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Fuzzy Classifier based on 
Product Aggregation 



Fuzzy classifier based on Product 
Aggregation Operator 
Highlights of the method are: 
 Better learning and generalization capability 
 Feature wise degree of belonging of a pattern to class 

exploited 
 Effective way of combining class-wise contribution of features 

 𝞹-type membership function and product aggregations 
reasoning  rule (operator) 

 Verified on two convention completely labelled data sets 
 Test on two partially labelled remote sensing images 
 Compared with similar fuzzy methods 
 Different performance measures are used for quantitative 

evaluation of the proposed classifier. 
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Why fuzzy? 
A conventional hard or non-fuzzy classifier assumes 
that the pattern x belongs to a particular class only 
according to the given criteria. The hard classifiers 
are thus easy to implement and can be used to 
classify the classes that are well separable, well 
defined and have distinct boundaries.  
These algorithms may not be useful to classify ill-
defined with overlapping classes.  
For such problems fuzzy classifiers and are more 
useful as it allows imprecise class definition and 
recognize patterns belonging to more than one 
class  and with varying degree of membership 
values. Thus the partitions in fuzzy classes are soft 
and gradual rather than hard and crisp.  
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With the coming of fuzzy sets many 
research works have been carried out for 
applications to pattern classification and 
decision making problems. The most 
important work done in this area includes 
fuzzy k-nearest neighbour algorithm, fuzzy 
rule-based algorithms, and fuzzy ML 
classifier. 
Fuzzy techniques are applied successfully to 
various areas including land cover 
classification of remote sensing images. 
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Why in Remote Sensing Fuzzy 
Sets are relevant? 
Remotely sensed images are normally poorly illuminated,  
highly dependent on the environmental conditions,  and  
have very  low spatial resolution. Most of the times a  scene  
contains too many objects (or regions),  and these regions 
are ill-defined because of both grayness and spatial 
ambiguities. Moreover,  the gray value assigned to a pixel 
is the average reflectance of different types of ground 
covers present in the corresponding pixel area. Assigning 
unique class labels with certainty is thus a problem for 
remotely sensed images. Fuzzy set theory can provide a 
better way of handling this problem by associating certainty 
factors (membership) with class labels. 
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Objective 

The objective of the present work is to 
demonstrate the usefulness of the fuzzy 
product aggregation reasoning rule in 
classification of remote sensing images. 
Therefore, we have used the spectral (band) 
values as feature values. Each of these 
feature values is used to generate class-wise 
membership values which are used as final 
features. 
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The first step fuzzifies the input feature 
vector using a π-type membership function 
(MF)  that explores the information of 
different features for each pattern and 
collects the hidden or interrelated 
information to provide a better classification 
accuracy.  The advantage of using π-type 
MF   is that it has a parameter, called 
fuzzifier (N  ), which can be tuned easily 
according to the requirement of the problem. 
This provides more flexibility for 
classification and hence the generalization 
capability can be enhanced by selecting a 
proper value of N  .  
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π-type membership function  

The proposed fuzzy classifier has three steps of 
operation as illustrated in the figure below. 

http://www.sciencedirect.com/science/article/pii/S0031320307003901#gr2


The fuzzified feature values are then aggregated 
using product aggregation reasoning rule (PARR  ) in 
the second step to get a combined contribution of the 
membership value of features to a particular class.  
The reason behind the selection of the PARR   is 
that MIN   or MAX RR   is not good enough for the 
problems with overlapping classes, where different 
features reserve valuable information regarding the 
class belongingness of a pattern.  
Each of these features contributes significantly to the 
desired class and thus the combined effect is high to 
represent the desired class properly. 
It is widely known that the PARR   provides improved 
aggregation results compared to MIN, tested on 
different cases, and these advantages are being 
exploited in the proposed classifier.  
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In this regard, we have tried with different 
aggregation methods to have a combined 
effect of various features and found that the 
product (PROD ) and geometric mean (GM ) 
perform better than other aggregation RRs .  
The GM provides the same results with more 
computational complexities than PARR . 
The winning label obtained from the product 
aggregation RR   will be the same as the 
winning label from the geometric mean  
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A multi-featured pattern x, the 
membership matrix after the fuzzification 
process (evaluated by fd,c(xd) for dth 
feature/attribute of D-dimension to cth 
class of C-class) can be expressed as 
 
    f1,1(x1)  f1,1(x1)  ……..   f1,C(x1) 
F(x) =  f2,2(x2)   f2,2(x2)  ……..  f2,C(x2) 
   ………   ……… ………  …… 
    fD,1(xD)  f1,1(xD)  ……..  fD,C(xD) 
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We proposed to use here a product aggregation RR 
(PARR). It is applied on the fuzzy membership matrix 
to get the combined membership grade and compute 
overall degree of belonging of features of a pattern to 
various classes. After applying the PARR  , we obtain 
the output as a vector given by 

 F′(x)=[F1(x),F2(x),…,Fc(x),…,FC(x)]T, 
Where x is a multi-featured input pattern and 

            Fc = Π D
d=1     (fd,c(xd) )  

with d=1,2,…,D, c=1,2,…,C. 
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Defuzzifications 
The last step of the proposed classifier is a hard 
classification and is obtained through a Max operation 
to defuzzify the output of the  PARR. Here the pattern is 
classified to class c  with the highest class membership 
value. Mathematically the expression for this operation 
is given as   Fc(x) ≥ Fj(x) , for all j belongs 1,2,…,c,…,C and j ≠c 

where Fj(x) is the membership value for the jth 
class. MAX defuzzification operation is normally used 
for the problem of classification in order to get a hard 
class label. The other defuzzification methods like 
centroid of area, mean of maximum, etc., are used in 
other problems (e.g., in the problem of control system).  
However, one can use the fuzzy class label also for 
higher level of analysis, but in that case a normalization 
of the output may be necessary. 
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Data Sets and Results  

Sl. no. Name of the 
data set 

Number of 
classes 

Number of 
features 
available 

Number of 
patterns 

1 WAVEFORM 3 21 5000 

2 BUPA 2 6 345 
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A brief description of the data sets used 
 

% Train. data 10 20 50 

Mem. fun. Gaussian π-Type Gaussian π-Type Gaussian π-Type 

MIN MC 1169 1166 982 970 577 577 

PA 74.01 74.08 75.43 75.73 76.91 76.91 
 

PROD MC 764 758 673 645 410 380 

PA 83.01 83.15 83.16 83.86 83.59 84.79 

Performance comparison of the proposed classifier for  WAVEFORM 

Presenter
Presentation Notes
Minimum and Product 



% Train. data 10 20 50 

Mem. fun. Gaussian π-
Type 

Gaussian π-
Type 

Gaussian π-Type 

MIN MC 121 120 105 105 64 64 

PA 60.96 61.29 61.95 61.95 62.79 62.79 
 

PROD MC 113 111 97 96 59 59 

PA 63.54 64.19 64.85 65.21 65.69 65.69 

Performance comparison of the proposed classifier for  BUPA 
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Original (a) IRS  (band-4) & (b) SPOT (band-3) images  
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Classified IRS  image with  
(a) Gaussian MF   with MIN RR, and  
(b) (b) π-type MF with PROD RR. 
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Classified SPOT image with  
(a) Gaussian MF   with MIN RR   and 
(b) (b) π-type MF with PROD RR. 
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Classification method IRS Cal SPOT Cal 

Training patterns 9.4212 9.3343 

π-TypeMF + PROD RR 8.1717 8.1078 

GaussianMF + PROD RR 8.1001 8.0021 

π-Type + MIN RR 7.1973 7.1267 

Gaussian MF + MIN RR 7.1312 7.0137 

Classification method IRS Cal SPOT Cal 

π-TypeMF + PROD RR 0.8310 2.1021 

Gaussian MF + PROD RR 0.8498 2.1236 

π-Type + MIN RR 0.8901 2.2695 

Gaussian MF + MIN RR 0.9012 2.3031 

β values for different 
classification methods 

XB values for different 
classification methods 



Conclusions 
A fuzzy classifier (based on fuzzy sets) that 
explored three important aspects. Is used.  

These are  

 extracted feature-wise information for 
different classes,  

  generalization capability and  

  combined contribution of individual 
features to a particular class. 
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It is observed that individually the PROD   
aggregation reasoning rule (RR  ) has a better 
classification capability compared to other RRs. This 
is because of the fact that the fuzzy product 
aggregation operator works better with features 
which collaborate with each other in decision making 
process. Also with the use of π-type MF instead of 
Gaussian MF (used for the comparison) the 
classification accuracy can be enhanced and this 
expresses its better generalization capability. 

 
A.  Ghosh, S. K.  Meher and  B.  Uma Shankar,  A novel fuzzy classifier based on product 
aggregation operator, Pattern Recognition, Volume 41, Issue 3, 2008, 961 - 971 
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   Semi-supervised Fuzzy Clustering 
Algorithms for Change Detection  
in Remote Sensing Images 
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Change Detection 
   Image change detection is a process that 

analyses images of the same scene taken at 
different times in order to identify changes 
that may have occurred between the 
considered acquisition dates. In the last 
decades, it has attracted widespread interest 
due to a large number of applications in 
diverse disciplines such as remote sensing, 
medical diagnosis, and video surveillance, etc. 

ISI-SU School, Sept. 23 (2104) 24 



  With the development of remote sensing technology, 
change detection in remote sensing images becomes 
more and more important. Among them, change 
detection in Multispectral Images and synthetic 
aperture radar (SAR) images became come. 

  Although SAR images exhibits some more 
difficulties than optical ones due to the fact 
that SAR images suffer from the presence of 
the speckle noise. However, SAR sensors are 
independent of atmospheric and sunlight 
conditions, which make the change detection 
in SAR images still attractive. 
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Unsupervised Change Detection 

It can be divided in to three steps: 
1) Image pre-processing;  
2) Producing difference image between the 

multi-temporal images; and  
3) Analysis of the difference image 
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Step 1: Pre-processing : Mainly include 
coregistration, geometric corrections, and noise 
reduction.  

Step 2: Differencing: Two coregistered images are 
compared pixel by pixel to generate the difference 
image. For the remote sensing images, differencing 
(subtraction operator) scalar or vector, and 
rationing (ratio operator) are well-known 
techniques for producing a difference image.  

Step 3: Analysis of difference image for detection of 
changes  and unchanged regions(threshing, 
clustering, EM, etc.)  
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Image 
Analysis  

Techniques 
 

Change 
Detection 

map 

Difference 
image 

Input Output 

Image 
taken on  

at Time t1 

Image  taken  
at Time  t2 

Remote Sensing Change Detection 



Change Detection 
 In remote sensing applications, change 

detection is the process of identifying 
differences in the state of an object or 
phenomenon by analyzing a pair of images 
acquired on the same geographical area at 
different times. 

 Change detection  
 Supervised (If ground truth is available). 
 Unsupervised (If ground truth is not 

available). 
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A few applications of change detection : 
 
Useful to identify vegetation changes. 
Studies on land-use/land-cover dynamics, 

burned area assessment, Food assessment, 
Land slide  effects 
Monitoring shifting cultivations and urban 

growth etc. 
 

ISI-SU School, Sept. 23 (2104) 30 



ISI-SU School, Sept. 23 (2104) 31 

Pre-processing:- 
   Co-registration. 
   Radiometric and geometric error correction. 

Image comparison:- 
   To generate the difference image (DI):- 
•  May apply UID, CVA, VID etc. 

Image analysis:- 
   In the present study context change detection. 

 

We had pre-processed images for experiments. 

Steps to detect changes in remotely 
sensed images 



Existing Techniques :- 

 Histogram thresholding 
 
 MRF based 

 
 Neural Network based 
 
 Image Fusion based 
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Limitations of the existing tecniques :- 

Histogram thresholding :-  
• It is context-insensitive i.e. spatial correlation between the 

neighboring pixels is not taken into account.  

MRF based :- 
 Require the selection of a proper model for the statistical 

distributions of changed and unchanged classes.  

Neural Network based :- 
 Hard to implement. 
 Time complexity is more i.e. more execution time is needed. 

 Image Fusion based :- 
  Clustering or Thresholding with context sensitive. 
  Time complexity is more but results are more accurate. 
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Proposed Technique  
 

Here an semi-supervised, distribution free and 
context-sensitive change detection technique 
based on fuzzy clustering is considered. 

 
  Used Fuzzy C-Means (FCM) and Gustafson 

Kessel Clustering (GKC) algorithms in  this 
work to identify the two clusters namely 
changed and unchanged. 
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Incorporation of semi-supervision 

 Semi-supervision is incorporated by means of a few labeled 
patterns. 

 
 The labeled patterns can be collected in many ways. Here, for 

experimental purpose labeled patterns from both the classes 
(changed & unchanged) are acquired from the ground truth. 

 
 The labeled patterns guide the clustering process to have a 

better estimation of the two regions (changed & unchanged) of 
the difference image. 
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Flowchart of the proposed algorithm 
 Generate the difference image (DI) from the images taken at two acquisition 

dates. 
 Generate the pixel-patterns from the DI in context-sensitive way :- 

 Select gray value of the corresponding pixel as the first feature. 
 Compute the average of gray values of the corresponding pixel  
     and 8 adjacent pixels and select it as the second feature. 

 Use one of the fuzzy clustering techniques (FCM/ GKC) to generate two 
clusters (in semi-supervised manner). 

 Mark one of the clusters as changed and the other as unchanged :- 
 Calculate the mean values of the two clusters. 
 Label the cluster  with higher mean value  as changed  & lower one as 

unchanged. 
   Generate the change detection map :- 

 The pixels corresponding to changed one are marked as black (gray 
    level 0) in the different parts of the generated change detection map.  
 The unchanged one are marked as white (gray level 255) in the different 

parts of the generated change detection map.  
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Fuzzy C-Means (FCM) Clustering 
  FCM attempts to find fuzzy partitioning of a given pattern-

set by minimizing the following objective function,                                                                                      
                                                                                          

       ……… (1)  
 
 

 where X = [x1, x2, …,xn] and ||(xk – vi)||2 denotes Euclidean 
distance (dissimilarity  measure) between  
xk (kth unlabeled object) and vi  (the ith cluster center). 
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Gustafson-Kessel (GK) Clustering 
 
 Efficient than FCM 

 Can detect ellipsoidal cluster also. 
 It uses “Mahalanobis distance” as dissimilarity measure. 
 Each cluster has its own norm-inducing matrix Ai a positive definite 

symmetric one, for automatically adapting the shapes of the clusters. 
 The distance,          is represented as follows  
                                                                 

            

                                                                                                                                                                                                                                                                           
where ,     
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Data set related to two areas  
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(a) (b) (c) (d) 
Fig. 1. Band 4 image of Mexico area. (a) acquired in April 2000, (b) acquired in May 
2002. (c) corresponding difference image and (d) reference map of the changed area. 

(a) 
Fig. 2. Image of Sardinia island, Italy. (a) Band 4 of the Landsat TM image acquired in September 
1995, (b) band 4 of the Landsat TM image acquired in July 1996,  (c) difference image generated by 
CVA technique using bands 1, 2, 4, & 5; and (d) reference map of the changed area. 

(b) (c) (d) 



Change detection maps obtained for the first data set  
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(a) (b) (c) 

(d) (e) (f) 

Fig. 3.Change detection maps obtained by (a)HCM, (b)FCM, (c)GKC 
and (d)SEMI_HCM, (e)SEMI_FCM, (f)SEMI_GKC for Mexico data 
set respectively. 



Comparison of results (for Mexico data set) 
Techniques used MA FA OE 
MTET 2404 2187 4591 

HCM 3425 
 

734  4159 

SEMI_HCM 3200 
 

706  3906 

HTNN 558 2707 3265 

EM+MRF (β=1.5) 946 2257 3203 

FCM (m = 14) 1178 
 

1734  2912 

SEMI_FCM (m = 14) 1059 
 

1651  2710 

GKC (m=15.5, ρ1=1,ρ2=2.2) 1452 
 

1076  2528 

SEMI_GKC (m=15.5, 
ρ1=1,ρ2=2.2) 

1336 
 

1084  2420 
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Change detection maps obtained for the 
second data set 
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(a) (b) (c) 

(d) (e) (f) 

Fig. 4.Change detection maps obtained by (a)HCM, (b)FCM, (c)GKC 
and (d)SEMI_HCM, (e)SEMI_FCM, (f)SEMI_GKC for Sardinia data set 
respectively. 



Comparison of results (for Sardinia data set) 
Techniques used MA FA OE 
MTET 1015 875 1890 

HCM 370 
 

2952  3322 

SEMI_HCM 230 
 

3040  3270 

HTNN 1187 722 1909 

EM+MRF (β=2.2) 592 1108 1700 

FCM (m = 1.1) 418 
 

2447  2865 

SEMI_FCM (m = 1.1) 275 
 

2386  2661 

GKC (m=2, ρ1=3.5,ρ2=1) 1203 
 

681  1884 

SEMI_GKC (m=2, ρ1=3.5,ρ2=1) 920 
 

603  1523 
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Analysis 
 The method works well for change detection, because, 
         The pixels of the DI belonging to two 

clusters (changed & unchanged) in general have 
overlapping between them and fuzzy clustering 
techniques seem to be an appropriate & realistic to 
identify them than hard one. 

 GKC works better than FCM in all the cases because it 
uses Mahalanobis distance and can extract clusters 
having ellipsoidal shapes also, and 

 
 A little supervision enhances the performances of the 

unsupervised ones  (Semi-Supervised). 
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Conclusion 
 Semi-supervised context-sensitive techniques using 

fuzzy clustering algorithms for detecting changes in 
multitemporal, multispectral remote sensing 
images. 

The  technique works well within a range of values 
of the parameters. 
 One can use these range of values for same 

type of images to detect the similar type of 
changes. 

 Proper selection of m and ρi’s affect the result. 
 Domain knowledge may be useful is estimate 

these values. 
Other fuzzy clustering algorithms, like fuzzy c-

varieties may be worth exploring for this problem.   
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Fusion  Based Change Detection 
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Change detection in SAR images 
 Change detection in Remote Sensing images 

is mainly depended on the quality of the 
difference image and the accuracy of the 
classification method. 

 In the case of SAR images, the ratio operator 
is typically used instead of the subtraction 
operator since the image differencing 
technique is not adapted to the statistics of 
SAR images and nonrobust to calibration 
errors. 
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 Additionally, because of the multiplicative nature 
of speckles (noise), the ratio image is usually 
expressed in a logarithmic or a mean scale.   

   Changes are usually detected by applying a decision 
threshold to the histogram of the difference image.  

  Several thresholding methods have been 
proposed in order to determine the threshold in an 
unsupervised manner, such as Otsu, the Kittler and 
Illingworth minimum-error thresholding algorithm, 
and the expectation maximization (EM) algorithm 
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It is very much clearly from the literature that 
the whole performance of SAR-image change 
detection is mainly relied on the quality of 
the difference image and the accuracy of the 
classification method. 

In order to address the two issues, in this 
work a method is proposed that based on   
unsupervised distribution-free SAR-image 
change detection approach.  
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  The method is unique in the following 
two aspects:  

1) Producing difference images by fusing a 
mean-ratio image and a log-ratio image, 
and  

2) Using the Robust Fuzzy Local 
Information C-Means (RFLICM) 
clustering algorithm 

 This method is insensitive to noise in detection 
of changed areas in the difference image, 
without any assumption about distribution of 
the classes. 
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Block diagram of the changed detection approach 
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Let us consider the two coregistered SAR 
images X1 and X2   of size  H x W  i.e., 
acquired over the same geographical area at 
two different times t1  and  t2,   respectively.  
Our objective is aiming at producing a 
difference image that represents the change 
information between the two times; then, a 
binary classification is applied to produce a 
binary image corresponding to the two 
classes: change and unchanged. 
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As shown in Figure, the  change 
detection approach is made up of two 
main phases:  
1) generate the difference image using 
the wavelet fusion based on the mean-
ratio image and the log-ratio image; 
and 
2) automatic analysis of the fused 
image by using an improved fuzzy 
clustering algorithm. 
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The two source images used for fusion are 
obtained from the mean-ratio operator and 
the log-ratio operator, respectively, which 
are commonly given by 
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At first compute the DWT of each of  the two 
ration images and obtain the multiresolution 
decomposition  of each source image. Then fuse 
corresponding coefficients of the approximate and 
detail subbands of the decomposed source images 
using the developed fusion rule in the wavelet-
transform domain.  
In particular, the wavelet coefficients are fused 
using different fusion rules for a low-frequency 
band and a high-frequency band, respectively.  
Finally, the inverse DWT is applied to the fused 
multiresolution representation to obtain the fused 
result image. As shown in the Figure. 
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Process of Image fusion based on the DWT 
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The key issue of the approach to generate 
difference image is the selection of fusion 
rules, which should restrain the background 
(unchanged areas) information and should 
enhance the information of changed regions. 
Here, two main fusion rules are applied: the 
rule of selecting the average value of 
corresponding coefficients for the low-
frequency band, and the rule of selecting the 
minimum local area energy coefficient for the 
high-frequency band.  
The fusion rules can be described as follows: 
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In order to enhance the gradient or edge features of the changed 
regions, the rule of the average operator is  selected to fuse the 
wavelet coefficients for the low-frequency subband. On the other 
hand, for high frequency subbands, which indicate the information 
about the salient features of the source image such as edges and 
lines, the rule of minimum local area energy of wavelet coefficients 
is selected to suppress the background clutter. This rule is aimed at 
merging the homogeneous regions of the high-frequency portion 
from the mean-ratio image and the log-ratio image. 



Detection of changed Areas in the Fused Images 
Using Improved FCM 

Fuzzy local-Information c-Means, or  
 FLICM clustering algorithm 
The characteristic of FLICM is the use of a fuzzy 
local similarity measure, which is aimed at 
guaranteeing noise insensitiveness and image 
detail preservation.  In particular, a novel fuzzy 
factor is introduced into the object function of 
FLICM to enhance the clustering performance. 
This fuzzy factor Gki is defined mathematically as 
follows. 
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where the ith pixel is the centre of the local window, the jth 
pixel represents the neighbouring pixels falling into the 
window around the ith pixel, and dij is the spatial Euclidean 
distance between pixels i & j,  and vk represents the prototype 
of the centre of cluster k, and  ukj represents the fuzzy 
membership of the gray value j  with respect to the kth cluster. 
The fuzzy factor Gki  is good in the sense that it is formulated 
without setting any artificial parameter that controls the 
tradeoff between image noise and the image details. In 
addition, the influence of pixels within the local window in is 
exerted flexibly by using their spatial Euclidean distance from 
the central pixel.  



In general, with the application of the fuzzy 
factor  Gki  the corresponding membership 
values of the no-noisy pixels, as well as of the 
noisy pixels that is falling into the local window, 
will converge to a similar value and thereby 
balance the membership values of the pixels 
that are located in the window. Thus, FLICM 
becomes more robust to outliers. 
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The objective function of the FLICM can be defined in 
terms of Jm  using  the definition of  Gki as follows: 
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In order to over come the  problem, a modified Gki   is 
define as follows which based on the coefficient of 
variation ( Cu ) is adopted to replace the spatial distance, 
which defined as follows: 
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Compared with the spatial distance, the discrepancy 
of the local coefficient of variation between 
neighboring pixels and the central pixel is relatively 
accordance with the gray-level difference between 
them. It helps to exploit more local context 
information since the local coefficient of variation 
of each pixel is computed in a local window. 
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The reformulated fuzzy factor          balances the membership 
value of the central pixel taking into account the local 
coefficient of variation, as well as the gray level of the 
neighbouring pixels. If there is a distinct difference between 
the results of the local coefficient of variation that are 
obtained by the neighbouring pixel and the central pixel, the 
weightings added of the neighbouring  pixel   in               will 
be increased to suppress the influence of outlier; thereby, the 
reformulated FLICM, i.e., termed as RFLICM, is expected to 
be more robust to its previously defined  Gki   is the eqn. (6). 
 
The modified RFLICM use the same algorithm with a 
modified  Gki  which is          .    
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The results using RFLICM 

Multi-temporal images relating to the city of Bern used in 
the experiments. (a) Image acquired in April 1999 before 
the flooding. (b) Image acquired in May 1999 after the 
flooding. (c) Ground truth of an area near the city of Bern, 
Switzerland acquired by the European Remote Sensing 2 
satellite using SAR sensor (image size is 301 x 301pixels). 
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Conclusions 
The fusion of complementary information from the mean-
ratio image and the log-ratio image is better then taking any 
one of them. 
 

The proposed wavelet fusion strategy can integrate the 
advantages of the log-ratio operator and the mean-ratio 
operator and gain a better performance. 
 

The change detection results obtained by the RFLICM 
exhibited less spots than its pre version (i.e., FLICM) since 
it is able to incorporate the local information more exactly. 
  

Is improvement of 0.02% is significant after 99.66% ? 
 
Maoguo Gong, Zhiqiang Zhou, and Jingjing Ma. "Change detection in synthetic aperture 
radar images based on image fusion and fuzzy clustering." IEEE Transactions on Image 
Processing, vol.  21, no. 4 (2012): 2141-2151. 
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Comparison of Object Based and Pixel Based 
Classification of High Resolution Satellite Images using 

Artificial Neural Networks 



Introduction 
 High resolution images are a viable option for 

extraction of spatial information and updation of 
GIS databases. 

 Many countries have launched / are launching 
satellites with high resolution multispectral 
sensor payloads. 

 Prominent among them are Ikonos, Quickbird, 
Geo-Eye, Cartosat and others, more recently 
Kompsat and forthcoming Thaisat. 
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High Resolution Imagery 
 From digital image processing point of 

view, high spatial resolution allows 
perception of the content of the image in 
the form of objects. 
 In contrast, low resolution images could 

only be analyzed pixel by pixel, since each 
pixel itself could be a combination of 
several categories. 
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Significant Objects: 

  Water 

  Buildings 

  Pool 

  Roads 

  Bridge 

  Huts 

  Vegetation 

  Farm 

A High Resolution Image 

Resolution: 1 metre 
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Individual objects 
seen are only the 
large structures 
like lake, race 
course, roads (no 
width), residential 
areas (no 
individual 
buildings) 

A Low Resolution Image 

Resolution: 10 metres 
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Object Base Image Analysis 

 Object  based segmentation and 
classification methods are a new 
development in this direction. 

 Image is decomposed into non-overlapping 
regions. 

 In addition to the spectral properties, shape 
and textural properties of the regions are 
taken into consideration for classification of 
the regions in lieu of the individual pixels. 
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 Man made objects have definite shape 
(circular, rectangular, elongated, etc.) 
while natural objects are better 
distinguished based on spectral and 
textural characteristics. 
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Object-based Image Analysis(OBIA) 

Object  Based Image Analysis (OBIA), a 
technique used to analyse digital imagery, 
was developed relatively recently 
compared to traditional pixel-based image 
analysis (Burnett and Blaschke 2003). 
While pixel-based image analysis is 
based on the information in each pixel, 
object-based image analysis is based on 
information from a set of similar pixels 
called objects or image objects.  
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More specifically, image objects are 
groups of pixels that are similar to one 
another based on a measure of spectral 
properties (i.e., colour), size, shape, and 
texture, as well as context from a 
neighbourhood surrounding the pixels. 
1. Blaschke, T. 2010. Object based image analysis for remote 

sensing. ISPRS Journal of Photogrammetry and Remote 
Sensing 65(1):2-16. 

2. Burnett, C. and T. Blaschke. 2003. A multi-scale 
segmentation/object relationship modeling methodology for 
landscape analysis. Ecological Modeling 168: 233-249. 
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Objectives of the Study 
Develop a system for, 
 Segmentation of high resolution images. 
 Derivation of spatial, spectral and textural 

features. 
 Classification using a mixture of spatial, spectral 

and textural features. 
 Evaluation of results and comparison with per-

pixel classification. 
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Object Based Classification Methodology 
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Preprocess 
Input 
Image 

Region 
Segmentation 

Connected 
Component 

Labeling 

Shape 
Features 

Texture 
Features 

Spectral 
Features 

Neural Network Classification 

Classified Image 



Image Pre-processing 
Objectives 
  Suppress noise. 
  Eliminate minute details that are of no 
interest. 
 
Methods 
  Image smoothing. 
  Adaptive Gaussian/Median Filtering. 
Although optional, this step is very important 
in improving the accuracy of classification. 
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Boundary Computation 
 Required to mark boundaries of 

regions and limit their extent. 
 Based on mathematical morphology. 
 Can be applied to multiband images – 

implemented for 3-band (color) 
images. 
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Seed Point Generation 
 Segmentation process requires a set of 

seed pixels to start growing regions. 

 Known as marker in mathematical 
morphology literature. 

 Necessary to control size and number 
of regions. 
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Marker Generation 
 Cluster the image datasets into K classes 

using standard K-means algorithm. 
 Consider the K cluster means (mk:k = 1 to 

K). 
 All pixels that are within mk ± δ are selected 

as markers. 
 Regions are grown from these pixels. 
 
 This scheme worked better than the top-hat 

transform suggested by Meyer and Beucher. 

ISI-SU School, Sept. 23 (2104) 89 



Region Growing by Morphological Watershed 
Transform 

 Principle is based on simulation of flooding a 
terrain of varying topography. 

 Floods cause accumulation of water in catchments, 
bounded by high gradients. 

 Starts with the seed points (markers) and adds 
adjacent pixels till high gradients (region 
boundaries) are encountered. 
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Connected Component Extraction 

 Extracted regions are assigned mean of the 
pixels falling within each region. 

 Each region is assigned a separate label so 
that region properties can be computed. 

 Multipass scanning algorithm implemented to 
extract connected regions. 
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Computation of Regional Features 

Types of region features 
  Shape 
  Spectral 
  Textural 
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Shape features (7 features implemented) 
Aspect ratio, Convexity, Form, Solidity, 
Compactness, Extent, Roundness 
 
Textural features 
ASM, CON, ENT, IDM from four directional gray 
level co-occurrence matrices and one average co-
occurrence matrix 
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Presenter
Presentation Notes
Entropy of the gray scale (ENT), and those based on the gray level co-occurrence matrix, including the contrast (CON), angular second moment (ASM), inverse difference moment (IDM), Solidity: Convexity is defined as the ratio of perimeters of the Convex hull O(con)over that of the original contour O.  Convexity = O(con)/O.Solidity: Solidity describes the extent to which the shape is convex or concave and its defined by, Solidity = As /H, where As is the area of the shape region and H is the convex hell area of the shape.



Connected Component Classification 
Artificial Neural Network as Classifier 
  Multilayer Feedforward Network (Perceptron/MLFF) 
  Radial Basis Function Based Network (RBF) 
Classification Algorithm 
  Train and test sample selection 
  Network training 
  Network accuracy computation using cross validation 
  Classification of all components 
Generation of classified image from classified components 
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Data Sets 

  Ikonos image window 
  Quickbird image window 
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Significant Objects: 

  Water 

  Buildings 

  Pool 

  Roads 

  Bridge 

  Huts 

  Vegetation 

  Farm 

Input Image – Ikonos Image 

Resolution: 1 metre 
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Watershed Transformation Output – Ikonos Image 
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Object based Classification Output using MLFF 
Network – Ikonos Image 
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Input Image – Quickbird Image 
Significant Objects: 

  Lake 

  Buildings 

  Pool 

  Roads 

  Vegetation 

  Trees 

  Mountain 

  Shadow 

Resolution: 60cm 
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Watershed Transformation Output – Quickbird Image 
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Object Based Classification Output using MLFF Network – Quickbird Image 
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Object Based Classification Output using RBF Network – Quickbird Image 
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Pixel Based Classification Output using MLFF Network – Quickbird Image 
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Pixel Based Classification Output using RBF Network – Quickbird Image 
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Classification Statistics 

Object  
Based 

Pixel Based 

Accuracy 0.8750 0.7972 

Kappa 
Coefficient 

0.8794 0.7685 
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Conclusion: Object based method is 
Superior to Pixel based method. 

 
Remote Sensing Digital Image Analysis :   
An Introduction 
 Richards, John A, 5th ed. 2013, Springer 



 
Thanks! 
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