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Abstract. This paper puts forward new approaches to solve the pattern 
classification problems by using granularity computing of quotient space 
theory. Through learning the training samples reorganized by different 
granularities, the difficulty and complexity of the learning is reduced, and 
the classification accuracy is improved greatly. Moreover granular 
computing is used to solve the classification problems with incomplete 
information system in this paper. Since the granular computing methods are 
accords with the human cognitive custom, they can improve the quality of 
classification algorithm effectively. The adoption of this approach will 
largely expand the extent of various classification algorithms. The detailed 
procedures of these two methods based on granular computing and their 
corresponding experimental results are present which validate our 
proposed methods highly. 

Keywords: Classification, training samples, incomplete information, granular 
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1 Introduction 
 Learning from samples is one of the crucial steps in the Machine Learning (ML). Many 
studies have been done in this field, among which are regression model, nearest neighbor 
classifier, Bayesian networks, rough set, decision tree induction, induction rules learning, 
genetic arithmetic, neural networks, support vector machine and so on. When a classifier 
is built, one has paid more attentions on algorithms, but neglected the training of data 
themselves. Due to differences and complex of the real world samples, some 
classification approaches used in some circumstances may have high accurate recognition, 
but have low recognition rate in other circumstances. It is hard to keep high classification 
accuracy if we only study the methods of classification while ignoring the samples, 
particularly when the different class of instances with similar features. An outstanding 
characteristic of human is that human can observe and analysis a problem at different 
levels. If we deal with samples with granular computing and a classifier can learn from 
these re-organized data, a high classification accurate rate will be got comparing with 
learning from the raw data directly. When dealing with classification problem, it is 
inevitable to meet the empty value, which stands for the inaccessible information. Most 
of current classification algorithms only cope with the samples without empty values. It is 
one of the most difficult problems in the research of the uncertain data analysis system [1]. 
However people can fellow the hierarchical principle to utilize the acquired knowledge to 
reduce the scope of the problem to solve until the ideal results are obtained[2]. By this way, 
human being can obtain the satisfied result of a problem with limited knowledge, which 
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is avoiding the incompleteness in deep level of the knowledge. An approach to solve the 
classification problems of the incomplete information system is proposed in this paper 
based on granular computing which is accord with the customs that human being realizes 
the world. 

 This article firstly discusses some related theories, and then proposes a classification 
method by granular computing training samples, i.e., the classifier is built by the 
reorganized samples, finally uses granular computing method to solve classification 
problem with incomplete information. 

2 Related Granule Theory and Decision Systems 

2.1 Description of Different Granularity World 

Definition1: If X, Y are two sets, then X×Y be the product of sets X and Y, where 
R⊂X×Y. If ∀ (x,y) ∈R, and (x,y) ∈R, then x and y has a relation R,  marked as xRy, 
and R is one of the relations of X×Y[2] 

Definition2: ∀ x∈X, [x]={y|x~y} is the equivalence class of x [2] 

Definition3: Let [X]={[x]|x∈X}, then [X] is the quotient set of R [2]  

 So quotient set is the new space made of the equivalence class [X] as new elements, 
and is the domains of coarse granularity of original space. 

Definition 4: Suppose attribute function of x be multi-dimensional, let x have n attribute 
f1, f2,L , fn, and  attribute f1, f2, L , fi  be not considered, then the instances have the same 
values of attribute fi+1, fi+2, L , fn  can be classified into one class. It is called Projection 
Classification [2]. 

2.2 Decision Consistency 

Definition 5: If T=(U,A,C,D) is the decision table, with C,D ⊆ A as two subsets of 
attribute set A, C is called as condition attribute and D as decision attribute, then the 
function dx is defined as dx=a(x), where a∈A,x∈U, and dx is one decision rule in T. If 
a∈C, it is denoted as dx|C, which is the condition part of the decision rule; if a∈D, then 
dx|D, which is the conclusion part of the decision rule[3]. 

Definition 6: Give any instance y≠x, if dx|C = dy|C→dx|D = dy|D, dx is regarded as 
decision consistency, otherwise it is not inconsistency[3]. 

Definition 7: If all the decision rules are decision consistency, their decision table 
T=(U,A,C,D) is decision consistency, otherwise their decision table is decision 
inconsistency. 
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2.3 Incompleteness 

 As for the data in the real world, there are large quantities of one or more dimensions 
ambiguous or default data. If , , ( ) *x U a A a x∃ ∈ ∈ = , that is a(x) does not have value 
assignment, then the information system (U,A,{Va},a) is incomplete, where x is 
incomplete sample and a is the incomplete attribute, otherwise this system is complete. 
The corresponding decision system of the incomplete information system is called the 
incomplete decision system. 

3 Granularity Analysis the examples 

3.1 Compute with Coarse Granularity 

 We take the classification of signal modulation type as example to illustrate our 
granularity analysis. Modulation type classifier plays an important role in many civilian 
and military communication applications such as signal confirmation, interference 
identification, RF monitoring, spectrum management and electronic warfare, etc. 
Modulation types can be categorized into many kinds of amplitude modulation, phase 
modulation, frequency Modulate and so on. The common concerned signal modulation 
types include AM, DSB, USB, LSB, FM, 2ASK, 4ASK, 2FSK, 4FSK, 2PSK, 4PSK, etc. 
Most classification methods are chosen ten features of the signals such as instantaneous 
amplitude, instantaneous frequency, instantaneous phase and other related statistic 
characteristic parameters for the instinct features of signals and the frequency spectrum 
symmetry for the signals carry frequency, etc. However, 2FSK and 4FSK signals are only 
different in one attribute of standard deviation of absolute values of normalized 
instantaneous frequency (SDAVNIF), but are the same in other 9 attributes. USB and 
LSB signals are only different in the attribute of the frequency spectrum symmetry of 
carry frequency. Almost all methods developed for modulation classification are learned 
from the training set directly, therefore when a new signal of 2FSK, 4FSK, USB or LSB 
comes, the classifier is often giving an error class label. If we process such data with 
coarse granularity, things will change a lot. Take a sample set K = {X1,X2,X3,X4} = 
{{x1,x2,x3}, {x4,x5,x6}, {x7,x8,x9}, {x10,x11,x12}} with every input vector xi of 7-dimension 
attributes for an explanation. Here: 

x1=(1,1,1,1,8,1,1),     x2=(1,1,1,1,2,1,1), 
  x3=(1,1,1,1,5,1,1),     x4=(11,3,2,2,1,2,1), 
  x5=(12,3,8,2,3,5,6),    x6=(12,5,9,2,1,4,6), 

   x7=(1,1,1,1,23,1,1),    x8=(1,1,1,1,18,1,1), 
   x9=(1,1,1,1,37,1,1),    x10=(2,2,2,9,6,2,4), 
  x11=(2,3,4,8,7,2,4),      x12=(3,2,2,8,7,5,4); 

 There are four class instances, of which X1 and X3 class instances bear the other 
entire same attributes except the different fifth dimension attribute. If a classifier is built 
directly on such instances, the generalizing ability will be weak in predicting unseen 
samples. A slight fluctuation of the instances will lead to a wrong recognition. The more 
dimensions is the instance, the more serious this problem will be. Because the differences 
of fewer dimensions of the different class instances cannot affect the points on nS  
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effectively, they are too near to each other to be differentiated. If the X1 and X3 are 
clustered into one class, namely new set of training examples K1 = {{x1,x2,x3,x7,x8,x9}, 
{x4,x5,x6}, {x10,x11, x12}} is obtained by coarse granularity treatment, then the problem of 
learning will be perfectly solved. For a vivid explanation, Fig.1 and Fig.2 show this 
problem in two-dimension.  

                                            
 

Fig.1. samples                                         Fig.2. samples with coarse granularity treatment 
 

 Fig.1 shows that due to the near positions between middle solid dot class instances 
and empty dot class instances, it is hard to build an effective classifier. However, Fig. 2 
shows that by combining the middle two different classes with one class data, we can 
easily get the middle large area samples as a same class samples. This will greatly reduce 
the difficulty of building a strong classifier, and then improve the recognition ability 
greatly.  Since the mixed class is composed of different classes, there must be the 
intrinsic differences among them. For the above instance, the fifth attribute of X1 and X3 
has the essential difference. Its maximum in X1 is 8 while its minimum in X3 is 18, so the 
coarse granularity of these two-class data can be distinguished according to the fifth 
dimension attribute. The key to distinguish the mixed class is consequently to seek the 
essentially different attributes in the clustered class, which can be one or more than one 
attribute. In summary, this algorithm can be presented below: 

 For a given instance set K and attribute set F, 
a According to the prior knowledge or the clustering of the instance set K, coarse 

granular computing the similar instances to form new sample set K1. 
b Select a classification algorithm to learn from the new granularity instance set 

K1. 
c Seek the essentially different attributes F1 in the clustered class. If there is 

certain prior knowledge, the F1 can be chosen directly through known 
experience. 

d Projected the instances in coarse granularity by attributes F1, and another 
classifier is obtained from learning the instances with attributes F1. 

 
 In recognition procedure, if the instances are classified as a mixed class label, the 
classifier formed by learning from the coarse granularity instances are used to identify the 
mixed class. Through this approach, signal modulation type can be recognized at very 
high accurate results (see 4.1). 
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3.2 Granular Computing the Incomplete Information System  

 Suppose an incomplete decision system which samples are obtained from the 
original database be likely in Table 1, where {A,B,C,F,G} is as the condition attributes 
and {D} as decision attribute. Most of current classification algorithms are lacking of the 
study on incomplete information system. Here, we make use of granular computing 
approaches to solve the classification problems with incomplete information. 

 By carefully studying samples in Table 1, we find out that there are large quantities 
of default values in the condition attributes {F,G}. Then the attribute projecting can be 
done to form new condition attribute C={A,B,C}. This is not a decision consistency table. 
Decompose this table into two tables: Table 2--one totally inconsistent decision table, and 
Table 3--one consistent decision table. 

Table 1. incomplete decision system 
U A B C F G D 
1 1 0 2 1 1 2 
2 2 0 0 1 * 1 
3 0 1 1 * * 1 
4 1 1 0 * * 2 
5 2 2 0 * 2 1 
6 1 0 2 3 * 0 
7 2 1 1 2 * 1 
8 0 1 1 * * 0 
9 0 1 1 1 2 1 

  
Table 2 .  inconsistent decision table 

U A B C D 
2 2 0 0 1 
4 1 1 0 2 
5 2 2 0 1 
7 2 1 1 1 

 
Table 3.  consistent decision table 

U A B C D 
1 1 0 2 2 
3 0 1 1 1 
6 1 0 2 0 
8 0 1 1 0 
9 0 1 1 1 

 The totally inconsistent decision table should be processed and the contradictory 
decision part can be coarsely granular computed. If we mix different class label samples 
which have the same condition attributes such as d1|C= d6|C ={1,0,2}, d3|C=d9|C={0,1,1} 
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with a coarse decisions, i.e. the original decision becomes a coarse granular one, then a 
new decision d1|D=d6D ={{2,0}}, d3|D=d8|C= d9|C {{1,0}} is formed as in Table 4. 

Table 4. consistent decision table 
U A B C D 

(1,6) 1 0 2 {2   0 } 
(3,8,9) 0 1 1 {1   0 } 

 
 In this way, the samples in Table 4 are consistency and can be used for 
classification learning. In the recognition process, if the result belongs to the mixed class, 
then the confidence of the sample in fine class will be given according to the number in 
the decision system. When the condition attribute is di, the sample is classified dij with the 
confidence (di|C→ dij|D) = # dij /# di. Here, #dij refers to the number of samples which 
decision class is dij|D and condition attribute is di|C, and # di is the number of samples 
which condition attribute is di|C. For instance, if attributes of the samples is 
{A,B,C}={0,1,1}, the confidences for class label{1} or {0} are 0.67 and 0.33, 
respectively. But in the attribute {A,B,C}={1,0,2} sample, the confidences for class label 
{2} or {0} are both 0.5. 

4 Experiments 

4.1 Compute Samples with Granularity 

Recognition of modulation type of communication signals 
  

In simulations, every modulation type signal produces 100 instances respectively, 
which amounts to 1100 instances in all of the eleven type signals. A 5-fold cross 
verification will be used. Here coarse granularity treatment is used to combine 2FSK and 
4FSK, and to combine USB and LSB as one class, respectively. When one enters the 
mixed class label of 2FSK and 4FSK, their SDAVNIF attribute is used to confirm its 
actual class. The feature of the frequency spectrum symmetry of carrier for USB and LSB 
is used when the test instances fall into USB and LSB combination class. The recognition 
results of the covering algorithm [4] are listed in Table 5.  

Table5. experiment results 
Item raw data coarse granularity data

Accuracy 90.3% 98.2% 
 By inspection of the errors, it is found that, in raw data experiment, mistakes are 
mainly made in the mutual wrong judgment between 2FSK and 4FSK, USB and LSB; 
however, in coarse granularity data experiment, the accurate ratio of recognition 
improved a lot because the mutual wrong judgment between 2FSK and 4FSK, USB and 
LSB is reduced. 

Glass Instance Learning 
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 The glass data from the UCI ML data[7] has 7 classes, 10 attributes and 214 
instances. Six classification methods are used[9], but a horizontal multi-layer classifier has 
the highest recognition rate 63.87%. Here we choose covering algorithm as a classifier[4]. 
Due to comparative similar of class 1 and 2, coarse granularity treatment is made to mix 
them into one class. A 5-fold cross-validation is used with the results shown in Table 6.  
The result shows that the accuracy of coarse granularity data has improved a lot. 

Table 6. experimental results 
Item raw data coarse granularity data 

Accuracy 65.2% 80.1% 

 

4.2 Process the Incomplete Information System in Granular Computing 

Hepatitis recognition 
  

The hepatitis recognition data contains 20 attributes (1 class attribute including) with 
155 samples supplied by G..Gong etl. in 1988 [7]. There are large quantities of missing 
value with the highest founded accurate recognition rate 83%. Firstly, we deal with the 
data in the subsequent steps: 155 samples are divided into 80 complete and 75 incomplete 
elements. Secondly, delete two dimensions of the most defaults attributes and divide the 
75 incomplete samples into 49 complete, 26 incomplete samples. Thirdly, choose 9 
dimensions of attributes with the least attribute defaults from 26 incomplete samples. At 
this time, 26 samples are divided into 24 complete and 2 incomplete elements, as is 
shown in Figure 3. 

 
 
 
 
 
 

 
Figure 3. data processing process 

 
 Here covering algorithm and SVM are chosen, with the results shown in Table7. 

Table7. experiment results 
Methods Samples×

attributes 
Sample 
number

Training
number 

Accurac
y (%) 

60 20 83.7 
64 16 86.2 SVM 80×20 
67 13 86.4 
60 20 80.5 
64 16 92.3 Covering 

algorithm 80× 20 
67 13 90.91 

155×20 

80×20

75×20 24×9

129×18

49×18

26×18
2×9

153×9
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97 32 80.0 
104 25 86.0 SVM 129× 18 
111 18 81.89 
90 32 77.0 

104 25 85.7 Covering 
algorithm 129×18 

108 21 80.89 

SVM 153×9 128 25 81.0 

Covering 
algorithm 153×9 128 25 86.0 

 
 The last 2 samples can only be judged respectively, due to their different default 
attributes and the results are all correct. 

5 Conclusions 
 This article proposes a new method to granular compute samples based on the result 
of samples clustering, and then learn from the new reorganized samples. It can improve 
the quality of classification algorithm effectively. The experiments are conducted to show 
its efficiency. Although the covering algorithm and svm algorithm are used to classify the 
test instances in this paper, the approach is also suitable for other classification methods. 
Meanwhile, an approach to solve the classification problems of the incomplete 
information system, which accords with the human cognitive custom, is also discussed in 
this paper. The adoption of this approach will largely expand the extent of various 
classification algorithms not directly suitable for incomplete samples classification and 
the approach can be used for knowledge discovery of the incomplete information system. 
The results of three experiments prove the effectiveness of the proposed approaches in 
the paper. 
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