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ABSTRACT 25 

26 

The study presents a new technique that combines hyperspectral imaging and machine learning to identify minerals. 27 

Overcoming the challenges of processing hyperspectral data, the solution offers a user-friendly hyperspectral 28 

analysis tool tailored for constructing datasets and enhancing mineral identification and concentration estimation. 29 

The tool integrates hyperspectral data processing with segmentation, simplifying complex operations and making 30 

mineral identification accessible to non-experts. The tool's capabilities extend to handling multi-spectral data 31 

efficiently, potentially leading to energy-efficient analysis when combined with dimensionality reduction 32 

techniques. Presented as a novel approach, it improves geological surveys in mining areas, enabling industrial 33 

applications and mineral research. 34 

35 
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1. Introduction 45 

The technique of material mapping known as hyperspectral imaging has long been employed in both aerial and 46 

spaceborne platforms for environmental investigations, change detection, and mapping of minerals and plants [1]. 47 

Exploration and sorting of minerals have shown progress with the introduction of hyperspectral imaging. According 48 

to Bauer [2], the method can be applied to the sorting of minerals; nevertheless, additional investigation is required 49 

to enhance the classification outcomes. Neville [3] discovered striking similarities in the unmixing of fraction 50 

images for specific minerals after comparing data from two aerial sensors. A thorough analysis of the application of 51 

hyperspectral imaging for mineral mapping was given by Sudharsan, who emphasized the significance of temporal, 52 

spectral, and spatial resolution[4]. The authors' previous study on Mineral Processing suggested that mineral species 53 

have unique spectral waveforms by using hyperspectral imaging [5]. These studies demonstrate how useful 54 

hyperspectral imaging can be for mineral discovery and investigation.  55 

56 

However, there are several difficulties associated with hyperspectral image analysis, such as frequent requirements 57 

for calibration, redundant data, and large data volumes [6]. Hyperspectral images are large, difficult to transmit and 58 

restore, and require expert analysis due to their distinctive properties [7]. Because of the limited spatial resolution 59 

and abundance of information, target recognition in hyperspectral images is challenging [8]. The special qualities of 60 

hyperspectral data, namely its high dimensionality and limited ground truth, increase the complexity of analyzing 61 

this data [9]. Additionally, aspects such as spectral mixing, degradation mechanisms, and limited spatial resolution 62 

further complicate hyperspectral data processing [10]. Despite these obstacles, hyperspectral target identification has 63 

a wide range of possible applications, which emphasizes the need for further studies in mining applications [11]. A 64 

number of these issues have been resolved by recent developments in deep learning, especially in the fields of 65 

transfer learning for multi-source image analysis, unsupervised, semi-supervised, and active learning techniques [12] 66 

which require expert analysis. 67 

68 

In the mining industry, hyperspectral image analysis, while with great potential, lacks immediacy and usability due 69 

to the above-mentioned challenges. This research thus presents a hyperspectral image analysis tool that could aid in 70 

addressing the aforementioned issues and simplify their processing: 71 

(1) Simple dataset creation for machine learning applications:  72 
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･Regions of Interest (ROIs) on loaded hyperspectral pictures can be selected to enable interactive labeling, making 73 

dataset generation simple. 74 

･This tool makes it easy to label hyperspectral photos, which have a larger data volume than regular RGB images, 75 

a task that was previously demanding.  76 

(2) Machine learning processing: 77 

･The MATLAB Machine Learning App is integrated to perform 34 different types of machine learning processing, 78 

such as Decision tree, Support Vector Machine (SVM), and other techniques. 79 

･Numerous machine learning strategies can be compared in classification and regression tasks via the combination 80 

of deep learning techniques such as Convolutional Neural Networks (CNN),  and MATLAB Classification learner 81 

and Regression learner. This has made button-driven, and user-friendly UI interactive machine learning processing 82 

possible, eliminating the need for specialized experience. 83 

(3) Mineral species identification and concentration estimation:  84 

･A robust system has been developed to aid mining operators in the identification of mineral species and 85 

calculation of mineral concentrations by combining the procedures described in (1) and (2). 86 

(4) Band selection for multispectral data processing:  87 

･Although hyperspectral images have a high spectral resolution, there are drawbacks, including the requirement for 88 

costly hyperspectral cameras, redundancy, and enormous data volumes. 89 

･In order to address these, this program allows users to select specific wavelengths to construct multispectral data 90 

from loaded hyperspectral data. This in principle, allows for the processing of multispectral data, this includes 91 

segmentation, machine learning, and dataset construction. 92 

(5) Visualization via Segmentation:  93 

･Segmentation allows for the visualization of the minerals present in examined mineral samples as well as their 94 

concentration levels. 95 

96 

2. Tool description 97 
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Dealing with the large dimensionality and multitudes of information in hyperspectral image processing poses a 98 

significant challenge [13]. Due to its intricacy, machine learning which is good at processing complex data and the 99 

creation of user-friendly tools are needed developments [14]. The tool allows users to (1) build and label data sets 100 

for machine learning, (2) perform machine learning (classification and regression), (3) compare machine learning 101 

performances, and (4) perform segmentation. This tool assists in processing advanced hyperspectral images with a 102 

simple button operation that does not require specialized expertise. More specifically, it can determine mineral 103 

species and estimate mineral concentrations without tedious complicated processing. A case study using this tool is 104 

included in Chapter 3, Experiment and analysis. 105 

106 

2.1. Operating procedure 107 

Figure 1 shows a flowchart for constructing a dataset for performing machine learning from hyperspectral data, as 108 

well as segmentation of the test data. The flowchart shown in Figure 1 can operated with a simple button press after 109 

the script is executed. The flowchart description is provided below: 110 

Firstly, when the script is executed, a screen for selecting hyperspectral data to be used for training via machine 111 

learning is displayed, and the user selects the data. This operation progresses until the user presses the cancel button, 112 

allowing multiple hyperspectral data to be loaded. Next, pre-process the loaded data. The tool selects the wavelength 113 

region to be used and defines the mean filter region for the acquired spectral data when selecting the ROI. Although 114 

the acquired hyperspectral data may contain noise, the quality of the data can be further improved by combining 115 

various noise reduction techniques that have been proposed such as averaging. After pre-processing the imported 116 

hyperspectral data, a dialog box will appear requiring the user to process either a hyperspectral or multispectral 117 

image. For the case where the user selects a multispectral image, multispectral data will be constructed from the 118 

input bands only, the same flow of events is seen for the case where hyperspectral is selected. Thereafter, the user is 119 

permitted to choose the machine learning task they wish to perform based on classification or regression as 120 

prompted by a dialog. Selecting the classification task will automatically drive toward the identification of mineral 121 

species while selecting the regression task will automatically drive toward the estimation of mineral concentrations. 122 

The ROI selection screen for creating the training data set is displayed after selecting a machine learning task. This 123 

operation completes the labeling of the dataset for machine learning. Once the dataset is built, the user can thus 124 

select the machine learning algorithm, either CNN or machine learning. When CNN is selected, the analysis is 125 
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automatically performed using CNN, and the progress of the model training and validation can be monitored via the 126 

learning curve. Hyperparameters can also be easily modified. When machine learning is selected, the MATLAB 127 

Classification Learner App is automatically launched for Classification, and the MATLAB Regression Learner App 128 

is automatically launched for the case of Regression likewise. Once launched, interactive instructions can be 129 

followed, allowing for machine learning hyperparameter tuning. Each app can run multiple machine learning tasks 130 

at a given time, allowing the user to pinpoint the best machine learning model. The user then selects a trained model, 131 

outputs it to the workspace, and moves on to the next operation. As a final operation, segmentation can be 132 

performed in both the Classification and Regression tasks on test data, this being data that has not been used for 133 

training the model. Performing this operation provides the user with graphical information that aids in the analysis 134 

of results. As indicated above, this system can provide useful support for the analysis of minerals using 135 

hyperspectral data by miners without the need for specialists. The visual representation of the execution screen is 136 

shown in Figure 2. 137 

138 
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workflow is executed seamlessly with a single button press, eliminating the necessity for expert intervention. The 151 

machine learning process is firmly integrated with MATLAB's interactive tools, enhancing user efficiency and 152 

workflow optimization. 153 

154 

3. Experiment and analysis 155 

3.1. Dataset descriptions 156 

In pursuit of mineral species classification and the estimation of mineral concentrations, we prepared the following 157 

samples. For the classification task case study; type of mineral, two distinct samples were employed: pure albite 158 

(NaAlSi3O8) and pure anorthite (CaAl2Si2O8). The challenge lies in their shared white color, rendering visual 159 

discrimination nearly impossible. The primary objective is to employ hyperspectral imaging to ascertain the ability 160 

to distinguish between these visually indistinguishable samples. Simultaneously, for the regression task, a series of 161 

powder samples were prepared and systematically adjusted in 20% increments of the mass ratio between ilmenite 162 

and albite (NaAlSi3O8). The sample was mixed by manually shaking the sample container. Regression analysis is 163 

used to estimate the mineral grade attributable to this careful preparation. The HS camera captured images of the 164 

sample in a darkroom environment, as depicted in Figure 3. The sample was illuminated from two directions using 165 

halogen lights to prevent shadows, and images were taken directly from above using the HS camera. The technical 166 

specifications of the camera are Spatial sampling is 512 pix and F/number is 1.7. The accompanying Table 1 167 

provides meticulous documentation of the specific composition breakdown in terms of area percentage and offers a 168 

comprehensive insight into the composition differences throughout the powder samples that were created. The 169 

reason for adjusting for area ratio rather than weight ratio is that the segmentation results need to be evaluated areal. 170 

These powder samples size distribution are arranged 150-250μm using a testing sieve. Wavelength of these 171 

samples are depicted in Figure 4 and Figure 5. 172 

Furthermore, we have employed this technique to study a number of other minerals, resulting in the publication of 173 

several papers reporting the outcomes of applying this method to a diverse range of minerals [5], [15]. These studies 174 

have validated the efficacy of our technique for a multitude of minerals. 175 

176 
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method for validating datasets to emphasize the significance of data quality for machine learning model accuracy 187 

[18]. Building on this, Feurer introduces a robust automated machine learning method that demonstrates its 188 

usefulness in a variety of applications by accounting for historical performance on similar datasets [19]. Together, 189 

these studies highlight how important reliable, high-quality data is for the success of machine learning. 190 

As such, this tool can perform several simple processes to improve the quality of data. 191 

(1) ROI Selection and labeling for learning data creation 192 

Through the extraction and labeling of targeted segments within the loaded hyperspectral data, this tool possesses 193 

the capability to formulate a training dataset characterized by minimal noise, particularly suitable for diminutive 194 

entities such as minerals. Users can pseudo-display the loaded hyperspectral data in the form of an RGB image, as 195 

illustrated in Figure 2. This presentation facilitates the designation of any specific region as the ROI, enabling the 196 

construction of a pertinent training dataset. Notably, within this tool, the chosen ROI undergoes concurrent labeling 197 

throughout the selection procedure, thereby eliminating redundant steps within the workflow, hence establishing a 198 

seamless and efficient operational process. In its ultimate manifestation, the tool generates an output in the form of a 199 

table containing the extracted spectra from the designated ROI, complete with their corresponding label names 200 

which are used for machine learning. 201 

202 

(2) Averaging process in the xy-plane of the spectrum 203 

The obtained hyperspectral data is comprised of wavelength data with spectral divisions exceeding 100 bandwidths 204 

along the z-axis (depth), in conjunction with two-dimensional planar data extending in the x and y directions (length 205 

and width). Within this dataset, the tool offers an averaging process, as depicted in Figure 6, wherein averaging 206 

occurs between adjacent pixels within the xy-plane. This computational operation serves to mitigate spectral 207 

irregularities, diminish noise, and enhance spatial uniformity. 208 

209 

Let D be the hyperspectral data of the region selected by the ROI, the size of D is x * y * band, and to average this to 210 

A, the data of 1*1*band, the following operation is performed for each band k. 211 

=  1 , ,212 

And where Di, j, k is the value of the kth band for the (i, j) pixel in D. The values of all pixels in each band are then 213 

summed and divided by the number of pixels to obtain the average spectrum A. 214 



௜,௝,ଵ௬௝ୀଵ௫௜ୀଵ ௜ ,௝,ଶ௬௝ୀଵ௫௜ୀଵ ௜,௝,௕௔௡ௗ௬௝ୀଵ௫௜ୀଵ



14

consists of hundreds of wavelength bands, to that of multispectral data, characterized by tens of wavelength bands, 228 

holds the potential for substantial reductions in both computational resources and economic costs. Other common 229 

methods for dimensionality reduction of hyperspectral data include UMAP and PCA [24], [25]. However, since they 230 

summarize the data into several dimensions, they are unable to perform wavelength selection. Nevertheless, they are 231 

effective in reducing the computational load, and therefore, UMAP and PCA are not used in this tool. 232 

Especially in the case of minerals where the wavelength band required for identification is limited according to a 233 

previous study by Sinaice et al [26]. Through the utilization of this tool, data processing has been achievable solely 234 

through the wavelengths designated by the user. Various methods for the dimensionality reduction of hyperspectral 235 

data have been proposed, and integrating this technique into this tool facilitates the processing of multispectral data 236 

composed of user-desired wavelength bands. Upon executing the program, an interactive dialog will prompt the user 237 

to select between processing hyperspectral data or multispectral data. Opting for multispectral data enables the 238 

processing of data with only the predetermined bands, as specified by the user. 239 

240 

3.4. Machine learning descriptions 241 

After hyperspectral data ROI selection and labeling by the user, machine learning is then performed using the 242 

created data table. These operations are performed seamlessly. The tool proposed in this paper uses a 1D-CNN 243 

model developed by the authors, and the machine learning model embedded in MATLAB's Classification Learner 244 

App and Regression Learner App. A description of their architecture is given below. 245 

246 

3.4.1. 1D-CNN 247 

A 1D CNN was viable for this tool since the spectral data handled by this tool is 1D data, making a low-cost 248 

implementation possible.  The 1D architecture for the classification task is shown in Table 2. The initial layer serves 249 

as the input layer, allowing for the initiation of 1-dimensional sequence data. Subsequently, convolutional layers 250 

follow suit. In Conv1, 32 convolutions of size 10 are performed with a stride of 1 and padding set to 'same'. Let the 251 

input signal x be of length n and the convolution kernel w be of length k. Furthermore, if the stride is s and the bias is 252 

b, the i-th element of the output y is computed as 253 

௜ݕ =  ෍ݓ௝௞ିଵ
௝ୀ଴ ௜∙௦ା௝ݔ + ܾ254 
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255 

Batch normalization and ReLU activation functions are applied to the output of Conv1. Conv2, the subsequent layer, 256 

conducts 64 convolutions of size 10 with the same stride and padding configuration. Batch normalization and ReLU 257 

activation follow Conv2. Letting z be the output of ReLu, the formula is shown below.  258 

௜ݖ 259 = (௜ݕ)ܷܮܴ݁ = max (0,  ௜)260ݕ

261 

Then, in the pooling layer, the Max pooling process is performed, and p is output. 262 

௜݌ 263 =  max௝ୀ଴,…,௞ିଵ  ௜∙௦ା௝264ݖ

265 

The model then employs a 1-dimensional global average pooling layer, leading to a final output layer consisting of 266 

two fully connected layers. The output of fully connected layers is shown below. Here W is weight of fully 267 

connected layer and b is bias. 268 

௝ߪ 269 = ෍)݊݋݅ݐܽݒ݅ݐܿܽ ௝ܹ௜ ௜݃௜ + ௝ܾ)270 

271 

The output layer applies a softmax activation function, and the model performs classification tasks using cross-272 

entropy loss.  273 

274 

ఫෝݕ =  exp (݋௝)∑ exp (݋௞)௞275 

276 

The regression task, as shown in Table 3, adopted the same architecture except for the last layer. 277 

278 

279 
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280 

Table 2 1D CNN architecture for classification task. 281 
Name Descriptions Type 

InputLayer Sequence input with 1 dimension Sequence Input 

Conv1 32 10 convolutions with stride 1 

and padding ‘same’ 

1-D Convolution 

BN1 Batch normalization Batch normalization 

ReLU1 ReLU ReLU 

Conv2 64 10 convolutions with stride 1 

and padding ‘same’ 

1-D Convolution 

BN2 Batch normalization Batch normalization 

ReLU2 ReLU ReLU 

GlobalAvgPool 1-D global average pooling 1-D global average pooling 

OutputLayer 2 fully connected layer Fully Connected 

Softmax Softmax Softmax 

ClassOutput crossentropyex Classification Output 

282 

283 
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284 

Table 3 1D CNN architecture for regression task. 285 
Name Descriptions Type 

InputLayer Sequence input with 1 dimension Sequence Input 

Conv1 32 10 convolutions with stride 1 

and padding ‘same’ 

1-D Convolution 

BN1 Batch normalization Batch normalization 

ReLU1 ReLU ReLU 

Conv2 64 10 convolutions with stride 1 

and padding ‘same’ 

1-D Convolution 

BN2 Batch normalization Batch normalization 

ReLU2 ReLU ReLU 

GlobalAvgPool 1-D global average pooling 1-D global average pooling 

OutputLayer 2 fully connected layer Fully Connected 

RegressionOutput Mean-squared-error Regression Output 

286 



18

287 

3.4.2. MATLAB Classification Learner App and Regression Learner App 288 

MATLAB Classification Learner App and Regression Learner App (MATLAB R2023b) are equipped with machine 289 

learning models listed in Table 4 and Table 5. The model type may differ depending on the version. By integrating 290 

with the proposed tool, the constructed training data can be analyzed seamlessly. High-speed computation is made 291 

possible by the ability to compute numerous machine learning models simultaneously when the Parallel Computing 292 

Toolbox is utilized. The capacity to handle data in parallel greatly improves the overall computing workflow's 293 

efficiency. A noteworthy aspect is the freedom users have in choosing training models, which enables the extraction 294 

and training of certain models that are best suited for the given task. The smooth interaction with the MATLAB 295 

environment is a significant advantage. This feature makes it possible for learned models to be relatively easy to 296 

produce, which allows for further segmentation procedures that are covered in the section that follows. Users can 297 

apply segmentation by simply exporting the trained models to the MATLAB workspace. This simplifies the entire 298 

analytical pipeline and promotes a unified workflow in the deployment of machine learning models. Detailed 299 

operating procedures are shown in the next and subsequent sections.  300 
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301 

Table 4 Machine learning models in MATLAB Classification Learner App. 302 
Name Name Name Name Name 

Fine Tree Gaussian Naïve 

Bayes 

Coarse Gaussian 

SVM 

Boosted Trees Wide Neural 

Network 

Medium Tree Kernel Naïve Bayes Fine KNN Bagged Trees Bilayered Neural 

Network 

Coarse Tree Linear SVM Medium KNN Subspace 

Discriminant 

Trilayered Neural 

Network 

Linear Discriminant Quadratic SVM Coarse KNN Subspace KNN SVM Kernel 

Quadratic 

Discriminant 

Cubic SVM Cosine KNN RUSBoosted Trees Logistic Regression 

Kernel 

Binary GLM 

Logistic Regression

Fine Gaussian SVM Cubic KNN Narrow Neural 

Network 

Efficient Linear 

SVM 

Medium Gaussian 

SVM 

Weighted KNN Medium Neural 

Network 

303 

304 
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305 

Table 5 Machine learning models in MATLAB Regression Learner App. 306 
Name Name Name Name Name 

Linear Regression Coarse Tree Coarse Gaussian 

SVM 

Rational Quadratic 

GPR 

SVM Kernel 

Interactions Linear Linear SVM Boosted Trees Narrow Neural 

Network 

Least Squares 

Regression Kernel 

Robust Linear Quadratic SVM Bagged Trees Medium Neural 

Network 

Stepwise Linear Cubic SVM Squared 

Exponential GPR 

Wide Neural 

Network 

Fine Tree Fine Gaussian SVM Matern 5/2 GPR Bilayered Neural 

Network 

Medium Tree Medium Gaussian 

SVM 

Exponential GPR Trilayered Neural 

Network 

307 
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3.5. Visualization and segmentation 308 

The trained model was trained using user-generated training data as described in the previous section. The trained 309 

model is then used to perform analysis based on test data that was not used for training. The procedural sequence 310 

unfolds with the execution of a MATLAB script, initiating the loading interface for hyperspectral data. Upon user 311 

selection and loading of the designated test dataset, the analysis process seamlessly progresses to its inference. 312 

Meticulous attention to detail is imperative, ensuring that the loaded test data aligns with the dimensions of the data 313 

previously employed for training. 314 

315 

3.5.1. Segmentation results for classification task 316 

Table 6 presents the outcomes of the validation of the machine learning model for segmentation. A total of 4239 317 

spectral data were utilized for training, while an additional 470 were reserved for validation purposes. The data 318 

breakdown is as follows: 80% training data, 10% validation data, and 10% test data. The data was classified using 319 

cross-validation on the same data set. As shown in Table 6, the highest performance was achieved with Quadratic 320 

Discriminant, which classified the validation data with 100% accuracy. It is crucial to recognize that choosing the 321 

right model parameters can have a big impact on how well training goes. Users are recommended to carefully tweak 322 

hyperparameters in their pursuit of the best machine learning model for segmentation. To ensure the best possible 323 

performance that meets their unique needs, this procedure is essential. The training duration for the Quadratic 324 

Discriminant model was approximately 5 seconds. However, it's interesting to note that other models were also 325 

being trained at the same time as this one.  Figure 7 presents the results of the test conducted using the MATLAB 326 

Classification Learner. Given that the test dataset is derived from the same source as the training dataset, the data 327 

exhibits greater consistency, which in turn leads to enhanced model accuracy. Furthermore, the similarity of the data 328 

distribution to the training data set contributes to the high performance of the model. It should be noted that the test 329 

data is not used for any training purposes and is not referenced as training data. The results of using the Quadratic 330 

Discriminant model to evaluate test data that had not been utilized before are displayed in Figure 8. The pseudo-331 

RGB picture obtained from the hyperspectral image is shown in the upper left figure; the segmentation result is 332 

shown in the upper right figure; the Ground Truth is shown in the bottom left figure; and the absolute difference 333 

between the segmentation result and the Ground Truth is shown in the lower right figure. It can be seen that the hues 334 

magenta or green visibly depict the amount of difference between the two photos in Figure 8's lower right panel. The 335 
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findings show that plastic containers have a lower discrimination performance because of their transparency, which 336 

causes them to blend in with the backdrop color. For albite and anorthite, on the other hand, the model shows 337 

accurate categorization skills. The hue of the difference in magnitude is either green or magenta. Figure 9 shows a 338 

histogram of the number of pixels in each class. In addition, Table 7 presents the segmentation results evaluation, 339 

indicating an 85% accuracy rate per pixel. When plastic container and background misclassifications are taken out 340 

of the equation, this accuracy supports the tool's effectiveness in mineral detection. These results highlight the 341 

model's potential for categorizing samples that are difficult for humans to visually identify. The idea of augmenting 342 

training data to improve segmentation accuracy points to potential directions for future improvements in the 343 

classification problem. 344 

345 

346 
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347 

Table 6 Machine learning models accuracy for validation data. 348 
Model Type Accuracy %  Model Type Accuracy %  

CNN 98.3 Medium KNN 99.0 

Fine Tree 97.3 Coarse KNN 92.9 

Medium Tree 94.1 Cosine KNN 99.3 

Coarse Tree 76.5 Cubic KNN 99.2 

Linear Discriminant 100.0 Weighted KNN 99.3 

Quadratic Discriminant 100.0 Boosted Trees 97.6 

Efficient Logistic Regression 53.4 Bagged Trees 98.6 

Efficient Linear SVM 79.9 Subspace Discriminant 99.9 

Gaussian Naïve Bayes 65.7 Subspace KNN 99.7 

Kernel Naïve Bayes 66.6 RUSBoosted Trees 95.8 

Linear SVM 99.9 Narrow Neural Network 100.0 

Quadratic SVM 100.0 Medium Neural Network 99.8 

Cubic SVM 100.0 Wide Neural Network 99.8 

Fine Gaussian SVM 99.7 Bilayered Neural Network 99.9 

Medium Gaussian SVM 99.3 Trilayered Neural Network 99.9 

Coarse Gaussian SVM 94.8 SVM Kernel 99.8 

Fine KNN 99.7 Logistic Regression Kernel 98.7 

349 

350 
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Figure 9 Histogram for machine learning results.
354 

Table 7 Evaluation results. 355 
Evaluation method Value 

Average difference 30.616 

Total difference 26486154 

Per-pixel accuracy rate 85.0185 % 

Average absolute error 30.616 

Structural Similarity Index (SSIM) 0.75694 

356 

Depending on the characteristics of the data to be load, overlearning may occur, and these must be addressed. In the 357 

case of this experiment, 100% classification accuracy was obtained for some of the models. It is thought that the 358 

accuracy was high because the learning data and test data originated from the same data, but the possibility of 359 

overlearning is also possible. Therefore, for the Quadratic Discriminant (QDA) method, which showed the highest 360 

performance, a scatter plot for each band is shown to estimate the degree of difficulty of classification. We used 361 
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Minimum Redundancy Maximum Relevance (MRMR) to extract the 5 most informative combinations and visualize 362 

their scatter plots. The MRMR allows us to extract feature sets that are maximally dissimilar to each other [27] and 363 

showed in Figure 10. The horizontal axis shows the Importance score and the vertical axis shows the Features. The 364 

top five bands with the highest information content (bands 1, 144, 10, 3, and 51) were extracted. For each of the five 365 

extracted bands, a scatter plot was created with each band on the vertical and horizontal axes. As shown in Figure 366 

11, the bands are classified as clusters even if only two axes are taken, and the high performance values exhibited by 367 

QDA in the experiment using this sample can be attributed to the interpretability of this data. 368 

369 

Figure 10 MRMR results. 
370 









30

lower right quadrant. It is important to understand that segmentation results are expressed as continuous values in 397 

the regression job, not as discrete values. In the regression task, the segmentation results are output as continuous 398 

values, not discrete values, so it is necessary to take into account that the color variation is also continuous. The 399 

segmentation is carried out with respect to the concentration of ilmenite, as shown by the segmentation result in 400 

Figure 15's upper right corner. Interestingly, it is found that the backdrop is almost correctly determined even though 401 

it is not explicitly present in the training data. These crucial findings imply that the suggested method has the 402 

potential to provide strong support for estimating ore grades. The link that has been seen between color 403 

representation and grade percentages suggests that this technique has the ability to offer precise and easily 404 

understood visual information about the grade of ilmenite samples. This feature puts the tool in a favorable position 405 

to simplify ore grade estimation, making it easier to use, more dependable, and easier to understand. Table 9 shows 406 

the evaluation values calculated from the segmentation results and the comparison with Ground Truth. The RMSE 407 

value is 58.0126, which is a guarantee of this tool’s reliability. 408 

409 
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410 

Table 8 Result of regression analysis using machine learning models. 411 
Model Type RMSE Model Type RMSE 

CNN 8.52   

Linear Regression 7.46 Boosted Trees 7.40 

Interactions Linear NaN Bagged Trees 5.95 

Robust Linear 7.48 Squared Exponential GPR 4.74 

Stepwise Linear NaN Matern 5/2 GPR 4.72 

Fine Tree 8.00 Exponential GPR 4.96 

Medium Tree 7.34 Rational Quadratic GPR 4.73 

Coarse Tree 7.15 Narrow Neural Network 5.48 

Linear SVM 12.00 Medium Neural Network 5.38 

Quadratic SVM 98.97 Wide Neural Network 5.36 

Cubic SVM 51656.60 Bilayered Neural Network 5.21 

Fine Gaussian SVM 5.86 Trilayered Neural Network 5.39 

Medium Gaussian SVM 6.80 SVM Kernel 11.41 

Coarse Gaussian SVM 8.04 Least Squares Regression Kernel 6.90 

412 
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Table 9 Evaluation results for machine learning. 416 
Evaluation method Value 

Mean absolute error (MAE) 3365.457 

Root Mean Square Error (RMSE) 58.0126 

Peak signal-to-noise ratio (PSNR) 12.8604 

Structural similarity index (SSIM) 0.85677 

417 

4. Limitations and future works 418 

Although our proposed system for hyperspectral data analysis has made significant advancements, it currently lacks 419 

a satisfactory level of interactivity. Users must manually alternate between script files when using the application, 420 

which could hinder the smooth incorporation of the tool into the workflow of researchers and industry professionals. 421 

To overcome this constraint and enhance the tool's usefulness, future efforts will primarily concentrate on 422 

converting it into a fully operational program with a graphical user interface (GUI). This progression seeks to 423 

eliminate the necessity of manual script switching, offering a more intuitive and participatory experience for users. 424 

Concurrently, future efforts should prioritize improving the UI of the tool by integrating functions such as drag-and-425 

drop capability, live visualization, and interactive feedback to enhance overall user-friendliness. In addition, the 426 

automation of typical workflows in identifying mineral species and estimating their concentrations, with the aim of 427 

enhancing the efficiency of the system continues to be a topic of investigation. To remain at the forefront of 428 

hyperspectral data analysis, future studies will use sophisticated machine learning algorithms and techniques. 429 

Additionally, they will actively solicit user feedback to continuously improve the analysis process based on practical 430 

experiences and increasing research needs. Meeting these demands, overcoming the highlighted constraint and 431 

ensuring the continued significance and efficiency of our tool in developing mineral-related research and industrial 432 

applications within the hyperspectral imaging field will require certain levels of continued development. 433 

434 

5. Conclusion 435 

The MATLAB-based hyperspectral analysis tool proposed in this paper has facilitated the straightforward analysis 436 

of hyperspectral data, overcoming the complexities that were previously associated with such tasks. Furthermore, 437 

when combined with machine learning tools, this system not only remains user-friendly but also empowers non-438 

experts to perform robust mineral identification without the need for expert intervention. In addition to its capability 439 
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for hyperspectral data analysis, the tool accommodates multi-spectral data, suggesting the potential for energy-440 

efficient analysis that eliminates the need for extensive computational resources when coupled with the 441 

dimensionality reduction techniques proposed in other studies. The proposed tool stands as an innovative solution 442 

that significantly advances the informatization of geological surveys in mining fields, performing resource-efficient 443 

analysis and reducing the overall computational footprint. 444 
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