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Abstract. How to measure the uncertainty in remotely sensed data is one of key issues in the uncertainty 
research on remotely sensed information. In this paper, we utilize information theory, rough set theory to 
measure the uncertainty in classified remotely sensed imagery and then propose multi-level measurement 
indices for classified remotely sensed imagery, that is, pixel-level index, class/object-level indices and image-
level indices. Following these above discussions, a case study of the Landsat TM image on China Yellow 
River Delta is used to describe the multi-level measurements.  
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1. Introduction 
1.1. Uncertainty Research on Remote Sense Information 
Remote sensing, as a rapidly developing technology for acquiring the information on earth surface, provides 
the strong technical support for multi-level geo-spatial data acquisition, for instance, airborne, space remote 
sensing, optical remote sensing and microwave remote sensing. It plays an important role in acquiring data 
from earth surface, and has been widely used in military science, geology, biology, environment science and 
other fields.  

Due to environment interference, the limitations of data acquisition and processing devices, remotely 
sensed data unavoidably contains errors, which will eventually lead to the uncertainty in remote sensing 
information (Congalton, 1991; Congalton and Green, 1999; Zhang and Goodchild, 2002; Shi, 2007). In the 
meantime, because of the fuzziness of surface object definition, knowledge and concept incompleteness on 
object, these factors further increases the uncertainty in remotely sensed data. These uncertainties influence 
to some extent on the efficiency of remote sensing technology and may restrict the applicability of remote 
sensed products (Ge, 2003; Ge etc，2005). More seriously, some may affect the decision-making. Therefore, 
how to detect the sources of uncertainties, and analyze their natures and types, and how to weaken the 
influence of uncertainty on the consequent process become essential issues in research on uncertainty in 
remote sensing information. Especially, it is an important basic theoretical issue to establish a set of 
measurement indices for the quality of remote sensing information.  

1.2.  Existing Measurement indices for Remote Sense Information  
Currently, measurement indices for classified remotely sensed imagery have been investigated a lot. There 
mainly include two types to measure the uncertainty in remote sensing information: pixel-based indices and 
category-based indices (Shi, 1998; Bo, 2002). Uncertainty measurement indices in pixel scale include 
Shannon entropy, fuzzy entropy, probability residual, confusion index (CI) etc. Although pixel-based 
measurement approaches can be used to assess the uncertainty spatial distribution of remotely sensed 
classification image, it lacks the overall uncertainty description of categories or objects (Ge et al., 2005). 
While category-based indices, including error matrix, Kappa coefficient, probability vector etc. can represent 
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the uncertainty in the classified category, but it assumes that all the pixels within a certain category have the 
same uncertainty. Moreover, when we use error matrix to calculate the producers and user accuracy of 
categories and overall accuracy etc, these computational methods are generally influenced by sampling 
methods and sample size. 

Based on the traditional measurement methods, incorporating rough set theory, this paper propose a 
multi-level measurement indices for classified remotely sensed imagery, that is, pixel-level index, 
class/object-level indices and image-level indices. This method can give more comprehensive measurements 
for classified remotely sensed imagery as shown in Figure 1. Following these above discussions, a case study 
of the Landsat TM image on China Yellow River Delta is used to describe the multi-level measurements. 

 

Fig. 1: Conceptual model of Multi-level measurements. 

2. Multi-level measurements 
2.1.  Application of Rough Set Theory in Uncertainty Measurement of Remote Sensing 

Information 
Rough set theory is the theoretical system which handles the uncertainty of knowledge, concept in 
information system and decision table (Pawlak, 1982; Pawlak, 1992). Its purpose is to acquire the 
approximation expression of concept (object) from obtained data. Compared with probability theory, fuzzy 
set theory, evidence theory or other theories handling uncertainty, the well-known feature of rough set theory 
is that it can deals with uncertainties without any additional prior information such as probability distribution 
in statistical theory and membership in fuzzy set theory etc. In addition, rough set and these theories are 
highly complementary (Zhang et al., 2001; Liang and Li, 2005). 

The roughness of knowledge, also called granular, is caused by insufficient classification capacity of 
human or intelligent system (Zhang et al., 2001; Liang and Li, 2005). In the application of remote sensing, 
the smallest scale description for the real world in remotely sensed imagery is a pixel. Since influenced by 
the spatial resolution of sensor and the spatial scale of surface characteristics, an acquired remotely sensed 
imagery, which comprises the set of pixels, can not reproduce the characteristics of the real world 
proportionally and entirely, but only be a approximate expression to some extent. As it constitutes the 
granular characteristics to express the knowledge and concept of the real world which is so-called the 
roughness, we can use the rough set theory handling the uncertainty issue in the remotely sensed imagery.  

Incorporating rough set theory and the entropy theory, in this paper, we use Shannon entropy, degree of 
roughness, rough entropy, quality of approximation, and accuracy of approximation measurement indicators 
to measure the uncertainty of pixels, objects and the overall imagery in the attribute information of the 
classified remotely sensed imagery. 

2.2.  Uncertainty Measurement in Pixel Scale  
The uncertainty measurement indices based on the pixel can be used to evaluate the uncertainty of single 
pixel within the image, which can be taken as the basic evaluation criteria when we fuse different remotely 
sensed data or integrate with other data such as GIS data. In rough set theory, one of the uncertainty 
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measurement methods is Shannon entropy. The basic idea can be briefly described as follows: use 
knowledge to partition a data space and then derive a probability distribution related to discretization 
information system. The Shannon entropy of the probability distribution can be treated as a measurement for 
the roughness. If the knowledge is constituted by all the attributes in information system, the Shannon 
entropy is considered as the entropy of the system (Liang and Li, 2005). Here, we propose the uncertainty 
measurement approach based on the Shannon entropy for pixels. 

LetU is universe, 1{XX = , 2X ,…, }nX is a set of partitions inU , )( ii XPp = denotes a probability 
distribution, so we can have: 
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)(XH is Shannon entropy of information source X . When 0=ip , 00lg0 =⋅ . Obviously, nXH lg)(0 ≤≤ . 
The closer to 0 the )(XH  is, the smaller the uncertainty of the information source X  is. We can calculate 
the Shannon entropy of each pixel using the probability vector in remote sensing classification image, and 
then obtain the measurement index of uncertainty for pixels. 

2.3. Uncertainty Measurement in Object/Class Scale  
So-called objects can be considered as a whole classified category, such as grass land, water, or some 
interested objects which refer to the spatial independent objects within a class. Measurement indexes for 
objects/Class can be represented using rough entropy and rough degree in rough set theory. These two 
measurement indexes can assist us to assess the quality of result from data integration or fusion such as 
overlay operation. The mathematical definition of rough degree and rough entropy in the rough set theory are 
given below: 

Corresponding to the basic concepts in the rough set theory, in a remotely sensed imagery, ),( AUS =  
is an image which can be considered as an information system, where U  denotes all the pixels in the image, 
the attribute set A  could be the gray values from different bands, texture and geometry characteristics etc. 

},,,{/ 21 mRRRAU L=  is a classification of the remotely sensed imagery. UX ⊆  can be taken as the 
surface object or category which is a kind of approximate representation for real world. As the set of pixels 
cannot describe accurately the surface object X  in the real world, the lower approximation XB  and upper 
approximation XB  in the rough set theory can be used to approximately describe X  as  

}|/{ XYAUYXB ⊆∈= U                                                        (2) 

}|/{ ∅≠∈= XYAUYXB IU                                                     (3) 
The probability vector/fuzzy membership for each pixel obtained from the Maximum Likelihood 

Classification (MLC) or Fuzzy C-means (FCM) can be used to calculate the upper and lower approximation 
of X . The lower approximation includes pixels which maximum probability component or fuzzy 
membership equals 1 or is greater than a predefined thresholdα . The upper approximation includes pixels 
which maximum probability component or fuzzy membership is greater than 0 or greater than a predefined 
threshold β . Generally speaking, αβ −= 1 . When we have defined the thresholds α  and β  to calculate the 
upper and lower approximation of object X , and the conditional probability  
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Then, the model has similar form to the probability rough set model, where ][x  is the set of equivalent 
class f x , and |][| x  is the cardinality of set ][x , which represents the number of elements in the set. In the 
remotely sensed imagery, this means the pixels with large probability belongs to class X  is assigned to the 
pixel set of surface object X (lower approximation of X ), and the pixels with small probability belongs to 
class X  are excluded from the pixel set of surface object X (upper approximation of X ). 

The rough degree of rough set X  is 
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Obviously, 1)(0 ≤≤ XAρ . The closer to 0 )(XAρ  is，the smaller the uncertainty of X  becomes. 
The rough entropy of rough set X  on S  is 
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Obviously, ||log)(0 UXEA ≤≤ . When )(XEA  approaches 0 ， the uncertainty of X  becomes 
smaller. 

In a classified result, we can calculate the rough degrees for different objects within the same class, and 
then compare their uncertainties in term of rough degrees. We also calculate the rough degrees for different 
classes and then compare their uncertainties in term of rough degrees. If needs to compare the uncertainties 
in classified results from different classifiers, the calculation of rough entropy is required.  

2.4. Uncertainty Measurement in Image Scale 
As to the uncertainty measurement for image scale, we can use the accuracy of approximation and the 
quality of approximation to evaluate. These two indexes also can be used to assess the uncertainty of 
classified results from different classifiers. 

The overall uncertainty of an image can be measured through rough entropy, accuracy of approximation 
and quality of approximation. These indices can be chosen according to user purpose. The mathematical 
definition of accuracy of approximation and quality of approximation are given below.  

Let },,,{ 21 nXXX L=ξ  is a classification or partition in U , B  is set of attributes or equivalent 
relation, B  lower approximation and upper approximation of ξ  are defined as below: 

},,,{ 21 nXBXBXBB L=ξ  

},,,{ 21 nXBXBXBB L=ξ  

The accuracy of approximation can be represented by B  and ξ ： 
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The quality of approximation can be represented by B  and ξ  
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The accuracy of approximation denotes the percentage of correct decisions among the possible decisions 
when classification using attribute B , while the quality of approximation describes the percentage of the 
objects correctly classified into category ξ  according to attribute B .  

These two indices, accuracy of approximation and the quality of approximation, also can be used to 
measure the uncertainty caused by different classifier, and they reflect the overall uncertainty of the image. 
From the definition of two measures, we may have )()( ξγξα PP ≤ . Because during the calculation 
of ∑
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3. A Case Study 
The study area was selected from a Landsat TM image which was taken over the Chinese Yellow River 
Delta on August 8, 1999. The image area is located at the intersection of the terrain between Dongying and 
Binzhou, Shandong Province. The image size is 515 × 515 and its resolution is 30 m. Its left-upper latitude 
and longitude coordinates are 118o0'34.07''E and 37o22'24.00''N, respectively, and its right-lower latitude 
and longitude coordinates are 118o10'52.83''E and 37o13'58.13''N, respectively. Figure 2 is the 5, 4, 3-band 
pseudo-color composition image. This image contains six land cover types which are water, bottomland, 
urban, Agriculture_1, Agriculture_2 and bare ground respectively. The image was classified through 
Maximum Likelihood Classification method (MLC), and no pixel was allowed to be assigned to a NULL 
class. The classification result is shown in Figure 3. 

Consequently, the upper and lower approximations of surface objects are calculated according to the 
posterior probability from MLC result. Based on the above discussion, we apply different uncertainty 
measure mentioned above to the data from the study area. Figure 4 is the Shannon entropy which has been 
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normalized. In Figure 4, the pixels with gray value 0 represents their uncertainties are 0 and pixels with gray 
value 255 means their uncertainties are maximum. We can see from Figure 4 that most pixels which 
represents water have low uncertainty degree, while the bare ground, agriculture_1 and agreiculture_2 have 
higher uncertainty degree. 

 
Fig. 2: Landsat TM pseudo-color                         Fig. 3: MLC result of the image.  

composition image. 

 
Fig. 4: Shannon entropy. 

We choose 9 different βα ,  thresholds to calculate the rough degree and rough entropy. The results are 
shown in Figure 5 and Figure 6.Compared other land covers in all results, we can see that water has the 
smallest uncertainty, while the uncertainties in bare ground, agriculture_1 and agreiculture_2 are higher than 
other land covers. There are also some common characteristics for all the land cover types. For example, all 
uncertainty degrees decrease as the threshold α becomes smaller. This means that when α  decreases, more 
pixels are contained into the lower approximation of that land cover, while more pixels are excluded from 
the upper approximation. Selecting three group thresholds ： 00.1=α ， 00.0=β ； 80.0=α ，

20.0=β ； 60.0=α ， 40.0=β respectively, we can use Figure 7 to represent the corresponding rough 
degree and rough entropy under different thresholds. 

 
Fig. 5: Rough de: Rough degree under different thresholds. 
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Fig. 6: Rough entropy under different thresholds. 

 
Fig.7: First column: Rough degree under different thresholds; 

Second column: Rough entropy under different thresholds. 
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By assigning different thresholds, we can obtain a series of qualities of approximation and accuracies of 
approximation as shown in Figure 8. When the threshold α decreases, the uncertainty of whole image 
decreases, i.e., the certainty increases. 
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Fig. 8: Quality of approximation and accuracy of approximation 

4. Discussion 
In addition above discussion, due to the limitations of classical rough sets, several extended rough set models 
can be used to handle some issues, for instance, variable precision rough sets, rough fuzzy sets and fuzzy 
rough sets. Furthermore, we introduce rough set to evaluate the quality of sample during the supervised 
classification using non-consistency and separability.  

4.1. Extended Rough Set Models in Measuring the Uncertainty in Remotely Sensed Data 
(1)Variable Precision Rough Sets：One limitation of Pawlak’s rough set is that the classification must 

be completely accurate or determined. This is a cause of classical rough set model which is strictly based on 
equivalent classes and has less consideration on the overlap degree. Another limitation of the Pawlak’s rough 
set is that the conclusions can only apply to the set modeled. However, in practical applications, conclusions 
obtained from small scale data set, which can be seen as a sample from the population, should be generalized 
to large scale data set, which can be taken as the population. Variable precision rough set is an extension of 
Pawlak’s rough set. It allows the overlap between equivalent classes to some extent. We can use the majority 
inclusion relation of variable precision rough set models to analyze and judge the quality of sample data, as 
well as compare and evaluate the quality of sample schemes. 

(2)Rough Fuzzy Sets：When dealing with the issue of the fuzzy and uncertainty, classical Rough set 
theory focuses on the roughness and it emphasises on the indiscernibility of the border region, while the 
fuzzy set emphasises on the fuzziness of the border region. When the knowledge is crisp in the knowledge 
base and the object to be appropriated is fuzzy, this is a kind of rough fuzzy set. In the case of remote sensing, 
when remotely sensed data is accurate while the surface object/land cover type is fuzzy, for instance, the 
border region, we can use rough fuzzy set to handle this case.  

(3)Fuzzy Rough Sets: When knowledge is fuzzy in knowledge base, while the object to be appropriated 
is also fuzzy. This set is fuzzy rough set. In the case of remote sensing, if the classified result with 
uncertainty were used to make decision, then the fuzzy rough set can be adopted to handle this situation. 

When applying the rough fuzzy set and fuzzy rough set to handle the above cases, we can utilize features 
of both fuzzy theory and rough set theory. Doing this way can help us to reach more comprehensive and 
practical quality assessment.  

4.2. Measurement of Sample Data Quality in Supervised Classification 
Sample points play an important role in supervised classification of remotely sensed imagery. It provides 
training data for classifier and test data for classification result. Therefore, it is important to study how to 
choose sample points, determine sample volume and guarantee quality of sample points. Generally, sample 
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points are acquired through prior knowledge or experience. Under same sample pattern and equivalent 
sample volume, the “real effect” of the sample data sets, which is used as training area for the classifier, can 
only be validated and appraised after the image is classified. So, it is a meaningful work that how we can 
measure sample data as well as guide and optimize the classification process before classification. Rough set 
can be used to measure the data quality from two aspects, which are non-consistency and separability of 
sample data respectively. 

Non-consistency: In the supervised classification process of remotely sensed imagery, the sample data 
has been specified by user or acquired from classification information of higher resolution image, so the 
category for each pixel in sample data has been known. The category information can be taken as the 
decision attribute in the information system, while spectral information or spatial information can be 
considered as the conditional attribute. Thus the Sample data and its attributes constitute a decision system in 
the rough set theory. So we can utilize the rough set theory to measure the uncertainty of the sample data 
through the non-consistent degree of the pixels’ category information. 

Separability: The majority inclusion relation of the variable precision rough set model can be used to 
analyze and judge the quality of the samples selected, as well as compare and assess data quality of sample 
data from different sample area. 

5. Conclusion 
The issue of how to measure comprehensively and accurately the uncertainty in remote sensing information 
has attracted lots of attention in the past decades. Based on the traditional measurement methods, 
incorporating rough set theory, this paper further proposed a multi-level measurement indices for classified 
remotely sensed imagery, that is, pixel-level index, class/object-level indices and image-level indices. This 
method can give more comprehensive measurements for classified remotely sensed imagery. These indices 
can help users to track the error and uncertainty propagation in processing the remotely sensed information, 
and provide us quality assessment means for the integration or multi-source data fusion as well as 
information extraction. Meanwhile, they are complementary for the traditional measurements. 

Currently, the uncertainty measurement or assessment mainly discusses on the uncertainty in attribute 
information in the remotely sensed imagery. As a matter of fact, the uncertainty of pixel includes not only 
the uncertainty from spectral (attribute) information, but also the uncertainty from positional information (Ge 
and Wang, 2004). How to analyze and measure the uncertainty from the integration of positional and spectral 
information will be investigated in the near future. 
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