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ABSTRACT 

 

Virtual Dimension (VD) procedure is used to analyze 

Hyperspectral Image (HIS) treatment-data in order to 

estimate the abundance of mineral components of a mining 

sample. Hyperspectral images coming from reflectance 

spectra (NIR region) are pre-treated using Standard Normal 

Variance (SNV) and Minimum Noise Fraction (MNF) 

methodologies. The endmember components are identified 

by the simplex growing algorithm (SVG) and after adjusted 

to the reflectance spectra of reference-databases using 

Simulated Annealing (SA) methodology. The obtained 

abundance of minerals of the sample studied is very near to 

the ones obtained using XRD with a total relative error of 

2%. 

 

Index Terms— Hyperspectral imaging, VD, SNV, 

MNF, SGA, XRD. 

 

1. INTRODUCTION 
 

Hyperspectral imaging (HSI) technique has been 

successfully applied in different fields such as agriculture 

[1], environment [2], among others, and it also has been 

proved as a promising technology in the study of the earth-

surface regarding its mineral composition [3]. Hyperspectral 

images consist of hundreds of contiguous and adjacent 

reflectance spectra of different areas of studied sample. The 

spectra cover bands ranging from Visible to Near Infrared 

(NIR) region, commonly between 0.3 to 2.5 μm with 

bandwidth ranging between 2 and 10 nm. The images can be 

monitored and collected by space-borne, air-borne, UAV-

based sensors or simply in the laboratory using a moving 

platform with hyperspectral cameras. HIS is rapid and non-

destructive technique that can provide quantitative 

information (abundances) of mineral composition of a 

sample, particularly of those containing carbonate minerals 

as calcite, aragonite and dolomite [4-9]. Hyperspectral 

images may be obtained from samples in any form: powders 

(as in our case), sands, broken, sawed or polished rock 

surfaces. The reflectance spectra recorded are yielded by a 

pure mineral or a mixture of several minerals. Additionally, 

these spectra depend also on the grain size of the minerals 

[10] and darkening effects such as spatial disintegration 

[11]. HSI technique allows to obtain a set of reflectance 

spectra for each pixel of the image, which when are 

correlated using adequate statistical tools, provide 

quantification of the pure mineral components present in the 

different parts of the studied sample (dust grains, in our 

case). This process is called “unmixing” process. It includes 

a pre-processing of the images followed by an identification 

of endmember pixels, which are a set of similar pixels 

present in the image under study. In general, the pixels 

provide information on the pure mineral components to be 

identified in the sample. There are several methods to obtain 

this information. In this work it has been used the Simulated 

Annealing (SA) method [12] which is an effective and 

general means of optimization inspired by metallurgy, 

where the temperature of a material determines its 

thermodynamic behavior. It has been successfully applied in 

the multi-hyperspectral remote sensing for classification 

[13-14] and abundance estimation [15]. 
 

2. MATERIALS AND EXPERIMENTAL METHODS 

 

The sample studied is a white-powder collected from a 

mining zone in Cajamarca-Perú. It was scanned using a 

benchtop hyperspectral imaging system HIS with a Pika 

NIR (Resonon Inc., Bozeman MT, USA) equipped with a 25 

mm lens which has a spectral range of 900–1700 nm, 164 

spectral channels, 21.7º field of view and a spectral 

resolution of 4.9 nm. 

XRD analysis was performed with X-ray diffractometer 

PANalitycal model AERIS (Malvern Panalytical Ltda., 

Almedo, The Netherlands) Cu-Kα radiation (λ= 1.5406 Å, 

voltage = 40 kV and current = 7.5 mA). Scans were taken in 

the 2θ range 20º to 90º at increments of 0.02º. Rietvel 



analysis, using Highscore Plus Software, is carried out to 

obtain XRD spectra. 

 

3. HSI DATA ANALYSIS 

 

The process to obtain the unmixed reflectance-spectra data 

was as follows: Hyperspectral images, obtained in the NIR-

spectra region of the sample, are pre-treatment using Stand-

ard Normal Variance (SNV) [16] and Minimum Noise Frac-

tion (MNF) [17] methodologies. SNV is applied to normal-

ize the data with respect to the different grain sizes of the 

sample. MNF transformation of the data is applied to dimin-

ish their dimensions. The goal of the MNF transform is to 

select components that maximize the signal-noise-ratio, 

leaving the components with the lowest ratio. To do this, the 

covariance matrices of both the recorded signal and the 

noise are constructed. There are several methods to estimate 

the noise covariance matrix. In this work is used the method 

suggested by Roger and Arnold [18-19]. The MNF provides 

a set of images ordered according to their quality and allows 

a more reliable identification and removal of noisy compo-

nents, thus preserving components with useful information. 

The transformed data were used to identify the endmembers 

of the reflectance spectra which were done using Simplex 

Growing Algorithm (SGA) [20-21]. A sub-pixel analysis is 

performed, in order to determine the mineral abundance in 

each endmember, using mineral database, through Simulat-

ed Annealing Linear Decomposition (SALD) adjustment. 

All these processes are within of Virtual Dimension (VD) 

methodology. The complete process is showed in the Figure 

1. It is interesting to mention, that within a pixel there is a 

mixture of sub-pixels. The idea of sub-pixel mapping was 

first presented by Atkinson [22]. Since then, a series of 

techniques focused on better estimating the determination of 

fractional subpixel abundances has been proposed. In this 

work a sub-pixel decomposition of the endmembers is car-

ried out, considering a superposition of reflectance spectra 

of the proposed minerals, in each endmember pixel. 
 

 

 

Figure 1.  Diagram of the sequence followed in this work to 

determine mineral abundance. 
 

4. RESULTS 

 

4.1. Subheadings 

 

XRD analysis is done to characterize of the sample studied 

and these will serve to validate HIS results. Figure 2 shows 

the XRD of the sample under study taken between 20° and 

90°. A Rietveld adjustment is used to identify the mineral 

components of the studied sample. The quality of the 

adjustment is given by noise-Rietveld registered in the 

Figure 2. The mineral components identified were Calcite 

(86.6%), Dolomite (9.9%) and Quartz (2.1%). These results 

are used as reference set to compare the mineral abundance 

obtained by an HSI procedure. 

 

 
 

Figure 2.  XRD of a sample analyzed in this work and noise 

after a Rietveld adjustment. 

 

 

 

4.2. HSI Analysis 

 

As seen in the previous section, the analysis of the 

hyperspectral imagines data comprises several steps. The 

first step, includes a pre-processing treatment of the 

registered data using an algorithm (R software) 

implemented by our group, in followed by SNV and a MNF 

treatments (Fig. 1). After data pre-processing, the first task 

was to identify the Virtual Dimension (VD) of the 

transformed data, using eigenvalues and eigenvectors of the 

correlation matrix constructed with signal and noise data. 

The smallest eigenvalues correspond to eigenvectors or 

transformed bands that are less correlated and are associated 

with the white noise of the measurement. Figure 3 shows 

normalized eigenvalues of transformed MNF matrix data. 

This figure allows us to identify the uncorrelated 

endmembers which basically correspond to noise. It can be 

seen that after approximately the 15th component, there is 

no significant correlation value, so VD = 15 is an acceptable 

value that represents these data. The abundances calculated 

with this value are expected to be the closest to the reference 

values compared to those calculated with other VD values. 
 



 
 

Figure 3.  Normalized eigenvalues of the transformed data 

using MNF method. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.  Transformed data space points, (a) 2-D graphic), 

using [e1, e2] eigenvectors with the endmembers in blue and 

the rest of the pixels in red. (b) 3-D graphic, using [e1, e2, e3] 

eigenvectors with the endmembers in blue and the rest of the 

pixels in red. 

 

Once the endmembers have been identified, a sub-pixel 

analysis has been performed. Taking into account the 

minerals (Calcite, Dolomite and Quartz) identified by XRD 

(See Figure 2), their abundances are determined in each 

endmember of the sample. Reference reflectance spectra 

from the USGS database [23] were used for this analysis. 
Each of the identified endmembers corresponds to a pixel in 

the initial hyperspectral image. The reflectance spectra of 

the pixels classified as endmembers are shown in Figure 5. 

The spectra of each of these endmembers were de-mixed 

using SALD. The final abundances have been determined 

considering the abundances of the endmembers in the 

sample image. 
 

 
 

Figure 5.  Normalized reflectance spectra of pixels 

classified as endmembers. 
 

This process was repeated considering a VD of 5, 10, 15, 

20, 25 and 30, in order to corroborate the validity of 

considering, as significant eigenvalues, only the first 15 

eigenvalues of the MNF transformation matrix. The final 

abundances obtained for these different VD values are 

shown in Table 1. 
 

Table 1.- Calcite, dolomite and quartz abundances obtained 

by XRD and by an HSI analysis (considering VD = 5, 10, 

15, 20, 25, 30). 

 
Component XRD VD=5 VD=10 VD=15 VD=20 VD=25 VD=30 

Calcite 86.6 82.0 82.0 85.6 84.8 83.1 79.5 

Dolomite 9.9 11.0 10.3 8.4 8.4 9.4 11.5 

Quartz 2.1 7.0 7.7 6.0 6.9 7.5 9.0 

Total relative 

error 

--- 2.50 2.76 2.02 2.45 2.66 3.53 

 

Table 1 shows that the lowest total relative error in the 

calculation of the abundances obtained by the HSI analysis 

is 2.02% and corresponds to VD = 15. This result is 

consistent with the most significant eigenvalues of the 

transformed MNF matrix. It is also interesting to mention 

that for VD = 30 there is a significant increase in the relative 

error, reaching 3.23%, the highest of those calculated. 

Finally, the Figure 6 shows the reflectance spectrum of 

endmember 6 and the spectrum adjusted using the final 

abundances found for VD = 15, showing a good 

correspondence between them. It is important to note that 

there is a significant variation in the spectrum around 1430 

nm. This variation has also been observed in the reference 

spectra used (USGS Database), a result that we consider as 



indicator of the good results obtained in this work despite 

the small range of spectral data used. 

Figure 6.  Reflectance spectrum of endmember 6 and the 

spectrum adjusted using the final abundances found for VD 

= 15. 
 

5. CONCLUSIONS 

 

By means of an analysis of hyperspectral images (HSI 

technique), the abundance of mineral components of a 

sample of powdered minerals from a Cajamarca-Peru mine 

was determined. HSI analysis includes processes of 

“unmixing” of images generated by reflectance spectra (NIR 

region) which are treated and transformed using SNV, 

MNF, SGA and SALD methodologies within the context of 

the Virtual Dimension (VD) procedure of transformed data 

(endmembers). It was found that for an optimal virtual 

dimension of VD = 15 the abundance of the mineral 

components of the sample is calcite (85.6%), dolomite 

(8.4%) and quartz (6.0%) in excellent agreement with those 

determined by XRD since the error relative is 2.02%.  
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