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Abstract 

Remote-sensing image classification is a complex process that may be affected via lots of 
factors. This paper mainly examines current practices, problems, and prospects of remote-
sensing image classification. The aim is to focus on the summarization of major advanced 
classification methods and the techniques used for improving classification accuracy. This 
paper review suggests that designing a suitable image processing procedure is a 
prerequisite for a successful classification of remotely sensed data and the selection of a 
suitable classification accuracy. Neural network, decision tree classifier, and knowledge-
based classification have increasingly become important methods for remote-sensing image 
classification. However, more research is needed to identify and reduce uncertainties in the 
image processing chain to improve classification accuracy. 

Keywords: remote-sensing image, classification approach, preprocessing 
of image, feature extraction and selection.  
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1. Introduction 

Remote-sensing research focusing on image classification has long 
attracted the attention of the remote-sensing community because 
classification results are the basis for many environmental and 
socioeconomic applications. Many scientists have made great efforts in 
developing advanced classification methods and techniques for improving 
classification accuracy [1-9]. However, classifying remotely sensed data 
into a thematic map remains a challenge because many factors, such as 
the complexity of the landscape in a study area, selected remotely sensed 
data, and image-processing and classification approaches, may affect the 
success of a classification. Although much previous research are 
specifically concerned with image classification [10, 11]. A review of new 
methods will be highly valuable for guiding or selecting a suitable 
classification procedure for a specific study. 

The focus of this paper is on providing a summarization of major 
advanced classification approaches and techniques used for improving 
classification accuracy, and on discussing important issues affecting the 
success of image classifications. 

2. Classification Process 

Remote-sensing classification is a complex process and requires 
consideration of many factors. The major steps of image classification 
may include determination of a suitable classification system, selection of 
training samples, feature extraction, selection of suitable classification 
methods, and accuracy assessment. The user’s need, scale of the study 
area, economic condition, and analyst’s skills are important factors 
influencing the selection of remotely sensed data, the design of the 
classification procedure, and the quality of the classification results. The 
section focuses on the description of the major steps that may be involved 
in image classification. 
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2.1. Selection of a classification system and training samples 

A suitable classification system and a sufficient number of training 
samples are prerequisites for a successful classification. Generally 
speaking, a classification system is designed based on the user’s need, 
spatial resolution of selected remotely sensed data, image-processing and 
classification algorithms available, and time constraints. In many cases, 
a hierarchical classification system is adopted to take different conditions 
into account. 

A sufficient number of training samples and their representativeness 
are critical for image classifications [11-14]. Training samples are usually 
collected from fieldwork, or from fine spatial resolution aerial 
photographs and satellite images. Different collection strategies, such as 
single pixel, seed, and polygon, may be used, but they would influence 
classification results, especially for classifications with fine spatial 
resolution image data [13]. When the landscape of a study area is 
complex and heterogeneous, selecting sufficient training samples 
becomes difficult. This problem would be complicated if medium or coarse 
spatial resolution data are used for classification, because a large volume 
of mixed pixels may occur. So, the selection of training samples must 
consider the spatial resolution of the remote-sensing data being used, 
availability of ground reference data, and the complexity of landscapes in 
the study area. 

2.2. Feature extraction and selection 

Selecting suitable variables is a critical step for successfully 
implementing an image classification. Many potential variables may be 
used in image classification, including spectral signatures, textural or 
contextual information, and ancillary data. Due to different capabilities 
in land-cover separability, the use of too many variables in a 
classification procedure may decrease classification accuracy [15, 16]. It 
is important to select only the variables that are most useful for 
separating land-cover or vegetation classes, especially when hyperspectral 
data are employed. Many approaches, such as principal component 
analysis, minimum noise fraction transform, discriminant analysis, 
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decision boundary feature extraction, non-parametric weighted feature 
extraction, wavelet transform, and spectral mixture analysis [11, 17-23] 
may be used for feature extraction, in order to reduce the data 
redundancy inherent in remotely sensed data or to extract specific      
land-cover information. 

Optimal selection of spectral bands for classifications has been 
extensively discussed in previous reports. Graphic analysis and 
statistical methods have been used to identify an optimal subset of 
bands. 

2.3. Selection of classification method 

Many factors, such as spatial resolution of the remotely sensed data, 
different sources of data, a classification system, and availability of 
classification software must be taken into account when selecting a 
classification method for use. Different classification methods have their 
own merits. The question of which classification approach is suitable for 
a specific study is not easy to answer. Different classification results may 
be obtained depending on the classifier(s) chosen. 

2.4. Evaluation of classification performance 

Evaluation of classification results is an important process in the 
classification procedure. Different approaches may be employed, ranging 
from a qualitative evaluation based on expert knowledge to a 
quantitative accuracy assessment based on sampling strategies. To 
evaluate the performance of a classification method, Cihlar et al. [24] 
proposed six criteria: accuracy, reproducibility, robustness, ability to fully 
use the information content of the data, uniform applicability, and 
objectiveness. In reality, no classification algorithm can satisfy all these 
requirements nor be applicable to all studies, due to different 
environmental settings and datasets used. However, classification 
accuracy assessment is the most common approach for an evaluation of 
classification performance. The error matrix approach is the one most 
widely used in accuracy assessment [25]. In order to properly generate an 
error matrix, one must consider the following factors: (1) reference data 
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collection; (2) classification scheme; (3) sampling scheme; (4) spatial 
autocorrelation; and (5) sample size and sample unit. The Kappa 
coefficient is a measure of overall statistical agreement of an error 
matrix, which takes non-diagonal elements into account. Kappa analysis 
is recognized as a powerful method for analysing a single error matrix 
and for comparing the differences between various error matrices. 

In summary, the error matrix approach is the most common accuracy 
assessment approach for categorical classes. Uncertainty and confidence 
analysis of classification results has gained some attention recently, and 
spatially explicit data on mapping confidence are regarded as an 
important aspect in effectively employing classification results for 
decision making [26, 27]. 

3. Classification Methods 

Recently, lots of classification methods, such as artificial neural 
networks, fuzzy-sets, and expert systems, have been widely applied for 
image classification. Generally speaking, image classification approaches 
can be grouped as supervised and unsupervised, or parametric and 
nonparametric, or hard and soft classification, which is detailed in       
[10, 11, 28, 29]. 

3.1. Combination of multiple classifiers 

Different classifiers, such as parametric classifiers and non-
parametric classifiers have their own strengths and limitations [10, 11]. 
For example, when sufficient training samples are available and the 
feature of land covers in a dataset is normally distributed, a maximum 
likelihood classifier (MLC) may yield an accurate classification result. In 
contrast, when image data are anomalously distributed, neural network 
and decision tree classifiers may demonstrate a better classification 
result [8, 30, 31]. Previous research has indicated that the integration of 
two or more classifiers provides improved classification accuracy 
compared to the use of a single classifier. A critical step is to develop 
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suitable rules to combine the classification results from different 
classifiers. Some previous research has explored different techniques, 
such as a production rule, a sumrule, stacked regression methods, 
majority voting, and thresholds, to combine multiple classification 
results. 

4. Use of Multiple Features of Remote-Sensing Data 

As discussed previously, remote-sensing data have many unique 
spatial, spectral, radiometric, temporal, and polarization characteristics. 
Making full use of these characteristics is an effective way to improve 
classification accuracy. In general, the feature of spectral response is the 
most important information used for land-cover classification. As high 
spatial resolution data become readily available, textural and contextual 
information become significant in image classification. 

Spatial resolution determines the level of spatial detail that can be 
observed on the Earth’s surface. As fine spatial resolution data, such as 
IKONOS and QuickBird, become more easily available, they are 
increasingly employed for different applications. A major advantage of 
these fine spatial resolution images is that such data greatly reduce the 
mixed-pixel problem, providing a greater potential to extract much more 
detailed information on land-cover structures than medium or coarse 
spatial resolution data. However, some new problems associated with 
fine spatial resolution image data emerge, notably the shadows caused by 
topography, tall buildings, or trees, and the high spectral variation 
within the same land-cover class. These disadvantages may lower 
classification accuracy if classifiers cannot effectively handle them. 
Increased spectral variation is common with the high degree of spectral 
heterogeneity in complex landscapes. The huge amount of data storage 
and severe shadow problems in fine spatial resolution images lead to 
challenges in the selection of suitable image-processing approaches and 
classification algorithms. Last, but not least, high spatial resolution 
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imagery is much more expensive and requires much more time to 
implement data analysis than medium spatial resolution images. In 
order to make full use of the rich spatial information inherent in fine 
spatial resolution data, it is necessary to minimize the negative impact of 
high intraspectral variation. Spatial information may be used in different 
ways, such as in contextual-based or object-oriented classification 
approaches, or classifications with textures. The combination of spectral 
and spatial classification is especially valuable for fine land-cover 
classification systems in the areas with complex landscapes. As 
contextual-based and object-oriented classification approaches have been 
discussed previously, the following only focuses on the use of textures in 
image classification. In addition, many texture measures have been used 
for image classifications [32, 33]. 

5. Conclusions 

Image classification has made great progress over the past decades in 
the following three areas: (1) development and use of advanced 
classification algorithms, such as subpixel, per-field, and knowledge-
based classification algorithms; (2) use of multiple remote-sensing 
features, including spectral, spatial, multitemporal, and multisensor 
information; and (3) incorporation of ancillary data into classification 
procedures, including such data as topography, soil, road, and census 
data.  

Accuracy assessment is an integral part in an image classification 
procedure. Accuracy assessment based on error matrix is the most 
commonly employed approach for evaluating per-pixel classification, 
while fuzzy approaches are gaining attention for assessing fuzzy 
classification results. Uncertainty and error propagation in the image-
processing chain is an important factor influencing classification 
accuracy. Identifying the weakest links in the chain and then reducing 
the uncertainties are critical for improvement of classification accuracy. 
The study of uncertainty will be an important topic in the future research 
of image classification. 
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Spectral features are the most important information for image 
classification. As spatial resolution increases, texture or context 
information becomes another important attribute to be considered. 
Classification approaches may vary with different types of remote-
sensing data. For example, with high spatial resolution data, the severe 
impact of the shadow problem resulting from topography and vegetation 
stand structures and the wide spectral variation within the land-cover 
classes may outweigh the advantages from high spatial resolution if a 
per-pixel, spectral-based classification is used for these image 
classifications. Under this circumstance, a combination of spectral and 
texture information can reduce this problem and per-field or object-
oriented classification algorithms outperform per-pixel classifiers. 

Although spatial information is remarkably useful for fine spatial 
resolution data, how to effectively derive and use it in image 
classification remains a research topic. Texture, shape, and context 
information are currently most frequently used. However, even with the 
most widely used texture information, there is still much uncertainty in 
the determination of texture measures, image channel, window size, and 
other parameters. More research is necessary to develop a guideline for 
selecting textures suitable for different biophysical environments. 

The success of an image classification depends on many factors. The 
availability of high-quality remotely sensed imagery and ancillary data, 
the design of a proper classification procedure, and the analyst’s skills 
and experiences are the most important ones. For a particular study, it is 
often difficult to identify the best classifier due to the lack of a guideline 
for selection and the availability of suitable classification algorithms to 
hand. Comparative studies of different classifiers are thus frequently 
conducted. Moreover, the combination of different classification 
approaches has shown to be helpful for improvement of classification 
accuracy. It is necessary for future research to develop guidelines on the 
applicability and capability of major classification algorithms. 
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