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ABSTARCT 

          Hydrocarbon seepages are effective indicators of oil and gas presence in the underground. They may alter the rocks and 

cause mineral alterations at the surface. Through detecting the changes of minerals in the surface seeps can be identified by 

remote sensing technology. In this  project Advance Space borne Thermal Emission and Reflection Radiometer (ASTER) and 

WorldView-2 (WV-2) data were used to detect gas-induced alteration in the marly limestone formation in the World. In this  

project first a knowledge-based approach (band ratio and relative absorption band depth) was applied to detect alterations. Box 

plots were made for selecting mineral indexes that could be used for  detecting alterations.  In the second part of this work, a data 

driven approach was introduced to classify altered and unaltered areas. Three classifiers, the Maximum Likelihood, Decision 

Tree and Gradient Boosted Regression Trees (GBRT), were trained by two training sets of different sizes. The results of the 

research show that the knowledge  extracted from  proposed approach  can remove  the problem of spectral confusion to some 

extent. The result of the classified image using the extracted knowledge was compared with the  result  of  the  maximum  

likelihood  classification.  It was found  that the overall accuracy of the classification was improved by approximately 10 percent 

after using the extracted knowledge in the classification of satellite images.  

. 

Index Terms—WorldView-2, Knowledge Base, Decision Tree Classifier, Maximum Likelihood Classification. 

 

1. INTRODUCTION 

 

      Supervised classification is one of important tasks in remote sensing image interpretation, in which the image 

pixels are classified to various predefined land use/land cover classes based on the spectral re- flectance values at 

different bands. In reality some classes have very close spectral reflectance values and therefore they overlap in  the  

feature  space.  This  produces spectral confusion among the classes and results in inaccurate classified images.It is 

very difficult to classify such classes correctly using traditional parametric classifier like Maximum Likelihood 

Classifier. The other drawback of these traditional parametric classifiers is that they require training data to be 

normally distributed (Jensen, 1996). Due to this fact it becomes difficult to add ancil- lary layers into classification 

procedures to improve accuracy of the classification. Ancillary layers generally have bi- or multimodal distribution. 

Therefore maximum likelihood classification does not give good results after addition of ancillary layers. To 

remove such spectral confusion we  require  extra spectral and spatial knowledge. Extra knowledge can come from 

the ancillary information or from ex- perience and knowledge of domain experts. Classification done using such 

knowledge is known as knowledge base classification. But such classification needs strong knowledge base, which 

sometimes become drawback of this process because of the knowledge acquisition process. 
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Generally knowledge base is created with the help  of  knowledge  acquired  by interacting with the experts. The 

traditional  way of knowledge acquisition is that the knowledge engineer interacts with the corresponding domain 

expert; write up his /her experience and knowledge in a interpretable form and then feed the entire acquired 

knowledge in the computer in a symbolic form such as if-then rules (Kontoes, 1993). This is usually long and 

repeated process takes too much of time. It is also not always possible that expert is available all the time. 

 

2. RELATED WORK 

 
The basic idea of accuracy assessment is to compare the result of the pixel classification (supervised     or 

unsupervised) with the actual class that pixel belongs to (as indicated by ground truth).  If the pre-  dicted class and 

ground truth do not match for some pixel, then it means that the pixel is misclassified. There are many reasons for  

the  misclassification  of the  pixels, but the main source is inseparability of the classes in the feature space. Certain 

classes have similar spectral reflectance values due to which they overlap with the other classes in the feature 

space. This produces  spectral  confusion  i.e.,  same class with different spectral values and different classes with 

the same spectral values. 

For example, in India the material used to build houses consists of sand and stones, which are brought  from 

the riverbed. Therefore urban area and riverbed have similar spectral reflectance. When super- vised classification 

was done using Maximum Likelihood Classifier, the two classes overlapped in fea-   ture space and that resulted in 

misclassification of some pixels. It was found, that maximum portion of    the riverbed  was classified as urban in 

the resultant image. This leads to wrong results of image analy- sis. In most of the cases it was found that the 

maximum likelihood classifier is unable to solve  such spectral confusion. This problem is also faced for other 

classes, such as agriculture and tea garden, shadows and water. Therefore classifying such complex features with 

the maximum likelihood or other parametric classifier alone is not  a good choice. Extra knowledge is required to 

accurately classify such classes. 

 

3. PROPOSED WORK 

 
    This report proposes that the accuracy of the land use classification using LISS-III data could be im- proved by 

using  extracted knowledge using the Decision tree approach. The main crux of the research   is to automatically 

extract knowledge from the data using decision tree classifier and to use this knowl- edge in land use classification. 

Generally knowledge base is created using expert’s knowledge and ex- perience. This method of knowledge 

acquisition is a long and repeated process. On the other hand, knowledge base in form of classification rules generated 

using decision tree is comprehensive, easier to interpret and to use.The decision tree generated from the ancillary and 

spectral  data  was then converted to classification rules to form a knowledge base. The knowledge base created from 

this process was then used in fur-   their classification of the image. Basically three types of classification were 

performed:The image was classified using the knowledge base consists of the  classification  rules  extracted using the 

decision tree classifier. The prior probabilities were evaluated from the image classified from first  method   and then  

were used in maximum likelihood classification. The classification rules were applied using the post classification 

sorting method.Finally the accuracy assessment was done for all the classification methods. Two methods were used     

to assess accuracy: Eror matrix, Overall Accuracy, User’s & Producer’s Accuracy and KAPPA statistics. 
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Figure 2.1  Flow diagram 

3.1 Satellite Data 

Space technology is improving day-by-day giving us improved satellite and sensors for acquisition  of remote sensing 

data. Recently, on 17th August, 2004 India has launched its new satellite IRS-P6 (Re- source Sat). IRS-P6 carries three 

cameras with vastly improved spatial resolutions, a high  resolution Linear Imaging Self Scanner (LISS-IV) operating 

with 5.8 meter spatial resolution steerable up to ± 26  deg across track to obtain stereoscopic imagery and achieve five 

day revisit capability; a medium reso- lution LISS-III operating in three spectral bands visible, VNIR and SWIR band 

with 23.5 meter spatial resolution; and an Advanced Wide Field Sensor (AWiFS)  operating  in three  spectral  bands  

in VNIR and one band in SWIR with 56 meter spatial resolution. Within  LISS-3 the spatial resolution of SWIR  band 

is 23.5 meter, which was previously used to come at 70.5 meters. 

3.2 Geometric Image Correction 

       Two sets of images were used in the study. LISS-III images acquired on May 2004 and IRS 1C PAN acquired on 

May 2001.Both the satellite  images  were  geo-referenced in Polyconic projection system and Everest spheroid using 

ERDAS IMAGINE image processing software. The PAN image was geo- referenced with the help of 25 well-

distributed  points  using topographic map. Image to image registra- tion was then done to geo-reference LISS-III 

image with PAN. Both the image registration was done with the RMS error of less than a pixel. Re-sampling was 

done using Nearest Neighbourhood algorithm because it most closely preserves the spectral integrity of the image 

pixels (Lillisand, 2000). 

3.3 Feature Selection 

     Once the training data have been systematically collected for each class, a judgement has be made to determine the 

bands that are most effective to discriminate each class from all others. This process is commonly called feature 

selection (Jensen, 1996). It involves statistical and graphical analysis to determine the degree of between-class 
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separability in the training data. Two methods were used to determine this, Transformed Divergence based on 

statistical methods and Feature space plot based on graphical method. 

2.4  Maximum Likelihood Classification (MLC) 

Maximum likelihood classification (MLC) has traditionally  been used as a baseline  for the classific ation  of 

remotely sensed data. It is the most commonly used supervised method and is supposed to provide better results 

compared to other supervised methods (Foody et al., 1992). MLC can obtain minimum classification  error  under the 

assumption that the spectral data of each class is normally distributed. Generally, there is much  spectral  confusion  

between  classes.  That  is,  same class with different spectral and different class with the same spectral values. The 

MLC method itself cannot solve the problem of spectral confusion. And because of the requirement of statistical 

distribu-  tion, the auxiliary data  cannot  be  incorporated  in  MLC. Maximum likelihood procedures do not provide 

an effective framework for combining disparate data sets because it becomes difficult to  assume  a known joint 

probability distribution between the spectral data and other spatial data sets (Evans, 1998). 

 

Once you add ancillary layers into the classification process, it becomes difficult to get normally  distributed training 

samples because the ancillary layers give bi-and multimodal distribution.  Due to this fact MLC gives less accurate 

classified  image. This was checked using the histograms of the training sets. The same training sets were used which 

were used earlier for MLC with four spectral bands. The his- to grams were plotted for all the training sets and it was 

found that most of the training sets gave the multimodal distributions. Therefore MLC could not be performed after 

adding ancillary layers. 

3.4 Decision Tree Classifier 

Decision tree is a non-parametric classifier and therefore it doesn’t take into account the statistical dis- tribution of the 

training data. Therefore it is easy to add ancillary layers with the spectral bands. The training data for decision tree is 

entirely different than what we use in MLC. It is a set of records writ-  ten in a text editor. Each training pixel in itself 

is a record and the various spectral and ancillary layers serve as different attributes of the record. The  following  

subsection explains the steps for preparation    of the training dataset for the decision tree classifier. 

3.5 Data Preparation for Decision Tree 

Layer stacking operation was performed using ERDAS Layer Stack operation to incorporate ancillary layers with the 

spectral bands. Total seven layers were taken for layer stacking operation. Four layers RED, GREEN, NIR, and MIR 

from LISS-3 image, which were at 23.5 m resolution. One texture layer generated from PAN image at 5.8 m 

resolution and  two layers  of  DEM and Slope. Resampling was done to bring all the seven layers to one common 

spatial resolution. Different pixel sizes were analyzed to get one common resolution at which minimum texture and a 

spectral value is lost.  Finally  12 m pixel size was chosen and all the la yers were re-sampled to this pixel size. 

Nearest Neighbourhood  

algorithm was used for re-sampling because it preserves the spectral values of the image pixels. 
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            Figure 2.2: Layer Stacking 

 

Output of layer stacking operation was a stacked image at 12 m pixel resolution composed  of seven layers. This stacked image 

was used further for the creating training dataset for the decision tree classifier. 

4. RESULTS AND DISCUSSIONS 

      Maximum likelihood classification was done to provide a baseline for the comparison of the results  of  other classification 

methods. MLC could not perform well where classes spectrally overlap or where training samples are not normally distributed. 

There was too much spectral overlapping of the classes due to which the accuracy came very less. Due to this fact the 

classification done by MLC did not give satisfactory result. 

As it can be seen in Figure 4.1 almost whole dense sal forest  is classified as teagarden, riverine grass and orchards. This 

is mainly because classes have similar spectral reflectance  value.  Teagardens  are classified somewhere as orchards and 

riverine. We can also notice that riverbed  is misclassified somewhere as urban areas. For other classes such as fallow and 

agriculture land, de- graded forest, MLC gave good results. The producer’s and user’s accuracies of all  the classes are given in 

Table 6-1. User’s accuracy is very poor in case of riverine grass and teagardens Overall accuracy of 68.62 % and Kappa 

accuracy of 0.6410 was achieved with MLC. 

Table 4.1. Parameter Analysis 
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          Figure 4.1 Non Parameters satellite image classification 
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Figure 4.2 Supervised Satellite image classification 

 

 

 

Figure 4.3 satellite image classification analysis 
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5. CONCLUSION 

 
The main objective of this study is to improve the accuracy of the classification of satellite images using extracted 

knowledge in the form of classification rules using a decision tree approach. Generally, accuracy can be improved by 

adding ancillary information or by incorporating expert’s knowledge into classification process. The main emphasis is 

given here to automatically extract knowledge in the form of classification rules using decision tree classifier. 

Different methods have been tried to use extracted classification rules in classification of a satellite image. 

 Finally the accuracy obtained by different methods allows us to conclude that accuracy of the satellite images 

classification can be improved by using knowledge in the form of classification rules extracted using decision tree 

classifier. In all the three cases accuracy comes out to be better than maximum likelihood classifier. Though the 

overall accuracy using  the  prior  probability is better than the MLC, it is concluded that us-  ing the prior 

probabilities estimated with user’s accuracy is not an effective method, because it only has     a minor effect on the 

accuracy of the classification. 

Direct application  of  the  extracted classification rules gives much better results than those of MLC and  of prior 

probability. The overall accuracy comes out to be 76.06 percent, which is acceptable for land    use classification. It is 

suggested that the decision tree classifier gives better accuracy than MLC if the classes in the image are spectrally 

overlapping and producing spectral confusion 

REFERENCES 

[1] Avelino, J.G. & D.D.Dankel (1993), The Engineering of Knowledge-Based Systems. Upper Saddle River, NJ, USA: Prentice 

Hall. 

[2] Argialas, D. and C.Harlow (1990), Computational Image Interpretation Models: An  Over- view abd Prespective, 

Photogrammetric Engineering and Remote Sensing, Vol. 56,6, pp. 871- 886. 

[3] Breiman, L.; J.H.Friedman; R.A.Olsen & C.J.Stone (1984), Classification and Regression Trees, Belmont, CA, USA: 

Wadsworth. In: Yohannes,Y and J. Hoddinott (1999),  Classifica-  tion and Regression Trees: An Introduction. Technical 

Guide #3. WWW site: http://www.ifpri.org/themes/mp18/techguid/tg03.pdf (accessed on 22-07-04) 

[4] Blackmore, K. & T. R. J. Bossomaier, Comparison of See5 and J48.PART Algorithms for Missing Persons Profiling. WWW 

site: 

http://attend.it.uts.edu.au/icita05/CDROM-ICITA02/ICITA2002/papers/119-5.pdf (accessed on 21-04-04) 

[5] Byungyong, K. & D.Landgrebe (1991), Hierarchical decision tree classifiers in high di- mensional and large class data. 

IEEE Transactions on the Geosciences and Remote Sens-  ing, Vol. 29, 4, pp. 518-528. 

[6] Congalton, R.G., (1991), A Review of Assessing the Accuracy of Classifications  of  Re-  motely Sensed Data, Vol. 37, pp.35-

46. 

[7]  Eklund, P.W.; S.D.Kirkby & A.Salim (1998), Data mining and soil salinity analysis, Inter- national Journal of Geographical 

Information Science, Vol.12, pp. 247-268. 

[8]  ERDAS Field Guide, 2003, Sixth Edition 

[9] Evans, F. (1998), An investigation into the use of  Maximum Likelihood Classifiers, Deci-  sion Trees, Neural Networks and 

Conditional Probabilistic Networks for Mapping and Predicting Salinity. Msc thesis,  

[10] Friedl, M.A. & C.E.Brodley (1997), Decision Tree Classification of Land Cover from Re- motely Sensed Data, International 

Journal of Remote Sensing, Vol. 61, 4, pp. 399-409. 

International Journal of Scientific Research and Review

Volume 7, Issue 3, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/401


