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Abstract. Color is an essential feature that describes the image content and 
therefore colors occurring in the images should be effectively characterized in 
image classification. The selection of the number of the quantization levels is an 
important matter in the color description. On the other hand, when color repre-
sentations using different quantization levels are combined, more accurate mul-
tilevel color description can be achieved. In this paper, we present a novel ap-
proach to multilevel color description of natural rock images. The description is 
obtained by combining separate base classifiers that use image histograms at 
different quantization levels as their inputs. The base classifiers are combined 
using classification probability vector (CPV) method that has proved to be an 
accurate way of combining classifiers in image classification. 

1   Introduction 

Image classification is an essential task in the field of image analysis. The classifica-
tion is usually based on a set of visual features extracted from the images. These fea-
tures may characterize for example colors or textures occurring in the images. Most of 
the real-world images are seldom homogenous. Especially, different kinds of natural 
images have often non-homogenous content. The division of natural images like rock, 
stone, clouds, ice, or vegetation into classes based on their visual similarity is a com-
mon task in many machine vision and image analysis solutions. In addition to non-
homogeneities, the feature patterns can be also noisy and overlapping. Due to these 
reasons, different classifiers may classify the same image in different ways. Hence, 
there are differences in the decision surfaces, which lead to variations in classification 
accuracy. However, it has been found that a consensus decision of several classifiers 
can give better accuracy than any single classifier [1],[8],[9]. This fact can be easily 
utilized in the classification of real-world images. 

The goal of combining classifiers is to form a consensus decision based on opinions 
provided by different base classifiers. Duin [5] presented six ways, in which consistent 
set of base classifiers can be generated. In the base classifiers, there can be differences 
in initializations, parameter choices, architectures, classification principle, training sets, 
or feature sets. Combined classifiers have been applied to several classification tasks, 
for example to face recognition [15], person identification [3] and fingerprint verifica-
tion [7]. Theoretical framework for combining classifiers is provided in [8]. 
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In the image classification, several types of classifier combination approaches can 
be used. In our previous work [11],[13] we have found that different feature types can 
be easily and effectively combined using classifier combinations. In practice, this is 
carried out by making the base classification for each feature type separately. The 
final classification can be obtained based on the combination of separate base classifi-
cation results. This has proved to be particularly beneficial in the case of non-
homogenous natural images [11],[13]. Hence, the non-homogenous properties of 
individual features do not necessarily affect directly on the final classification. In this 
way, each feature has its own affect on the classification result. 

Rock represents typical example of non-homogenous natural image type. This is 
because there are often strong differences in directionality, granularity, or color of the 
rock texture, even if the images represented the same rock type [11]. Moreover, rock 
texture is often strongly scale-dependent. Different spatial multiscale representations 
of rock have been used as classification features using Gabor filtering [12]. However, 
the scale dependence of the rock images can be used also in another way, using color 
quantization. It has been found that different color features can be found from the 
rock images using different numbers of quantization levels. Hence, by combining the 
color representation at several levels, a multilevel color representation can be 
achieved. For this kind of combination, a classifier combination method can be used. 
In this paper, we present our method to make a classifier combination that is used to 
produce this multilevel color representation. The rest of this paper is organized as 
follows. Section two presents the main principle of classifier combinations as well as 
our method for that purpose. In section three, the principle of multilevel color repre-
sentation is presented. The classification experiments with natural rock images are 
presented in section four. The obtained results are discussed in section five. 

2   Classifier Combinations in Image Classification 

The idea of combining classifiers is that instead of using single decision making 
theme, classification can be made by combining opinions of separate classifiers to 
derive a consensus decision [8]. This can increase classification efficiency and accu-
racy. In this section, methods for combining separate classifiers are presented. Fur-
thermore, we present our approach to make a probability-based classifier combina-
tion. 

2.1   Methods for Combining Classifiers  

The general methods for combining classifiers can be roughly divided into two catego-
ries, voting-based methods and the methods based on probabilities. The voting-based 
techniques are popularly used in pattern recognition [10],[14]. In the voting-based clas-
sifier combinations, the base classifier outputs vote for the final class of an unknown 
sample. These methods do not require any additional information, like probabilities 
from the base classifiers. Voting has proved to be a simple and effective method for 
combining classifiers in several classification problems. Also in the comparisons with 
the methods presented by Kittler et al., voting-based methods have given relatively 
accurate classification results [8]. Lepistö et al. [11] presented a method for combining 
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classifiers using classification result vectors (CRV). In this approach, the class labels 
provided by the base classifiers are used as a feature vector in the final classification, 
and hence the result is not based on direct voting. CRV method outperformed voting 
method in the classification experiments. In [13] an unsupervised variation of CRV was 
presented and compared to other classifier combinations. 

Recently, the probability-based classifier combination strategies have been popu-
larly used in pattern recognition. In these techniques, the final classification is based 
on the a posteriori probabilities of the base classifiers. Kittler et al. [8] presented sev-
eral common strategies for combining base classifiers. These strategies are e.g. prod-
uct rule, sum rule, max rule, min rule, and median rule. All these rules are based on 
the statistics computed based on the probability distributions provided by the base 
classifiers. In [8], the best experimental results have been obtained using sum and 
median rules. Theoretical comparison of the rules has been carried out in [9]. Also 
Alkoot and Kittler [1] have compared the classifier combination strategies. 

2.2   Classification Probability Vector Method  

Our previous method for combining classifiers combined the outputs of the base clas-
sifiers into a feature vector that is called classification result vector (CRV) [11]. How-
ever, CRV method uses only the class labels provided by the base classifiers, and 
ignores their probabilities. In this paper, we use the probability distributions of the 
separate base classifiers as features in the final classification.  

In general, in the classification problem a pattern S is to be assigned to one of the 
m classes (ω 1,…,ω m) [8]. We assume that we have C classifiers each representing a 
particular feature type and we denote the feature vector used by each classifier by fi. 
Then each class ωk is modeled by the probability density function p( f I | ω k). The pri-
ori probability of occurrence of each class is denoted P(ω k ). The well-known Baey-
sian decision theory [4],[8] defines that S is assigned to class ω j if the a posteriori 
probability of that class is maximum. Hence, S is assigned to class ω k if:  

),,(max),,( 11 Ck
k

Cj ffPffP …… ωω =        (1) 

However, the probabilities of all the other classes than ωj have also significance in 
classification. They are particularly interesting when the pattern S is located near the 
decision surface. Therefore, we focus on the whole probability distribution 
 p(f i |ω 1,…,ω m) provided by each classifier. Hence, if the probability is defined for  
each m class, the obtained probability distribution is a C by m matrix for each pattern 
S. This  matrix  is used  as  a  feature  vector  in the final classification, and it is called 

 

Fig. 1. The outline of the CPV classifier combination method 
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classification probability vector (CPV). In the final classification, the images with 
similar CPV’s are assigned into same classes. The outline of the CPV method is pre-
sented in figure 1. 

The common probability-based classifier combinations [8] are used to calculate 
some statistics based on the probability distributions provided by the base classifiers. 
In contrary to them, CPV method uses the whole probability distribution as a feature 
vector in the final classification. The CPV method utilizes the fact that the separate 
base classifiers classify similar samples in the similar way, which leads to a similar 
probability profile. The final classification is based merely on the similarity between 
the probabilities of the base classifiers. Hence, in contrary to voting, in the CPV 
method the base classifier outputs (class labels) do not directly affect the final classi-
fication result.    

When image classification is considered, the CPV method has several advantages. 
CPV method considers each visual feature of the images in the base classifiers sepa-
rately. In the final classification, the probability distributions are employed instead of 
features. This way, the individual features do not directly affect the final classification 
result. Therefore, classification result is not sensitive to variations and non-
homogeneities of single images. 

3   Multilevel Color Representation Using Quantization 

3.1   Color Image Representation  

In digital image representation, an image has to be digitized in two manners, spatially 
(sampling) and in amplitude (quantization) [6]. The use of spatial resolutions is com-
mon in different texture analysis and classification approaches, whereas the effect of 
quantization is related to the use of image color information. The quantization can be 
applied to different channels of a color image. Instead of using common RGB color 
space, the use of HSI space has found to be effective, because it corresponds to the 
human visual system [16]. 
    A common way of expressing the color content of an image is the use of image 
histogram. Histogram is a first-order statistical measure that expresses the color dis-
tribution of the image. The length of the histogram vector is equal to the number of 
the quantization levels. Hence the histogram is a practical tool for describing the color 
content at each level. Histogram is also a popular descriptor in color-based image 
classification, in which images are divided into categories based on their color  
content. 

3.2   Multilevel Classification  

The classifier combination tools presented in section two provide a straightforward 
tool for making a histogram-based image classification at multiple levels. Hence the 
histograms at selected quantization levels and color channels are used as separate 
input features. Each feature is then classified separately at base classification. After 
that, the base classification results are combined to form the final classification. This 
way the final classifier uses multilevel color representation as classifying feature. 
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Fig. 2. Three example images from each rock type in the testing database 

4   Experiments 

In this section, we present the classification experiments using rock images. The pur-
pose of the experiments is to show that an accurate multilevel color representation is 
achievable using classifier combinations. We also compare the CPV method to other 
classifier combination approaches. 

4.1   Rock Images 

The experiments in this paper are focused on non-homogenous natural image data that 
is represented by a database of rock images. There is a practical need for methods for 
classification of rock images, because nowadays rock and stone industry uses digital 
imaging for rock analysis. Using image analysis tools, visually similar rock texture 
images can be classified. Another application field for rock imaging is geological 
research work, in which the rock properties are inspected using borehole imaging. 
Different rock layers can be recognized and classified from the rock images based on 
e.g. the color and texture properties of rock. The degree of non-homogeneity in rock 
is typically overwhelming and therefore, there is a need for an automatic classifier 
that is capable of classifying the borehole images into visually similar classes. The 
testing database consists of 336 images that are obtained by dividing large borehole 
images into parts. These images are manually divided into four classes by an expert. 
In classes 1-4, there are 46, 76, 100, and 114 images in each class, respectively.  
Figure 2 presents three example images of each four class.  
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4.2   Classification Experiments 

In the experimental part, the principle for classification was selected to be k-nearest 
neighbor (k-NN) method in base classification and final classification. Barandela et al. 
[2] have proved that nearest neighbor principle is efficient and accurate method to be 
used in classifier combinations. Classification results are obtained using leave one out 
validation principle [4]. The distance metrics for the comparison of histograms in the 
base classification was selected to be L1 norm. In the CPV method, the final classifier 
used L2 norm (Euclidean distance) to compare CPV:s. 

The histograms were calculated for the database images in HSI color space. In the 
classification experiments we used hue (H) and intensity (I) channels, which have 
been proved to be effective in color description of rock images [12]. The hue and 
intensity histograms were calculated for the images quantized to 4, 16, and 256 levels. 
Hence the number of the features was six. The classification was carried out using 
values of k varying between 1 and 15. In the first experiment, the classification rate of 
CPV method was compared to that of separate base classifiers which use different 
histograms. In this comparison, also the classification accuracy all the histograms 
combined into a single feature vector was tested. The average classification rates are 
presented in figure 3 as a function of k. The second experiment measured the classifi-
cation accuracy of different classifier combination strategies compared to CPV 
method. The idea of this experiment was to combine the six base classifiers that use 
different histograms as input features. In this case, CPV was compared to the most 
usual probability-based classifier combinations, sum, max and median rules [8].  
Product  rule  is  not  included  into  comparison,  because the probability estimates of  

 

Fig. 3. The average classification rates of the rock images using base classifiers that use differ-
ent histograms and the classifier combination (CPV) 
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k-NN classifiers are sometimes zero, which may corrupt the result. In addition to the 
selected probability-based combination methods, we used also majority voting and 
our previously introduced CRV method [11] in the comparison. Figure 4 presents the 
results of this comparison with k varying between 1 and 15. 

 

Fig. 4. The average classification rates of the rock images using different classifier  
combinations 

4.3   Results 

The results presented in figure 3 show that using CPV the classification accuracy is 
clearly higher than that of any single base classifier. The performance of CPV is also 
compared to the alternative approach, in which all the histograms are collected into a 
single feature vector. This vector is very high dimensional (552 dimensions), and its 
performance is significantly lower than in the case of CPV. This observation gives the 
reason for the use of classifier combinations in the image classification. That is, dif-
ferent features can be combined by combining their separate base classifiers rather 
than combining all the features into a single high dimensional feature vector in classi-
fication. This way, also the “curse of dimensionality” can be avoided. 

The results of the second experiment presented in figure 4 show that CPV method 
outperforms the other classifier combinations in the comparison with a set of rock 
images. Also the CRV [11] method gives relatively good classification performance. 
Only with small values of k CPV is not accurate one. This is due to the probability 
distributions used by CPV are able to effectively distinguish between image classes 
only when more than three nearest neighbors are considered in k-NN algorithm. 
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5   Discussion 

In this paper, we presented a method for combining classifiers in the classification of 
real rock images. Due to their non-homogenous nature, the classification of them is a 
difficult task.  We presented a method for an effective multilevel color representation 
using our classifier combination strategy, classification probability vector (CPV). In 
CPV method, the feature vector that describes the image content is formed using the 
probability distributions of separate base classifiers. The probabilities provided by the 
base classifiers form a new feature space, in which the final classification is made. 
Hence the final classification depends on the metadata of the base classification, not 
the image features directly. This way the non-homogeneities of individual features do 
not have direct impact on the final result.  

In the color-based image classification, like in image classification in general, it is 
often beneficial to combine different visual features to obtain the best possible classi-
fication result. Therefore, classifiers that use separate feature sets can be combined. In 
this study this feature combination approach was applied to color histograms with 
different numbers of bins. By combining the histograms using classifier combina-
tions, a multilevel color representation was achieved. The experimental results 
showed that this representation outperforms any single histogram in classification. 
Furthermore, CPV method also gives better classification accuracy than any other 
classifier combination in the comparison. 
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