were the cause of the high RMSE of the 

model to the representative dataset, as evident from the tables 5.3 and 5.4, another factor that 

could have contributed to the high RMSE is imbalance and scarcity of data in the high Au grade 

ranges. It is evident from the histogram plotted in figure 5.1 that in the highest Au grade ranges 

there is sparse density of the Au grades, which suggests that there are less data in those ranges 

for the models to learn from.  Therefore, this could have been a possible contributor to the high 

RMSE of the ResNet-3D model on the representative datasets.
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Chapter 6 : Discussion 

 

Thus far in this study, DenseNet-2D and ResNet-3D were selected as the best architectures for 

the 2D (two-dimensional) and 3D (three-dimensional) spectrogram representations, 

respectively. They were compared for Au grade estimation as described in the previous chapter. 

The results of this comparison are discussed in this chapter. 

 

6.1 DenseNet-2D and ResNet-3D Model Accuracies and Performance for Ore Grade 

Estimation 

Although DenseNet-2D and ResNet-3D models with different primary architectures were 

compared for comparison of 2D and 3D CNN models for ore grade estimation, the difference 

in their primary architecture design did not bias the results of this study because they were the 

best primary architectures for the spectrograms at each dimension, which is a fundamental 

factor that affects the performance of deep learning models. The selection of these models was 

done through an evaluation of different architectural designs of 2D and 3D CNN models, of 

which the models were trained at matching model capacities to ensure the same parameter 

count of the models at each dimension for a fair benchmark. The multiple model architectures 

included DenseNet and ResNet in both the 2D and 3D CNN model architectures. In 2D, 

DenseNet-2D achieved the lowest squared error cost function (SECF) among all the 2D CNN 

architectures on the validation dataset and in 3D, ResNet-3D achieved the lowest SECF among 

all 3D CNN architectures on the validation dataset. These were selected as the best 

architectures for those CNN dimensions. Therefore, since these architectural designs were the 

best among a range of architectural designs that included both DenseNet and ResNet in 2D and 

3D, the comparison of the DenseNet-2D and ResNet-3D models for comparison of 2D and 3D 
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CNN models is not affected by the difference in architectural design. Rather, the difference in 

performance between these two models was due to the difference in the dimensions of the CNN 

models.  

 

The ResNet-3D models outperformed the DenseNet-2D models on non-normalized, 

normalized and continuum removed spectrograms with root mean squared error (RMSE) 

values of 0.238 ppm, 0.651 ppm and 0.567 ppm, respectively, which were lower than the 

RMSEs 0.531 ppm, 0.738 ppm and 0.875 ppm, respectively, that the DenseNet-2D models 

achieved on 2D spectrograms. This difference in performance of ResNet-3D and DenseNet-2D 

CNN models on spectrogram representations of HS reflectance data for ore grade estimation is 

comparable to the differences in performance of 3D and 2D CNN models reported in literature 

about geological mapping and classification of HS images. In geological mapping and 

classification, 3D CNN models classify HS images with higher accuracies than 2D CNN 

models because the former extract not only the spatial correlations of features but also the 

spectral features in 3D of the images, unlike the latter which extract only the spatial correlation 

of features (Figure 6.1a) (Liu et al., 2021). Therefore, these results here imply that expression 

of frequency, wavelength and amplitude in 3D spectrograms enabled access of more features 

for ResNet-3D models than the expression of these components in 2D for DenseNet-2D 

models. Thus, the ResNet-3D models extract not only the features from the relationship 

between frequency and wavelength, but also the features from the amplitude dimension of the 

3D spectrograms, which were more than the features extracted only in the relationship between 

frequency and wavelength in 2D by the DenseNet-2D models. In the spectrograms, the spatial 

features extracted by CNN models in 2D in classification for HS image would be the 

relationship between frequency and wavelength, as shown by Figures 6.1b and 6.1c, and the 
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spectral features extracted from HS images in 3D would be the amplitude in the 3D 

spectrograms, as shown by Figure 6.1c.  

 

 
Figure 6.1 Illustration of extraction of spatial and spectral features from HS images and the application of this 
extraction in 3D spectrogram. (a) Hyperspectral image showing the extraction of spatial features in 2D and the 
extraction of spectral features in 3D. This extraction collectively makes for extraction in 3D. (b) 2D spectrogram 
representations of reflectance data used in this study showing the extraction of spatial features from frequency 
and wavelength relationship (c) 3D spectrogram representation used in this study showing the extraction of spatial 
features from frequency and wavelength relationship, and extraction of spectral feature in a third amplitude 
dimension. 

 

Time–frequency analysis further explains the access of more features in 3D spectrograms. In 

time–frequency analysis, expression of a function 𝑓𝑓 and expression of the frequencies of the 

function 𝐹𝐹 are two different equivalent representations of the same object (Gröchenig, 2001). 

This means that a function and the frequencies of the function have different features and 

enable access of different features. However, when the frequencies are expressed in terms of 

time, features from both the function and the frequencies are accessed in time-frequency, 

thereby allowing access of more features in frequency vs time than in frequency only. Applying 
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this to spectrogram representations of reflectance data, which are computed using the Fourier 

transform like the spectrograms computed in time-frequency analysis, the frequencies 

computed from reflectance using the Fourier transform and the reflectance have different 

features. Expressing the frequencies over wavelength, accesses features from both the 

frequencies and reflectance, whose features are expressed in amplitude in the spectrograms. 

Therefore, expression of amplitude as a third dimension in 3D spectrograms enabled the 

ResNet-3D models to access not only the features in frequency that are accessed in 2D from 

the relationship of frequency and wavelength but also the features in reflectance that are 

expressed in amplitude which are not accessed by 2D CNN models because these latter models 

can only capture features that are in the relationship between frequency and wavelength as 

shown in Figure 6.1b. Thus, this implies that, to make the estimations, the ResNet-3D models 

access and use more features for the expression of frequency over wavelength than the 

DenseNet-2D models. 

 

The performance of the ResNet-3D and DenseNet-2D models were further investigated by 

training and testing the models on quartile datasets. The 3D and 2D CNN models with different 

primary architectures that were trained in model architecture selection were also trained and 

tested on quartile datasets. Most of the 2D models including the DenseNet-2D models achieved 

lower errors in Au grade estimates than 3D models on the lower Au grade quartile datasets, 

which had pronounced absorption and reflectance features in the spectra, as shown by RMSEs 

in Tables 5.3 and 5.4. Conversely, most of the 3D models achieved lower errors in Au grade 

estimates than 2D models on the higher Au grade quartile datasets, which had subtle features 

in the spectra as shown in Tables 5.3 and 5.4. These results show that, even though the ResNet-

3D models outperformed the DenseNet-2D models on the non-normalized, normalized and 

continuum removed representative datasets that had all quartiles represented in them, the 2D 
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models outperformed the 3D models on some of the quartile datasets, especially those in which 

absorption and reflectance features in the spectra were pronounced. However, these results also 

show the robustness of the ResNet-3D models and the other 3D CNN models for data in which 

subtle features existed in the spectra. This suggests that, in the non-normalized, normalized and 

continuum removed representative datasets, where all quartile datasets were represented in the 

training, validation and testing datasets, making it harder for the CNN models to identify and 

capture data with subtle features due to bias towards data with pronounced absorption and 

reflectance features, the ResNet-3D models and other 3D CNN models were able to capture 

and make use of the spectra with subtle features than the DenseNet-2D models. Therefore, the 

ResNet-3D models would be beneficial in a production environment where models are trained 

on representative datasets and used to estimate Au grades from spectra of unknown Au grade 

quartile class because these models would estimate Au grade with higher accuracy compared 

to DenseNet-2D models because they would have learned even the subtle features in some 

spectra in the representative datasets that they would have been trained on. 

 

The ResNet-3D models outperforming DenseNet-2D models on all representative datasets 

implies that the former models achieved individual point Au grade predictions that were closer 

to the actual individual Au grade values that were determined from fire assay. Furthermore, 

most 3D CNN models outperforming most 2D CNN models on the quartile datasets that had 

subtle features in spectra than 2D CNN provided further evidence for the robustness of 3D 

CNN models over 2D CNN models for datasets with subtle features. Therefore, these results 

provide collective evidence for higher accuracies of ore grade estimation by ResNet-3D models 

than DenseNet-2D models, and that, in application of CNN for ore grade estimation from drill 

core HS data in frequency domain, 3D CNN models should be considered. However, when 

applied to other kinds of datasets for ore grade estimation of other minerals, the best 
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architectures for the data representation of such datasets should be investigated first because 

the performance of the architectures may be influenced by the data representation of the 

datasets. 

 

6.2 Normalization of Spectrograms for ResNet-3D and DenseNet-2D CNN Models 

One of the most significant results from the study was that both the ResNet-3D and DenseNet-

2D models obtained better performance in Au grade estimation on the non-normalized 

spectrograms than on the normalized spectrograms. The ResNet-3D and DenseNet-2D models 

achieved RMSEs of 0.238 ppm and 0.531 ppm on the non-normalized 3D and 2D 

spectrograms, respectively, and RMSEs of 0.651 ppm and 0.738 ppm on the normalized 3D 

and 2D spectrograms, respectively. The normalization of the spectrograms was done to remove 

any variation that existed among the reflectance spectra as a result of differences in acquisition. 

This was done by scaling the reflectance to the same range, which would stabilize the CNN 

models when applied to the data. However, this normalization caused an increase in RMSE. 

Therefore, to determine the reason for the increase in RMSE in the normalized spectrograms, 

the non-normalized and normalized spectra from the same interval of the same drill core were 

plotted to determine any difference in the spectra (Figure 6.2). The reflectance spectra were 

plotted over the spectrograms because any variations in features would be visible in the 

absorption or reflectance features in reflectance. The two plots showed that there was no 

difference in shape of the absorption and reflectance features between the normalized and non-

normalized spectra but only that the former were scaled to reflectance values between 0 and 1 

while the non-normalized reflectance spectrum was plotted in the acquired reflectance values. 

It is known that reflectance is a measure quantified between 0 and 1. Therefore, it is deduced 

that, since reflectance was already acquired as values between 0 and 1, normalising the 

spectrograms by scaling them to between 0 and 1 distorted the features that were already scaled, 
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which lowered the accuracy of Au grade estimation based on them. Therefore, normalization 

of spectrograms transformed from reflectance spectra by min-max method should not be 

considered, because reflectance is naturally scaled to between 0 and 1. Furthermore, this result 

also highlights that little is known about the effects of normalization and the different 

techniques of normalization on different kinds of datasets; therefore, future studies should 

investigate these effects on different kinds of datasets, including HS reflectance data and 

spectrograms. 

 

 
Figure 6.2 Original (left) and Normalized (right) reflectance spectra of 300 – 302 m interval of drill core RD76. 
Both spectra have the same absorption and reflectance features. 

 

6.3 CNN Model Performance on Reflectance Spectra with Subtle Features 

The ResNet-3D and all 3D CNN models outperformed the DenseNet-2D models and all other 

2D CNN models on higher quartile datasets with subtle features in spectra. This provides 

evidence for better accuracy and performance for Au grade estimation by 3D CNN models 

from spectra with subtle features. However, all the CNN models that were trained in this study, 

performed poorly on the higher quartile datasets than on the lower quartile datasets. This 

highlights that CNN models generally perform poorly on spectra with subtle features and that 

those subtle features cause high RMSEs in ore grade estimation regardless of the dimensions 
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of CNN models. Therefore, it is necessary to analyse the reflectance spectra prior to the training 

of models, to not only determine if the spectra and the grades have patterns and relationships 

that the models can learn and use to make prediction for new data but also to determine if subtle 

features exist in the spectra that the models cannot capture and learn. Therefore, techniques 

that could enhance these features should be applied in order to reduce the chances of over- or 

underestimation of ore grades. Furthermore, the analysis would also be beneficial in a 

production environment where an acquired spectrum with an unknown grade can be analysed 

prior to grade estimation to determine if it is likely to result in over- or underestimation of such 

grade so that other complementary techniques of grade estimation can be applied to prevent 

over- or underestimation of ore grades. 

 

Moreover, since both the ResNet-3D and DenseNet-2D models obtained higher RMSEs on the 

continuum removed spectrograms than on the original spectrograms, which was another 

unexpected result of the study, it highlights that more research must be done on how subtle 

features in reflectance can be enhanced for spectrograms for accurate estimation of ore grades. 

Continuum-removal was applied to the reflectance spectra that had subtle features that were 

observed in the higher Au grade quartile datasets. This was done to enhance features so that 

they would be pronounced in the spectrograms and consequently be captured by the models to 

increase the accuracy of grade estimation. However, it decreased the accuracy by increasing 

the RMSE. Therefore, this showed that continuum-removal does not enhance subtle features 

in the spectrograms. Instead, it was observed that continuum removal reduced the size of the 

spectrograms in both 2D and 3D from the original spectrograms (Figure 6.3), which reduced 

some of the features that were accessible to the models to learn and use to make predictions for 

new data. Thus, this showed that more studies on how subtle features in reflectance can be 

enhanced for spectrograms should be done because the continuum removal that was used did 
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not enhance features in spectra but instead reduced the features in the spectrograms. This would 

be contributory as these features may be associated with target ore grades in other datasets as 

they are in this study and they should be enhanced to prevent over- or under-estimation of the 

target ore grades. 

 

 
Figure 6.3 Continuum-removed and original 3D spectrograms for the interval 300-303 m of drill core RD76. 
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Chapter 7 : Conclusion 

 

The effects of increasing the dimensions of convolutional neural network (CNN) from 2D (two-

dimensional) to 3D (three dimensional) on the accuracy and performance of ore grade 

estimation from hyperspectral (HS) reflectance data in the frequency domain were investigated 

by training and comparing the accuracies of DenseNet-2D and ResNet-3D models on 2D and 

3D spectrograms. The results of this comparison were supported by comparing the accuracies 

of other multiple 2D and 3D CNN models, from which the selection of DenseNet-2D and 

ResNet-3D models as the best 2D and 3D CNN models for the spectrograms that were used 

was done in this study. The effects of increasing the dimensions of CNN from 2D to 3D on the 

accuracy and performance of ore grade estimation were investigated because the accuracy of 

ore grade estimation by CNN reported in the literature was still not highly satisfactory. 

Therefore, this study endeavoured to investigate if grade estimation errors can be decreased by 

increasing the dimension of CNN from 2D to 3D, as this has proven to increase the accuracy 

of HS image classification. Furthermore, there is inadequate research on how increasing the 

dimensions of CNN from 2D to 3D affects accuracy from non-image data in which features 

lack spatial correlation, and this was achieved in this study on spectrograms, which were 

computed from reflectance data. 

 

As discussed earlier, the ResNet-3D models outperformed the DenseNet-2D models based on 

lower RMSEs on non-normalized, normalized and continuum removed spectrograms. In 

addition, the ResNet-3D models and the other 3D CNN models outperformed the DenseNet-

2D models and the other 2D CNN on the quartile datasets that had subtle features in the spectra. 

These results not only showed that increasing the dimensions of CNN from 2D to 3D increases 
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the accuracy of ore grade estimation from HS reflectance data in the frequency domain, but 

also that 3D CNN models, compared to 2D CNN models, are more robust for subtle features 

in some reflectance spectra. The subtle features, which cause poor accuracy of grade 

estimation, were identified in the higher quartile datasets of the Au grade data used in this study 

and were not enhanced by continuum removal in the spectrograms for identification by the 

CNN models. Therefore, while research is required on how these features can be enhanced for 

capturing by CNN models, as continuum removal failed to enhance the features in the 

spectrograms, the application of 3D CNN models on the spectrograms for ore grade estimation 

should be considered because they are more robust for subtle features in the spectrograms and 

they lower the RMSE of grade estimation. 

 

Furthermore, the results provided evidence for the increase in accuracy by increase in the 

dimensions of CNN from 2D to 3D for ore grade estimation from non-image data. The 

spectrograms that were computed from the reflectance spectra did not have any spatial 

correlation of adjacent points, unlike in HS images which have spatial correlation of adjacent 

points on objects in the image. Instead, the spectrograms were a wavelength–frequency 

representation of the reflectance spectra and the features that extracted from the spatial axes in 

HS images were extracted from the relationship between the wavelength and frequency in the 

spectrograms. Therefore, the spectrograms did not have spatially correlated features that 

represent adject points of one object. Thus, these results showed that increasing the dimensions 

of CNN from 2D to 3D does increase accuracy of ore grade estimation from non-image data, 

though this remains underexplored in the application of HS data. 
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However, contrary to what is commonly reported in literature, the CNN models that were 

trained and evaluated in this study, both 2D and 3D, achieved lower RMSEs on the original 

non-normalized spectrograms. While this study did not confirm the underlying mechanisms by 

which this happened, one tentative explanation is that because reflectance was quantized 

between 0 and 1, the min–max normalization that was used in this study to normalize the 

spectra was unnecessary since it scaled a naturally scaled reflectance to between 0 and 1. 

Therefore, in the application of the 3D CNN models that achieve higher accuracy of ore grade 

estimation from spectrogram representation of reflectance spectra, min–max normalization 

should not applied. However, research should be done on the stability of these models and other 

normalization techniques that can be applied to the spectrograms to stabilize the 3D CNN 

models for ore grade estimation from these spectrograms. 
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Appendices 

 

Appendix A: Python code for plotting the reflectance spectra from the 300-302 m interval of 
drill core RD76 
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Appendix B: Python code for calculating average reflectance spectra and plotting the 
resulting spectra 
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Appendix C: Python code for STFT of reflectance spectra into 2D spectrogram 

 
 

 

  



68 
 

Appendix D: Python code for STFT of reflectance spectra into 3D spectrogram  
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Appendix E: Python code for stratified splitting of data into training, validation and testing 
datasets 

 
 

  



70 
 

Appendix F: Python code used to train the 2D VGG16 model  
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Appendix G: Python code used to train the standard 2D CNN model  
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Appendix H: Python code used to train the ResNet-2D model  
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Appendix I: Python code used to train the DenseNet-2D model  
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Appendix J: Python code used to train the 2D FCN model  
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Appendix K: Python code used to train the 2D SGCN model  
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Appendix L: Python code used to train the 2D ResNeXt model  
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Appendix M: Python code used to train the 2D U-Net model  
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Appendix N: Python code used to train the standard 3D CNN model 
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Appendix O: Python code used to train the ResNet-3D model 
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Appendix P: Python code used to train the DenseNet-3D model 
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Appendix Q: Python code used to train the 3D FCN model 
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Appendix R: Python code used to train the 3D SGCN model 
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Appendix S: Python code used to train the 3D ResNeXt model 
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Appendix T: Python code for computing continuum removed reflectance spectra for 2D 
continuum removed spectrograms 
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