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Color is the first parameter and one of the most powerful and important feature for mineral recognition 
via image processing. Although there are different color spaces, the most used of these are, three color 
spaces, namely RGB, HSV and CIELab were compared to find the best color space for the mineral 
identification in this study. These three color spaces are compared in terms of their suitability for 
identification. Using these three color space, an artificial neural network is used for the classification of 
minerals. Optical data of thin sections is acquired from the rotating polarizing microscope stage to 
classify 5 different minerals, namely, quartz, muscovite, biotite, chlorite, and opaque. The results show 
that RGB was efficient and suggested as the best color space for identification of minerals.  
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INTRODUCTION 
  
Colors have been used for identification and classification 
of property since the computer technologies have sup-
plied consistent color definitions (Gökay and Gundogdu, 
2008). Like in every image processing applications, also 
in optical mineralogy, color and birefringence color are 
very important for the recognition of minerals in order to 
identify the rock names.  

Several color spaces are used today in computer 
graphics and image processing. The most common of 
them are RGB (red, green, blue), HSV (hue, saturation 
and value) and L*a*b*, or CIELab, (luminance or light-
ness, parameters a* from green to red and b* from blue 
to yellow). In this study, these color spaces were com-
pared with each other for mineral identification (Swenson 
and Dimond, 1998; Chen and Wu, 2005; Segnini et al., 
1999; Yam and Papadakis, 2004).  

Optical properties of minerals, especially color and 
birefringence color, are very important for recognition and 
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classification of minerals. In optical mineralogy, these 
optical properties are widely used for the recognition of 
minerals in order to identify the rock names. Like color 
and birefringence properties, optical properties of mineral 
under polarized light are also useful properties for the 
recognition of minerals. Hence, microscopes with 
polarized light capabilities are used for optical mineralogy 
(Komenda, 2001; Akesson et al., 2004; Marinoni et al., 
2005). 

In general, image processing is used for object 
recognition by separating the discrete objects. It is a 
developing technology having varieties of applications in 
the field of medical industry, mineral identification, 
agriculture, mobile robots etc (Fueten and Mason, 2007; 
Singh and Rao, 2005; Segnini et al., 1999; Sagiroglu and 
Yilmaz, 2009). In this study, we used image processing 
techniques for mineral identification using microscopic 
images of thin sections.  

Image classification using artificial neural network are 
very common in all industries to develop expert system 
for object recognition (Singh and Rao, 2005; Egmont- 
Petersen et al., 2002; Bonnet, 2004). An artificial neural 
network is consisted of  artificial  neurons  like  in  human 
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brain. The main purpose of ANN is finding the best archi-
tecture for solving the problem. Standard algorithm for 
ANN modifies the weights between neurons until the 
lowest error is reached during the training and testing 
phase. In this paper, ANN is used for identification of 
minerals using color parameters from images of thin 
sections. ANN was able to identify minerals with accuracy 
greater than 81%.  

In the following sections, data acquisition methods, 
color spaces and the structure of the neural network for 
mineral identification using multilayer perceptron will be 
described. Later on, the experimental results and the 
conclusion will be presented.  
 
 
MATERIALS AND METHODS 
 
Data acquisition 
 
In mineralogy, for manual mineral identification in thin sections, 
microscopes are commonly used tools. Experts have some 
problems with automation of mineral identification process using 
microscope. The main problem is that under plane-polarized light 
many minerals are colorless, but under cross-polarized light, the 
interference color depends on a variety of factors including the 
mineral type. Automated mineral identification systems 
(Marschallinger, 1997; Thompson et al., 2001) use the natural color 
of the mineral both on scanned or plane and polarized images. 

In this work, a digital camera and a conventional microscope with 
rotating experimental stage was used (Fueten, 1997). The rotating 
experimental stage is rotated from 0 - 360 degrees by 1 degree 
increments, while polarizer and analyzer remain crossed to each 
other in a vertical direction during the analysis. Images were 
captured as the experimental stage rotated. Basic flow diagram is 
shown in (Figure 1).   

In this work, a digital camera mounted on the microscope and 
transmitted to a computer for gathering our image is used. 
Illumination source was a 12V/100 W halogen light and images 
were captured at ×100 magnification. A composite data set was 
then constructed from this information (Figure 2). 

Images are taken from both plane-polarized and cross-polarized 
light and contain the maximum intensity values. Until the image was 
having the maximum intensity, images were captured and 
compared with the previous images at every 1° increment. First, the 
area of thin section to be studied is decided and then the area in 
which the mineral is located is identified. All of the images have 
been stored with a dimension of 450 × 370 pixels with 150 dpi 
resolution in RGB format. James Swift microscope provided with a 
polarizer and a modified analyzer is used for analysis and images 
were collected through a Videolab camera mounted on the 
microscope and transmitted to a computer by Inca software. The 
adjustable filters in the incident light were matched to produce white 
light by making adjustments with the handles. The aperture 
diaphragm control is carefully stopped down until the high signal 
intensity can be kept as well as the microstructure contrast 
depending on resolution and depth of the field.  

In our study, we used twenty-two digital images taken from nine 
thin sections. Thin sections were taken from igneous and metamor-
phic rocks and a total of 5 common minerals were used namely, 
quartz, muscovite, biotite, chlorite, and opaque. Quartz was found 
in all images. Muscovite, biotite, chlorite and opaque was found in 
twenty, four, twelve and seven images, respectively. Median filter 
followed by histogram equalization was applied to images for noice 

 
 
 
 
reduction. With 3 × 3 median filter, the gray level of each pixel is 
replaced by the median of the gray levels in the neighborhood of 
that pixel, instead of the average. In order to perform median 
filtering in the neighborhood of a pixel, first the values of the pixel 
and its neighbors are sorted, then the median is determined and 
this value is assigned to the pixel (Gonzales and Woods, 1993). In 
our study, we used median filters with 3 neighborhoods. In order to 
perform histogram equalization, for each gray level in the image, 
(from 0(black) to 255(white)) the numbers of pixels colored in this 
gray level are counted.  

The histogram of the image is obtained by plotting the number of 
gray pixels versus the gray levels.  In low-contrast images, it is 
desirable to fully utilize the available dynamic range of the display 
device. Histogram of the original image is stretched through histo-
gram equalization. This process reassigns the brightness values of 
pixels based on the image histogram. Individual pixels retain their 
brightness order (that is, they remain either brighter or darker than 
other pixels), but the values are shifted so that an equal number of 
pixels have each possible brightness value. For each brightness 
level, j, in the original image, the new assigned value k is calculated 
as in Equation (1): 
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where Ni is the number of pixels with brightness value I, and T is 
the total number of pixels in the image (Russ, 2002).  
 
Each image was captured using red, green and blue (RGB) 
components. Initially, experiments were made by using RGB values 
of pixels. In the RGB model, each color appears in its primary 
spectral components of red, green and blue. This model is based 
on a Cartesian coordinate system. It can be represented using a 
normalized cube, where the black is at the origin point (0,0,0) and 
white is at the corner farthest from the origin (1,1,1). The color 
subspace of interest is the cube shown in Figure 3 (Gonzales and 
Woods, 1993), in which RGB values are at three corners; cyan, 
magenta and yellow are at three other corners. For convenience, 
the assumption is that all color values have been normalized so that 
the cube shown in Figure 3 is the unit cube. That is, all values of R, 
G and B are assumed to be in the range [0, 1] (Swenson and 
Dimond, 1998; Gonzales and Woods, 1993).  

For second series of experiment in this study, RGB images were 
converted to hue, saturation and value (HSV) space which is closer 
to the human conceptual understanding of color. This detached the 
intensity component from the color information and reduced the 
effects of variable lighting. The RGB to HSV transformation is 
defined in Equation 2 (Chen and Wu, 2005; Yu and Chen, 2006) 
and color cone of HSV is shown in Figure 4 (McAndrew, 2004): 
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Figure 1. Basic diagram of study. 

 
 
 

 
 
Figure 2. Maximum intensity image. 
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For the last experiment, RGB images were converted to the L*a*b*, 
or CIELab, color space. It is an International Standard for color 
measurements, adopted by the Commission Internationale 
d’Eclairage (CIE) in 1976. For a given object, the observed light 
intensity depends on both the intensity and the spectral distribution 
of the illuminating light, and the spectral distribution of the object 
reflectivity. Therefore, CIE defined the spectral properties of several 
standard illuminants. The most common one is standard illuminant 
D65, corresponding to the radiation of a black body at 6500°C, 
which is intended to represent average daylight. From the 
evolutionary point of view, it is the properties of the object that are 
relevant, not to the properties of illumination. The human vision 
system developed a way to correct for the quality of illumination,  
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Figure 3. RGB color cube. 

 
 
 

 
 
Figure 4. The color space HSV as a cone. 



 
 
 
 
 
and to preserve differences in hue. A white paper is perceived as 
white even in reddish evening light. To allow similar possibilities in 
color measurement, CIE defined several more human-related, less 
illumination-dependent measures of color, of which the most 
common is L*a*b*.  L* is the luminance or lightness component, 
which ranges from 0 - 100, and parameters a* (from green to red) 
and b* (from blue to yellow) are the two chromatic components, 
which range from -120 - 120. L*, a*, b* values are calculated from 
XYZ values of a colored object under a given illuminant and XYZ 
values of a reference white object under the same illuminant 
(Segnini et al., 1999; Yam and Papadakis, 2004; Leon et al., 2006).  
The RGB to L*a*b* transformation is defined in Equation (3a and b) 
(Swenson and Dimond, 1998; Schanda, 2007). In our study, we 
used Matlab image processing toolbox 5.4 and Matlab functions for 
RGB to L*a*b* transform. L*, a* and b* values getting from Matlab 
function are shifted by some positive values and therefore they are 
positive in the range of [0, 255]. L*, a*, b* values in (Figure 1) were 
taken from formulation: 
 
Step 1: Matrix Multiplication 
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Step 2: Functional Mapping 
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Artificial neural network 
 
Artificial neural networks (ANNs) are biologically inspired intelligent 
techniques. They have generally a number of simple and highly 
interconnected neurons organized into layers (Sagiroglu and 
Yilmaz, 2009). Feed forward neural networks are the basic type of 
neural networks capable of approximating generic classes of 
functions, including continuous and integrable ones. An important 
class of feed forward neural networks is ‘multilayer perceptron 
neural network’ (MLPNN) (Übeyli and Güler, 2004; Yıldırım et al., 
2004). MLPNNs are the simplest and therefore most commonly 
used neural network architectures (Haykin, 1994; Sagiroglu and 
Yilmaz, 2009). As shown in (Figure 5), a MLPNN consists  of  three  
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types of layers: An input layer, an output layer and one or more 
hidden layers.  

In a MLPNN, each neuron j in the hidden layer sums up its input 
signals xi after weighting them with the strengths of the respective 
connection weights wij from the input layer and computes its output 
yj as a function of f of the sum described in Equation (4): 
 

( ) ( )jijij Ifxwfy == �                         (4) 

 
where f is an activation function and can be a simple threshold 
function, or a more complex one such as sigmoidal, hyperbolic 
tangent, or radial basis function (Güler and Übeyli, 2005; Öztemel, 
2003). But a derivative function is usually preferred because during 
the back propagation process, a derivation of the function is 
performed.  

A popular training algorithm used for training a MLPNN is the 
‘back propagation’ (BP) algorithm which is an iterative gradient 
algorithm designed to minimize the mean-squared error between 
the desired output and the actual output for a particular input to the 
network (Lee, 1997). In the back propagation, for each iteration, 
firstly, forward activation is produce an output and then a backward 
propagation of the computed error modify the weights. These steps 
are performed repeatedly until the ANN output agrees with the 
imposed value within a pre-specified tolerance range. For BP 
algorithm, the weight of connections between neurons as defined in 
Equation (5): 
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where, xi is the input, � is the learning coefficient, µ is the 
momentum coefficient, � is a factor depending on whether neuron j 
is an output neuron or a hidden neuron, and for hidden neuron: 
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For output neuron,  
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For ANN output, the error of each neuron j, Ej is defined in Equation 
(8) 
 

jdjj yyE −=                   (8) 

 
where ydj is the desired value of output neuron j and yj is the actual 
output of that neuron. So the error of all output neurons E is defined 
in Equation (9): 
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Each weight wij is adjusted to reduce E as rapidly as possible 

(Güler  and  Übeyli,  2005;  Öztemel,  2003). This  type  of   neural  
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Figure 5. Structure of MLPNN. 

 
 
 
network is very common in the solution of problems related with 
figure identification through application of both supervised learning 
and the back propagation of errors simultaneously. 

In this study, a feed forward MLPNN with back propagation 
training algorithm was used. We used tangent sigmoid as the 
activation function f in the hidden layer and logarithmic sigmoid 
function in the output layer. According to activation functions, input 
and output parameters were scaled by a range of [-1, 1] and [0, 1]; 
the initial values of the momentum coefficient and the learning rate 
were taken as 0.8 and 0.1, respectively. ANN was implemented by 
using MATLAB version 7.0.4 with neural networks toolbox. The 
training of the network was realized using color parameters and 
their corresponding mineral types. At the output of the network, out-
put values were post processed. Through the 5 ANN output values, 
the largest value was considered as 1 and the others were con-
sidered as 0. Every single thin section image was taken under both 
crossed-polarized and plane-polarized light. Therefore, there were 
3 parameters from crossed-polarized and 3 parameters from plane-
polarized. A total of 6 input parameters were used for the ANN 
training. In the training stage, the pixel values were selected to 
identify the minerals in the images. In our study, we used twenty-
two images and we selected total 325 pixel values for ANN training 
coming from 110 pixel values for quartz, 100 pixel values for 
muscovite, 20 pixel values for biotite, 60 pixel values for chlorite 
and 35 pixel values for opaque. We extracted pixel values both in 
terms of RGB, HSV and L*a*b*. The networks with 6 input para-
meters are trained using RGB, HSV and L*a*b* values separately. 
To find a computationally less-expensive solution, several networks 
were constructed. The best results were obtained from a network 
which was designed as 3 layers with 6 neurons as input parameters 
for RGB, HSV and L*a*b* (Figure 6). 

In the neural network, K-fold cross validation is used for the more 
effective test results (François et al., 2007). In K-fold cross-valida-
tion, the data for ANN is subdivided into K sub samples randomly. 
In every fold, one sub sample is retained as the validation for 
testing and the others are used for training. In K-fold cross-valida-
tion, cross process is repeated K times. The accuracy of test result 
is the average of K results from the folds (Jansen et al., 1997; 
Diamantidis et al., 2000). 

In our study, 5-fold cross validation is used and the average of 
these five test results gave the result for each fold. After training 
and test, the error was calculated as the performance criterion to 
determine the number of hidden layer nodes, optimum momentum 
and learning coefficients. 
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where  d(z,i)  is  the  desired  output,  a(z,i)  is  the  output of neural 
network for z’th subsamples, n is  the number of samples in training 
or test data, m is the number of segments in training or test data, h 
is the number of outputs of neural network and k is the number of 
subsamples used in k-fold cross validation. In addition, the test 
results satisfying the minimum errors were subjected to R-Square 
correlation test given in Equations (11) and (12). These correlation 
values were used as an additional criterion for determining the 
optimum ANN structure. 
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Figure 6. Representation of the optimal neural network structure. 
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We used these equations for calculation of error and correlation. 
After these calculations, outputs of the ANN were post processed 
as preprocessed. At the post processing phase, comparator was 
identified only one mineral at a time. Post processing step selects 
the output with the maximum value among the 5 ANN outputs. This 
selection identifies the resulting mineral. This is accomplished by 
Equation (13): 
 

p

1     if y(n)=max(y)
y (n)=

0     otherwise
�
�
�

                                            (13) 

 
The performance criterion was the rate of correctly identified 
percentages of mineral areas in the images. For this aim, firstly a 
mineralogist marked the positions of minerals in the images and 
then an expert calculated the percentage of the mineral areas. For 
the network results, total numbers of pixels for every mineral 
according to the network outputs and percentage of mineral areas 
according to these pixels were calculated. Then we compared the 
results of networks and expert. 

RESULTS and DISCUSSION 
 
We found several networks with very high accuracies. 
For each color spaces, the best net (Figure 1) consisted 
of total of 6 input parameters, of which 3 were from 
crossed-polarized images and the other 3 were from 
plane-polarized images. All networks for each color 
spaces were trained with different number of hidden 
nodes because there is no unique ANN for mineral 
identification.  

Best network architecture for each analysis is 
presented in Table 1 and 2, which shows a complete list 
of the types and percentages of mineral areas that were 
identified. We did not take care to obtain the same 
number of each mineral. Overall, for each color space, 
the average accuracy of the network is greater than 87%. 
The accuracy of color spaces according to each other are 
shown in (Figure 7). 

For the analysis of the results, first an expert observed 
the images, marked the location of the mineral areas that 
identified the correct minerals and then calculated the 
percentage area of each mineral in all thin section 
images. After these processes, ANN network outputs are 
compared with these results. In order to assess the 
accuracy  of  ANN  output, an error function  is  used  as  
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Table 1. Best network architectures for 3 different color spaces. 
 

 RGB HSV LAB 
MLP network structure 6 x 85 x 5 6 x 135 x 5 6 x 16 x 5 
Number of epoch  4000 5000 2000 
Training error 0.0042 0.0049 0.01 

 
 
 

Table 2. Percentage of area of minerals used in this study. 
 

 Quartz Muscovite Biotite Chlorite Opaque Average individual 
mineral accuracy 

Total area (number of pixels) 1721610 1355310 36630 476190 73260  
Percentage of our system  accuracy 
result in RGB 81.55 84.69 98.11 89.58 93.70 89.53 

Percentage of our system  accuracy 
result in HSV 82.33 85.06 89.78 84.97 95.36 87.5 

Percentage of our system  accuracy 
result in LAB 83.8 85.44 95.17 91.11 92.42 89.59 

 
 
 

 
 
Figure 7. Accuracies of color spaces. 

 
 
 
defined in Equation (14):  
 

imagesofnumber

areaertexpareasystemour
areaeralminofinaccuracy% � −

=                          

                                                                                 (14) 
 

Color is the most important feature for mineral recognition 
via image processing. The digital imaging method allows 
measurement of color features and identification of 
minerals  from  thin  section  images   taken   from   video 

camera under the polarized microscope. The most 
common color spaces are RGB, HSV and L*a*b*. In this 
study, we used color features of pixels as parameters for 
ANN for mineral identification.  

After getting color parameters of minerals for analysis, 
some classification systems were used. Many researc-
hers made some experiments on mineral exploration. In 
1997, automatic mineral classification was made by 
Marschallinger (1997). But there was no information 
about  how  experiments  were  performed  or  how   data 
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Figure 8. Result images.(a1), (a2), (a3): Cross-polarized images; (b1), (b2), (b3): Plane-polarized 
images; c, d, e: Labeling of result images - c (RGB), d (HSV), e (Lab).  
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extracted and preprocessed. After then, minerals were 
classified in 2001 (Thompson et al., 2001). They used ten 
minerals for classification using color and texture para-
meters using ANN. But they only classified minerals not 
distinguish the minerals in the images. Our accuracies of 
biotite and opaque were higher than their  
study. Fueten and Mason (2007) made three ANN, 
trained and tested them once. But there was no informa-
tion about selecting number of neurons in hidden layer. 
All of these works used their data like us. So we could not 
compare them.  

The ANN is capable of distinguishing mineral according 
to their color. Minerals, like quartz and opaque, can be 
distinguished with greater accuracy because of their fixed 
color. Also, birefringence color of opaque is not changed 
according to thickness of thin section. But minerals with 
variable birefringence colors such as muscovite, biotite 
and chlorite can not be identified as well as others 
because of their similar colors. The other interesting point 
is that; results of L*a*b* are similar to RGB and better 
than HSV results. Average accuracies of ANN for color 
spaces are 89.53, 87.5 and 89.59% for the RGB, HSV 
and L*a*b* color spaces respectively. But the result 
images of L*a*b* are not, as well as the result of RGB 
images. Because in L*a*b* color spaces, ANN is not 
successful for distinguish biotite, chlorite and opaque 
from each other. In HSV color spaces, ANN is successful 
only in distinguish the opaque. So it is not a better choice 
for mineral identification. For all of the minerals, more 
training data is required for ANN for better accuracies. 
Some images of the results for our study are shown in 
Figure 8.  
 
 
Conclusion 
 
ANN can be used for mineral identification using their 
color parameters if data set is enough and adequate for 
training. Minerals can be identified with great accuracy if 
their colors and birefringence colors are not changed 
according to thickness of thin section or illuminated 
conditions. But other minerals affected by these condi-
tions can not be distinguished because of their similar 
colors.  

For best results of ANN, training data set must be 
selected very well. Data must be well organized with a 
high quality and it must have enough quantity for training.  

Color parameters for image processing are important 
information and they can be used for color image identify-
cation in real applications. Also in mineral identification, 
color can be used as shown in this study. Color based 
mineral identification approach can be improved by using 
textural parameters, some other optical parameters of 
minerals. The level of accuracy also can be improved by 
using a different data set contains better data set. 

In future works, parameters of minerals data may be 

 
 
 
 
enlarge for ANN training. Not only color, but also other 
textural parameters, fuzzy logic or some multiple 
classifiers may also used for better accuracy for ANN.  
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