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Abstract— The increase of the Earth Observation (EO) images 

requires new processes and tools for effective analysis, querying 

and understanding the available images. We propose a simple 

but effective approach to learn a image feature for satellite image 

scene classification. The Discrete wavelet transform is used at 

pixel level and from which different features are extracted. With 

the different feature set, it combines and forms different cluster 

based on unsupervised clustering. The features, extracted from 

different EO image and the clusters, which forms Bag Of Words 

with a user given semantic label in order to calculate the 

posterior probability that allows the final search. The active 

learning, based on Bayesian networks, accelerate the definition 

processes of semantic labels and retrieve the related images with 

only a few user interactions.  Thus the result of the system which 

greatly optimizes the computational speed and over performs 

existing similar systems in various orders of magnitude. 

 

Keywords: Big data, Active learning (AL), image 

mining, Discrete Wavelet, Bag of Words (BoW). 

 

I.INTRODUCTION 

The classification of remote sensing images has 

participated in an important role in several applications, 

together with the assessment of environmental damage, 

growth regulation, land-use monitoring, urban planning. The 

difficulty of heterogeneous image classification has been 

tackled in the past using several methods. For example, 

several machine learning and image processing techniques 

have been applied to extract related information from 

heterogeneous data during the last decade. Usually, the 

representation of each input pattern consists of features since 

they can distinguish one class of patterns from another in a 

more concise and meaningful way than offered by the raw 

representation. In many applications, it is usual to find 

problems involving hundreds of features. However, it has been 

observed that, beyond a certain point, the inclusion of 

additional features leads to a degradation rather than better 

performance. Moreover, the choice of features for representing 

the patterns affect several aspects such as accuracy required 

learning time and necessary number of samples.  

 

This paper aims to extend the work in which AL 

stage of the image mining system is used. We present in a 

more extensive way the accelerated probabilistic learning 

concept for mining heterogeneous EO Big Data. We also 

define the system prototype implementation which is based on 

the principles proposed in the heterogeneous data mining 

(HDM) system such as feature extraction and Bayesian 

networks, used for learning and probabilistic retrieval. We 

present a modification before feature extraction – at pixel level 

we used discrete wavelet transform, feature extraction takes 

place, which improves the accuracy of the system and better 

performance. Wavelets are also very good in describing a 

scene in terms of the scale of the texture in it. Wavelet theory 

provides a more formal, precise and unified approach to multi 

resolution representations. The importance of scale in texture 

descriptions is clear from the change in appearance of most 

textures when viewed in different resolutions. Besides, in the 

probabilistic retrieval stage, we introduce a new retrieval 

method based on the calculation of the similarity between 

probabilities that has been proved to offer good results with 

less learning interactions. 
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 This paper is organized as follows Section II introduces 

the System Architecture- Heterogeneous Data Mining (HDM) 

concepts. Specifically, Section III describes study area and 

data used. Section IV describes wavelet packet transforms. 

Section V describes the feature extraction processes and 

Section VI clustering and the generation of the bag-of-words 

(BoW). Continuing, Section VII introduces the machine 

learning methods implemented. Section VIII explains the 

available retrieval methods. Section IX demonstrates the 

system capabilities and system performance parameters. 

Finally, Section X contains general conclusion. 

 

II. SYSTEM ARCHITECTURE 

The system architecture detailed in [6] is composed 

by interconnected independent modules. In Fig. 1 the system 

Modules and their connections are shown. The initial step gets 

the EO images. Dividing the samples, discrete wavelet 

transform is used. In the next step different types of features 

can be extracted from the EO image at wavelet level. These 

features are clustered automatically using k-means 

unsupervised clustering. The clustering results in the 

calculation of a probability for every feature vector which 

follows Bag of Words (BoW). At the end, the calculated BoW 

is stored in a database. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig 1. System Architecture 

 

The user can introduce positive and negative 

examples and can do a search by similarity metrics and also 

probability of the label in the archive. If the results are not 

satisfactory, the user can refine the learning and retry the 

probabilistic retrieval. On the other hand, if the results are 

satisfactory, the interaction ends. 

 

III. STUDY AREA AND DATA USED  

HDM represent different heterogeneous EO 

databases. The multi temporal satellite sensor images used in 

this study is of Madurai city in Tamil Nadu, state of India and 

is shown in Fig. 2. Madurai is the second largest city in the 

state of Tamil Nadu. It is identified as one of the 12 heritage 

cities of India and is situated between longitude 78 04′ 47″ E 

to 78 11′23″ E and latitude 9 50′ 59″ N to 9 57′ 36″ N. The 

topography of Madurai is approximately 101 m above mean 

sea level. The land cover features of this study area include 

urban, vegetation, water body, waste land and hilly region.  

The scene details of the area are, 

Satellite/Sensor: IRS P6/LISS IV 

Resolution: 5.8 m 

Band 2 (green): 0.52~0.59 μm 

Band 3 (red): 0.62~0.68 μm 

Band 4 (near-Infrared): 0.77~0.86 μm 

 

 
 

Fig. 2- Multitemporal Madurai city in Tamilnadu 

The multi spectral satellite images used in this study is of 

Munich city in Germany is shown in Fig. 3. The land cover 

features are water bodies, roads, railways, buildings, urban 

areas,  sport areas,  green areas.  

 
Fig. 3- Multispectral Munich city in Germany 
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IV. WAVELET PACKET TRANSFORM 
 

In wavelet decomposition, the images are split into 

an approximation and details images. The approximation is 

then again split itself into a second level of approximation and 

details. In the proposed scheme, two levels of wavelet packet 

decomposition as shown in Fig 4 are performed, where more 

valuable information is obtained.  

 
Fig.4- A wavelet packet tree 

 

In general, as the complexity of a classifier grows 

rapidly with the number of dimensions of the pattern space, it 

is important to take decisions only on the most essential, so-

called discriminatory information, which is conveyed by the 

extracted features. Thus, the image is decomposed using 

Discrete Wavelet Packet decomposition. Madurai city image 

as shown in Fig. 2 is decomposed into wavelet packet 

transforms for two level decomposition and it is represented 

with different bands.  

 

 
Fig. 5- Madurai city with different bands. 

 
Fig. 6- Munich city with different bands. 

 

 Thus, the image is decomposed using Discrete 

Wavelet Packet decomposition. 

 

V. FEATURE EXTRACTION 

 

To create two feature database, set-I derived from 

original image and set-II derived from discrete wavelet 

transformation. The features used are mean, standard 

deviation , RMS are calculated and Co-occurrence Features  

are calculated from the co-occurrence matrix C(i, j).These 

features vector required by the system to uniquely identify an 

EO image.  

       i,j                                                      (1) 

- x )²                  (2)                                 

                                   (3) 

                 (4) 

       (5)                              

 

                                                     (6) 

                                                             (7) 

Different features are extracted from the wavelet 

transform. Selection of features should be carefully taken.  

Single feature is in general not enough to represent label. It 

should provide different sets of descriptors that are statistically 

independent. In this case, the features used are spectral 

parameters, such as multispectral features and texture features. 

The system design allows to easily adding new feature 

descriptors. At the end of feature extraction operations, we 

have different feature sets. 

 

VI.CLUSTERING AND BOW 

Clustering and bow module which have feature set as 

input. The clustering is done using unsupervised clustering 

such as kmeans with different classes. This module produces 

two different outputs. The first output defines the cluster and 

the second one defines the word assigned to each cluster. Thus 

each feature in the feature set define a word, this word thus 

forms a BOW. At the end part, BOW probability is calculated 

for each word in the set. Thus feature dictionaries are 

calculated independently which is a combination of 

independent feature that is used for learning. 

 

VII.MACHINE LEARNING 

 
Machine Learning- naive bayes classifier is used for 

machine learning. The system is able to learn different labels 

based on a newly developed algorithm and allows different 

probabilistic retrieval of related images with only a few user 

interactions. The learning is based on the posterior 

probabilities of a user-defined semantic label L given an image 

D.  

 

                         (8) 
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In Posterior Probability Independence, where p(L|D) is the 

product of the individual posterior probabilities of each 

feature model, and c is the total number of feature models 

used. Posterior probability calculation requires the knowledge 

of p(ωi|L) and p(ωi|D) where it will treat each feature model 

dictionary independently.  

 

VIII.RETRIEVAL METHODS 
 

There are two different ways to retrieve the images 

from the dataset based on similarity.  

 

i) Retrieval Based on the Posterior Probability Value 

ii) Retrieval Based on Similarity Metrics 

 

i) Retrieval Based on the Posterior Probability Value 

The proposed method is a probabilistic retrieval that 

relies on the p(L|D) value of the images in the database. Thus, 

the p(L|D) of every image in the database is calculated and 

ranked by its value. The images with a higher probability of 

containing the user requested semantic label L appear in the 

initial positions of the ranking. 

 

                     =              (9) 

 

ii) Retrieval Based on Similarity Metrics 

Similarity retrieval would include the similarity 

calculation between the stored p(ωi|D).We have implemented 

a set of different metrics to calculate distances, d 
 

i) Euclidean distance   

 

dE=            (10) 

 

ii) Kullback–Leibler 

 

dKL=                 (11) 

 

iii) Kullback–Leibler Symmetric Variant 

 

d=                   

(12) 

 

iv) Manhattan 

 

               dM=             (13) 

 
 

v) Chebychev 

 

              dCh=     (14) 

 

 

 

 

 

 

IX. SYSTEM PERFORMANCE 

 
Different features are extracted from the 

multispectral high resolution image as shown in Fig. 3 at pixel 

level, the feature extracted are mean, standard deviation, root 

mean square value, entropy, energy, cluster shade, cluster 

prominence, cluster equivalence, contrast. With these 

extracted features, different clusters are formed using k means 

clustering. Seven clusters are formed, each cluster assigned 

with a user-defined class label. Retrieval can be done in two 

ways one is by using continuous data other is by using 

Categorical data. The result comparison for different methods 

could be retrieved for the data without and with using wavelet. 

 

Metrics Precision Recall Accuracy F1 

Bayesian 62 62 88 62 

Euclidean 49 50 73 49 

Manhattan 47 47 70 62 

Table 1 Result for continuous data- without wavelet in (%) 

 

By comparing Table (1) & (2), we can conclude that 

the data using wavelet packet transform gives better accuracy 

in all the three metrics such as Bayesian Method (93%), 

Euclidean (80%), Manhattan (77%) than without using 

wavelet transform. By comparing Table (3)&(4), it is evident 

that the data using wavelet packet transform gives better result 

than  without using wavelet transform in all the six metrics 

such as  Posterior Prob (90%) ,Euclidean (79%) ,Kullback-

Leibler (91%) ,Kullback-Leibler Symmetric (92%) ,Manhattan 

(78%)  ,Chebychev (91%). 

 

Metrics Precision Recall Accuracy F1 

Bayesian 65 65 93 65 

Euclidean 54 55 80 54 

Manhattan 53 53 77 53 

Table 2 Result for continuous data- with wavelet in (%) 

Metrics Precision Recall Accuracy F1 

Posterior 60 60 85 60 

Euclidean 49 49 70 49 

Kullback 58 59 85 58 

Kullback-S 60 61 87 60 

Manhattan 45 45 66 45 

Chebychev 62 62 87 62 

Table 3 Result for categorical data- without wavelet in (%) 
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Metrics Precision Recall Accuracy F1 

Posterior 63 63 90 63 

Euclidean 55 55 79 55 

Kullback 65 65 91 65 

Kullback-S 64 65 92 64 

Manhattan 54 54 78 54 

Chebychev 66 66 91 66 

Table 4 Result for categorical data- with wavelet in (%) 

 

The system result obtained from Table (1)-(4) in 

percentage for both continuous and categorical data with and 

without using wavelet transform. The table result obtained by 

comparing the result with different metrics. It is evident that 

discrete wavelet transform gives slightly better value for all 

the methods. 

 

From the heterogeneous image, multitemporal low 

resolution image as shown in Fig. 2 is taken into consideration 

for both continuous and categorical data by using with and 

without wavelet. Different features are extracted from three 

different bands. The feature are mean, standard deviation, root 

mean square value, entropy, energy, cluster shade, cluster 

prominence, cluster equivalence, contrast different clusters are 

formed using kmeans clustering. 5 clusters are formed with a 

user-defined class label. 

 

 

Metrics Precision Recall Accuracy F1 

Bayesian 44 44 84 44 

Euclidean 41 42 84 41 

Manhattan 38 38 77 38 

Table 5 Result for continuous data- without wavelet in (%) 

Metrics Precision Recall Accuracy F1 

Bayesian 46 46 92 46 

Euclidean 45 45 91 45 

Manhattan 45 45 86 45 

Table 6 Result for continuous data- with wavelet in (%) 

By comparing Table (5) & (6), it is evident that the 

data using wavelet packet transform gives better accuracy in 

all the three metrics such as Bayesian Method (92%), 

Euclidean (91%), Manhattan (86%) than without using 

wavelet transform.  

 

 

 

 

Metrics Precision Recall Accuracy F1 

Posterior 43 43 86 43 

Euclidean 36 41 82 37 

Kullback 44 44 88 44 

Kullback-S 44 44 89 44 

Manhattan 37 38 76 37 

Chebychev 40 40 82 40 

Table 7 Result for categorical data- without wavelet in (%) 

 

Metrics Precision Recall Accuracy F1 

Posterior 46 46 91 46 

Euclidean 44 44 89 44 

Kullback 47 47 95 47 

Kullback-S 47 47 94 47 

Manhattan 41 41 83 41 

Chebychev 45 45 89 45 

Table 8 Result for categorical data- with wavelet in (%) 

By comparing Table (7) & (8), it is evident that the 

data using wavelet packet transform gives more accuracy in all 

the six metrics such as  Posterior Prob (91%) ,Euclidean 

(89%) , Kullback-Leibler (95%) ,Kullback-Leibler Symmetric 

(94%) ,Manhattan (83%)  ,Chebychev (89%). The system 

result obtained from Table (5)-(8) by comparing the result 

with different metrics. It is evident that discrete wavelet 

transform gives better value for all the methods from an image 

with low resolution.From the above Table (1)-(8), continuous 

data gives better result when compared with categorical data. 

The high resolution image gives better result when compared 

to low resolution image. 

To demonstrate the effectiveness of the proposed 

technique, used for classification of Munich city and Madurai 

city. By taking random samples, the performance analysis of 

the technique is carried out. For testing, in both cases, 500 

samples were selected randomly from the study area. Testing  

data set was created in the same manner as the training data 

set. The 500 samples (pixels) chosen for the experimental 

study comprises of 80,100,120,60 and 140 pixels of urban(ua), 

vegetation(veg),water body(wb), waste land(wl) and hilly 

region(hr) samples for Madurai city respectively and  

50,100,30,70,60,110 and 80 pixels of waterbody(wb), 

building(bs), railway(rw), road(rd), urbanarea(ua), 

sportsarea(sa), green area(ga) samples for Munich city 

respectively. 
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Fig. 7 Comparison of sample pixel classification of continuous data without 
using wavelet 

 
 

Fig. 8 Comparison of pixel classification of continuous data using wavelet 

 

The comparisons of sample pixels classification of 

the image corresponding to different regions using wavelet 

and without using wavelet are as follows. It is evident from 

the Fig. 7 & 8, classification of continuous data for munich 

city gives better result for buildings and urban areas using 

wavelet transforms. 

 

 
 

Fig. 9 Comparison of pixel classification of categorical data without using 

wavelet 

 

 

Fig. 10 Comparison of pixel classification of categorical data using wavelet 

From the Fig. 9 & 10, classification of categorical 

data for munich city gives better result for buildings (Posterior 

Prob & Kullback-Leibler),  road(Euclidean & Manhattan) but 

less in chebychev, and green areas (Euclidean, Manhattan & 

Kullback-Leibler Symmetric) using wavelet transforms. From 

the Fig. 11 & 12, classification of continuous data for Madurai 

city gives better result for urban area (Bayesian & Euclidean), 

vegetation (Bayesian, Euclidean & Manhattan), and water 

body (Bayesian), hilly region (Bayesian, Euclidean) for 

wavelet transform respectively. 
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Fig. 11 Comparison of pixel classification of continuous data without using 

wavelet 

 

 

From the Fig. 13 & 14, classification of categorical 

data for Madurai city gives better result for water body 

(Posterior Prob & Kullback-Leibler), hilly region (Posterior 

Prob, Euclidean & Kullback-Leibler Symmetric) for wavelet 

transform. 

 

 

Fig. 12 Comparison of pixel classification of continuous data using wavelet. 

 

 

 

 

 

 

 

While comparing these two data, the one using 

wavelet gives more accuracy and correctly classified samples. 

Similarly, the comparison can be carried out for both 

continuous and categorical data, without using wavelet and 

with using wavelet for Munich city and Madurai city. The 

different measure for continuous data are Bayesian method, 

Euclidean and Manhattan, while for categorical data are 

posterior probability, Euclidean, Manhattan, Kullback-Leibler, 

Kullback-Leibler Symmetric, chebychev are carried out. 

Comparison is carried for different metric with different 

images as shown in Fig. (7) - (14). 

 

 
 

Fig. 13 Comparison of pixel classification of categorical data without using 

wavelet 

 

 

Fig. 14 Comparison of pixel classification of categorical data using wavelet 
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X. CONCLUSION 

 
Heterogeneous Data Mining introduces a faster AL 

algorithm modifying the required statistical independence 

from the features to the posterior probabilities. The obtained 

speed-up allows the introduction of new feature models in the 

learning stage. Experiments were carried out for these images. 

The samples were selected randomly from the texture regions. 

Experimental results confirm the utility of both textural and 

spectral analysis to enhance the classification accuracy for 

high resolution images. Thus, the high resolution image gives 

better accuracy when compared with low resolution image. 

The combination of Wavelet Transform and Wavelet Packet 

Co occurrence Features gives higher accuracy and better 

performance than other. 
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