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 Background: In the previous work, Volcano Hotspots were identified using Two Stage 
Neural Network with Resilient Back Propagation (RBP) and Optic Modified Back 
Propagation (OMBP) algorithms. But precision and recall value are low. Objectives: In 
order to improve the precision and recall value even more higher. An efficient ANFIS 
classifier is used in this paper. Our proposed Volcano Hotspots detection technique 
comprised of   four stages namely pre-processing, segmentation, feature extraction and 
classification. Initially the satellite images fetched from the database is subjected to pre-
processing in order to remove the noise. Then the pre-processed image is segmented 
using modified region growing algorithm.  From the segmented image features such 
texture feature, color feature, wavelet feature and shape features were extracted. Then 
these extracted features were given as the input to the ANFIS. The ANFIS classifier 
classifies the images and identifies the volcano hotspots efficiently. The proposed 
volcano hot spot detection based on modified region growing and ANFIS classifier will 
be implemented in working platform of MATLAB and it will be assessed by utilizing 
an assortment of satellite images taken from the database. Results: The performance 
will be analyzed by comparing the proposed modified region growing and ANFIS 
classifier technique with the previous neural network technique in terms of performance 
evaluation metrics such as precision, recall and F-Measure rate. Conclusion: At the end 
of the process significant results were obtained in case of proposed modified region 
growing and ANFIS classifier when the performance measures were compared with 
existing work.  

 
INTRODUCTION 

 
At present, the use of satellite images plays vital role in many areas of research in the field of system 

(Saudagar Arshed Salim and Vinod Shinde, 2015). The Remote sensed Satellite images are employed so as to 
study the land cover which has been performed extensively at this moment. Valuable data’s are achieved by 
means of satellite images which include ample areas deliberated in few kilometers and objects which range from 
buildings to water-bodies to noise, clouds etc. On a daily basis, the enormous quantities of high-resolution 
satellite images are obtained. Because of main requirement of the progress in intelligent databases, based on its 
size it automatically explains the great satellite images in a proficient way (Xinwei Zheng, Xian Sun, Kun Fu 
and Hongqi Wang, 2013). This technology has the capability to crack the troubles in the   developing nations. 
Satellite images are employed in several research areas (Suma Chappidi and Sandeep Kumar Mekapothula, 
2014).  
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The types of the Satellite images includes: Visible Image, Infra-red Image, Water vapor Image(Jay Narayan 
Thakre and Divakar Singh, 2013). Generally, the two qualities which facilitate to direct the choice of satellite 
data are spatial resolution and spectral resolution. The size of area on the ground which is recapitulated by one 
data value in the imagery is termed as spatial resolution. This resolution is the Instantaneous Field of View 
(IFOV) depicted previously. The satellite sensor which perceives the number and width of the spectral bands is 
termed as spectral resolution. The main resources of images are the remote sensing images which are obtained 
from the satellites (Jesús M, Almendros-Jiménez, Luis Domene and José A. Piedra-Fernández, 2013). 

The main image processing functions which are offered in studying the images are Preprocessing, Image 
Enhancement, Image Transformation, Image Classification and Analysis (Mahmud S, Alkoffash, Mohammed J, 
Bawaneh, Hasan Muaidi and Shihadeh Alqrainy, 2014). The Satellite image classification includes the 
interpretation of remote sensing images, spatial data mining, examining several vegetation types like agriculture 
and foresters etc, scrutinizing urban and to find out several uses of land in an area (Sunitha Abburu and Suresh 
Babu Golla, 2015). The two main types of Image Classification are 1) Supervised Classification (Kanika, Anil 
kumar and Rhythm Gupta,2013) and 2) Unsupervised Classification [16]. In the Supervised Classification, 
training data is chosen from known identities and it is related to the classes. Based on the training data the 
approach classifies the image to the classes. The Unsupervised Classification includes the segmentation of 
images into classes on the basis of normal groupings and the data present in the image (Chandrakala and 
Amsaven, 2013). The most valuable type of classification is the supervised classification as when compared 
with the unsupervised classification. In the supervised classification there is an availability of more number of 
classical classification algorithms and several classifying approaches (Minu Nair and Bindhu, 2016). The 
approaches employed in remote sensing assists the experts to elucidate the data gathered and classification 
approaches(Moisés Espínola, José A, Piedra-Fernández, Rosa Ayala, Luis Iribarne and James Z. Wang, 2015). 

The main benefit of satellite technology is the data obtained which has a large extent as when related with 
the conventional techniques. For a specified location, the satellite data yields an excellent coverage of scene as 
when related with the aerial data. In addition, the exploit of wireless technology and video surveillance require 
equipment’s to be set up in a preferred region; consequently it might be cost prohibitive and moreover it is 
disturbed by several natural occurring disasters. This kind of trouble is absent in the satellite data. Therefore, the 
satellite images are the trendiest and it is chosen as the best for obtaining data and to observe the natural disaster 
(Vaibhavi P Desai and  Hetal Vala, 2014), earthquake and volcano eruption (Senthilnath, S.N. Omkar, V. Mani, 
and P.G. Diwakar, 2013)(Ravi B, Mehta and Richard Sonaliya, 2014). 

The rest of the paper is organized as follows. Section 2 provides various researches conducted in relation to 
our proposed work. Section 3 explains about the design strategy and the proposed method. Section 4 shows the 
result and discussion of our proposed method and finally section 5 concludes our proposed method. 

Muni Rathnam S et al. (2016) have indentified the volcanoes with accuracy up to 0.97 by using two stage 
neural network in which Resilient and Optic modified back propagation were used and statistical parameters 
such as mean, mean square, variance, correlation, energy, contrast, homogeneity etc., are extracted from an 
image and used as features. 

 
Related Researches: A Review: 

Claudia et al. (2014) have proposed a methodology for identifying useful urban features for transportation 
planning, particularly with respect to areas with higher concentrations of trip generators that were identified 
from satellite images, using object-based classification techniques. The proposed methodology for classifying 
images minimizes costs and prioritizes field activities related to research on trip generators, as well as 
origin/destination studies. The methodology was used in the city of Joao Pessoa, Paraíba State, Brazil with 
satisfactory and promising results. 

Tochon et al. (2015)have proposed a method for hyper spectral image segmentation, based on the binary 
partition tree (BPT) algorithm. Various super pixel generation methods including watershed transformation and 
mean shift clustering are applied to decrease spatial dimensionality and provide an initial segmentation map. 
Principal component analysis was performed to reduce the spectral dimensionality and different combinations of 
principal components were compared. A non-parametric region model based on histograms, combined with the 
diffusion distance to merge regions, is used to build the BPT. The proposed method correctly segmented up to 
68% of the tree crowns and produced reasonable patterns of the segmented landscapes. 

Alvaro Linares-Rodriguez et al. (2013) have presented an optimized artificial neural network ensemble 
model was built to estimate daily global solar radiation over large areas. The model uses clear-sky estimates and 
satellite images as input variables. A genetic algorithm was used to optimize selection of model inputs. The 
model yields reliable results even on cloudy days, improving on current models based on satellite imagery. 

Zhizhong Kang et al. (2015) have presented a jointly characterizing a crater candidate by means of its 2-D 
and 3-D features. Specifically, the novel procedure discussed in that paper selects possible crater candidates 
based on the extraction of geometric features from optical images and improves the final selection using 3-D 
features that were extracted from the DEM. Additionally, that study addresses for the first time to accurately 
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identify different types of impact craters based on the 2-D and 3-D characteristics of the crater bottoms as well 
as topographic transects across the craters. The proposed approach was tested on multiple data sets that were 
acquired by the Change satellites and provides a very high level of accuracy in both the detection and 
identification phases. 

Vahid Sadeghi et al. (2013) have proposed an automated Relative Radiometric Normalization (RRN) 
method to adjust a non-linear model based on an Artificial Neural Network (ANN) and unchanged pixels. The 
proposed method includes the following stages: (1) automatic detection of unchanged pixels based on a new 
idea that uses CVA (Change Vector Analysis) method, PCA (Principal Component Analysis) transformation 
and K-means clustering technique, (2) evaluation of different architectures of perceptron neural networks to find 
the best architecture for this specific task and (3) use of the aforementioned network for normalizing the subject 
image. The method has been implemented on two images taken by the TM sensor. 

 
ANFIS Based Volcano Hotspot Detection: 

Initially the satellite images fetched from the database is subjected to pre-processing in order to remove the 
noise. Then the pre-processed image is segmented using modified region growing algorithm.  From the 
segmented image features such texture feature, color feature, wavelet feature and shape features were extracted. 
In feature extraction stage color feature was extracted using histogram, texture feature using LTRP, wavelet 
feature using orthogonal wavelet and shape feature using Area and perimeter. Then these extracted features 
were given as the input to the ANFIS. The ANFIS classifier classifies the images and identifies the volcano 
hotspots efficiently. The block diagram of our proposed technique is shown in fig.1. 

 

},,,{ 321 xnxixi ststststDb L=                                                                     (1)                                                                                              

Let iDb : ni L,2,1=  be a database images. 

 Where 1xst  be the number of images from the database. 

)( xqst be a query image from the database. 

 
Preprocessing by utilizing Adaptive Histogram Equalization (AHE): 

Initially Pre-processing was done in the satellite image 1xst  by means of Adaptive Histogram 

Equalization.AHE is used to enhance the contrast of the image 1xst by modifying the pixel based on its 

surrounding pixels. AHE is routine, locally adaptive and habitually produces superior images. Let us consider a 
moving window )( nmww ×= and )int(i  is the intensity of pixel ),( ji . Then the modification of pixel 

),( ji  is given as below: 

))](int()1())(int(][1[))](int()1())(int([))(int( ,,,, imapsimaptsimaptimaptsimap +++−−+−− −+×−+−+×=               (2) 

Where,                                               )( ,, −+−+ − iupperrightofmappingmap , 

   
)( ,, ++++ − ilowerrightofmappingmap  

)( ,, +−+− − iupperleftofmappingmap  

)( ,, −−−− − ilowerleftofmappingmap  

)/()( −− +−= jjjjs                                                         (3) 

)/()( −− +−= iiiit                                                              (4) 

 
Fig. 1: Architecture of our proposed volcano hotspot detection technique. 
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This modification is done for all the pixels in the entire image and finally the enhanced image )( 1xste  is 

attained. After that obtained preprocessed satellite image )( 1xste  undergo segmentation process. 

Obtain from the adaptive histogram equalization is segmented by using modified region growing algorithm. 
 
Segmentation: 
Segmentation using modified region growing algorithm: 

The preprocessed satellite image )( 1xste Obtain from the adaptive histogram equalization is segmented by 

using modified region growing algorithm. Where the segmentation is done based on seed point selection using 
intensity threshold and orientation threshold. Initially, in order to check whether the neighboring pixels in the 
image can be included with the region or not, the neighboring pixels are compared with the initial seed points. 
The step by step procedure of MRG technique is illustrated below: 

Step 1: Calculate the gradient of the image )( 1xste for x  axis andy axis, let it be ))(ˆ( xrdg  

and ))(ˆ( yrdg . Using these gradient values find the gradient vector VectGrd  

( )22 )(ˆ)(ˆ1

1

yrdgxrdg
VectGrd

++
=                                                                     (5) 

Step 2: Attain the values of orientation by modifying the gradient vector values from radians to degrees. 

Segment the image into grids igrid .  

Step 3: Obtain the intensity threshold as ( ))(thldIn  and orientation threshold as( ))(thldOr . 

Step 4: Continue the subsequent procedures in step 5 regarding each grid igrid , until the number of grids 

reach the total number of grids for an image. 

Step 5(a): Find out the histogram )(histgm  of each pixel in igrid . And Choose the most frequent 

histogram of the igrid th grid and it denoted as )(hsgmFreq . 

Step 5(b): Select any pixel, as per )(hsgmFreq and assign that pixel as the seed point which has the 

intensity( )pIn   and Orientation( )pOr . 

Step 5(c): The intensity and orientation of the neighboring pixel is considered as ( )nIn  and( )nOr .            

Step 5(d): Determine the intensity and orientation difference of the pixels p  andn  by using the equations 

given below. 

 np InIndif −=int                                                                    (6)                                                  

nporient OrOrdif −=                                                                         (7)  

Step 5(e): If )(int thldIdif ≤ && thldorient Odif ≤ , then make the region to grow by adding the related pixel 

to the region or else, go to step 5(g). 
Step 5(f): Scrutinize whether all the pixels are added to the region. If yes, go to step 4, or else go to step 

5(g). 
Step 5(g): Re-examine the region and locate the new seed points and perform the procedure from step 5(a). 
Finally terminate the entire procedure. Thus the image is segmented by means of modified region growing 

algorithm. Then from the segmented images features were extracted.  
 

Feature Extraction: 
Color histogram: 

Color histogram is nothing but a K-dimensional vector. Each component kch in this vector signifies the 

relative number of pixels of color kC in the image, which means the fraction of the pixels are nearly alike with 

the equivalent color.  In order to construct the color histogram, transformation and quantization should be done. 
In the former, the image colors are transformed to the suitable color space and in the latter, quantization should 
be done based on a specific codebook of size K. 

,
N

n
Ih ocrf

i = gli <≤0                              (8) 
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Where, gl  denotes the total number of gray levels in the image, ocrn   denotes the number of occurrences 

of gray leveli . N  denotes the total number of pixels in the image, and  
f

iIh denotes the image histogram for 

pixel valuei . 
 

Local Tetra patterns (LTrP): 
In local tetra patterns (LTrP) there are two patterns like tetra and magnitude patterns are computed by the 

center pixel and its neighbourhood’s pixel values. The center pixel value is denoted asPC , and the horizontal 

and vertical neighborhoods of PC is represented as hC  and vC  respectively. The first order derivatives at the 

center pixel PC and the direction can be computed as  

)()()(
0 Php CICICI −=o                                                                                (9) 

)()()(
90 pvp CICICI −=o                                                                              (10)  
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Then we apply first-order derivative in horizontal and vertical directions to the neighbourhood 

pixel(Subramanian Murala, Maheshwari and Balasubramanian,2012). We obtain the direction and magnitude of 
the neighbourhood pixel.  

821 |))}(),((),(),((),(),(({)( == dddirpdirdirpdirdirpdirp CLCLfCLCLfCLCLfCR L                 (12) 
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From (12) and (13), we get 8-bit tetra pattern for each center pixel. Then, we separate all patterns into three 
parts based on the direction of center pixel. Finally, the tetra patterns for each part (direction) are converted to 
three binary patterns. These three binary patterns are obtained as follows, 

4,3,21

)1(
4,3,2 ))((*2|)(

==

−
= ∑=

dir

P

D

d

d
dirP CRfCR                                                         (14) 
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CRf c

dirp ,0

)(,1
))((

θ
θ

                                                                                      (15) 

In Equ. (15), 4,3,2=θ , after the computation of center pixel direction by Equ. (12), three binary patterns 

are computed by Equ. (15) and (16). In the same way, tetra pattern for center pixels having directions 2, 3 and 4 
is computed. Thus, with four tetra pattern, 12 binary patterns are obtained from all directions (Subramanian 
Murala, Maheshwari and Balasubramanian,2012). Subsequently; the 13th binary pattern is computed by using 

the magnitudes of horizontal and vertical first-order derivatives. The magnitude pattern is computed as follows, 
2

90

2

0
))(())(())(( ddd CICICLS oo +=                               (16)  

Thus the obtained 13 binary patterns are utilized as the feature. Thus the texture features 
f

itx  obtained.  
 

Wavelet feature using orthogonal wavelet: 
In a wavelet when the associated wavelet transform is orthogonal then it is said to be an orthogonal 

transform.  
 

∑
∈

−=
zn

ff pIswfwv )()(           (17) 



197                                             Shanmugam Muni Rathnam and Thirumala Ramashri, 2016 
Australian Journal of Basic and Applied Sciences, 10(10) June 2016, Pages: 192-201 

 

Where, fw  denotes the wavelet function,fs denotes the Scaling function,p  denotes the value of the 

pixel. I denotes the image. Thus by using the orthogonal wavelet, wavelet feature
f

iwv  is obtained. 

 
Shape features: 
Area: 

Shape features such as area and perimeter will be calculated from the segmented images. The area of a 
segmented image can be calculated using the equation given below, 

)(

)(
)(,

wimg

himg
fAArea =

                                                           (18) 
 

Where   )(himg - Image height, )(wimg - Image width 

 
Perimeter: 

The perimeter of a segmented image can be calculated using the equation given below, 

))()((2)(, wimghimgfprperimeter +=
                     (19) 

 
Classification Using ANFIS: 

The features such color feature
f

iIh , texture feature f
itx , wavelet feature

f
iwv  and shape feature 

)(),( fprfA obtained from the feature extraction technique are classified using the well known classifier 

named ANFIS which comprises five layers of nodes. Out of five layers, the first and the fourth layers possess 
adaptive nodes whereas the second, third and fifth layers possess fixed nodes.In ANFIS the inputs are given to 
the input layer (as input membership function) and the output is obtained from the output layer (as output 
membership functions).   

The features are classified using the ANFIS. The Rule basis of the ANFIS is of the form: 

ififi
f

ii
f

ii
f

iii fPEADwvCtxBIhARules +++++= )()()()()(
         (20) 

 

Where,
 

)( f
iIh  , )( f

itx , )( f
iwv , )( fA and )( fp are the inputs, iA  iB  iC iD  and iE are the fuzzy sets, 

iRules is the output within the fuzzy region specified by the fuzzy sets. The architecture of the ANFIS is given 

in fig.2.  
 

 
Fig. 2: Architecture of ANFIS 
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Layer 1: 
Every node i  in this layer is a square node with a node function. 

)(),(),(,)(),( ,1,1,1,1,1 fEiifDii
f

iCii
f

iBii
f

iAii POAOwvOtxOIhO µµµµµ ===== (21)             

Usually )(),(),(,)(),( fEifDi
f

iCi
f

iBi
f

iAi PAwvtxIh µµµµµ are chosen to be bell-shaped with 

maximum equal to 1 and minimum equal to 0 and are defined as 

iq

i

i

fEifDi
f

iCi
f

iBi
f

iAi

p

ox
PAwvtxIh






















 −+

=====
2

1

1
)()()()()( µµµµµ

           (22)

 

Where iii qpo ,, is the parameter set. These parameters in this layer are referred to as premise parameters.  

 
Layer-2: 

Every node in this layer is a circle node labeled Π which multiplies the incoming signals and sends the 
product out. For instance, 

2,1 ),()()()()(,2 =××××== iPAwvtxIhwtO fEifDi
f

iCi
f

iBi
f

iAiii µµµµµ       (23)  

Each node output represents the firing strength of a rule. 
 
Layer-3: 

Every node in this layer is a circle node labeledN . The thi node calculates the ratio of the thi rules firing 
strength to the sum of all rule’s firing strengths: 

2,1),/( 21,3 =+== iwtwtwtwtO iii                                   (24) 

 
Layer-4: 

Every node i in this layer is a square node with a node function 

2,1.,4 == iRuleswtO iii                                                    (25) 

Where iwt is the output of layer 3. 

 
Layer-5: 

The single node in this layer is a circle node labeledΣ that computes the overall output as the summation of 
all incoming signals: 

∑
∑

∑ ==
i i

i ii
i

i

ii wt

Ruleswt
RuleswtO ,5

                                                                    (26) 

)( f
ion =

21

2211

wtwt

RuleswtRuleswt

+
+

                                                                     (27) 

21)( RuleswtRuleswton f
i +=                                                              (28) 

Thus the feature obtained is classified by ANFIS and the classified feature is denoted as )( f
iOn   

 
RESULT AND DISCUSSION 

 
The proposed approach for the volcano hotspot satellite image detection is implemented in the working 

platform of Mat-lab 2014a. 
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(a)  

  
      (b) 

  
(c) 

 
Fig. 3: a) Input Volcanic images, b) Input Non-volcanic images, c) hot spotted-volcanic images 

 
Performance analysis: 

The proposed technique is detail described in the previous Section and in this section the detail explanation 
on the implementation result and its performance is analyzed. By performing the statistical measures such as 
sensitivity, specificity and accuracy the performance of our proposed hotspot detection is examined. Error rate 
in terms of true and false positive and true and false negative as follows: 

• (TP): the classification result is positive in the presence of the volcano hotspot. 
• (TN): the classification result is negative in the absence of the volcano hotspot. 
• (FP): the classification result is positive in the absence of the volcano hotspot. 
• (FN): the classification result is negative in the presence of the volcano hotspot. 

 
Table 1: Obtained values for our proposed evaluation metrics such as TP, TN, FP and FN 

Evaluation Metrics Proposed System Existing System RBP Existing System OMBP 
True Positive 47 45 48 
False Positive 0 3 3 
True Negative 50 47 47 
False Negative 3 5 2 

 
FP)FNTPTP)/(TNTN(Accuracy ++++=  

FN)TP/(TPy Sensitivit +=  

Specificity TN/(TN FP)= +  
 
Table 2: Comparison for the Performance Analysis 

Measures Proposed System Existing System RBP Existing Method(OMBP) 
Accuracy 0.97 0.92 0.95 
Sensitivity 0.94 0.9 0.96 
Specificity 1 0.94 0.94 

 
Discussion: 

Table2 illustrates the performance of our proposed volcano hotspot detection technique based on certain 
terms like accuracy, sensitivity and specificity. The accuracy of the proposed ANFIS based volcano hotspot 
detection method is high method (0.97) is when compared the existing method such as RBP (0.92) and OMBP 
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(0.95). Correspondingly the specificity and sensitivity  of the proposed method (1),(0.94) also gets increased as 
when compared to  RBP of specificity (0.94) and sensitivity (0.9) and OMBP of specificity (0.94) and 
sensitivity  (0.96). Likewise the performance gets improved in our proposed technique than the existing RBP 
and OMBP when compared to other terms such as Precision and Recall. This shows that our proposed technique 
detects the volcano hot spot more accurately than the existing technique because of its increased performance in 
accuracy, detection rate and specificity. The performance comparison of precision and Recall comparison is 
given in table.3 
 
Table 3:  Precision and Recall values for our proposed ANFIS and the Existing RBP, Existing OMBP. 

Comparative  Analysis 
Precision Recall 
Proposed method Existing 

Method(RBP) 
Existing 
Method(OMBP) 

Proposed method Existing 
Method(RBP) 

Existing 
Method(OMBP) 

1 0.9375 0.9412 0.94 0.9 0.9592 
 

Conclusion: 
In this paper we have deliberated to propose an efficient MRG-ANFIS based remote sensing volcano 

hotspot detection system using MRG-ANFIS method. The proposed technique has higher precision rate and F-
Measure than the other existing techniques. The comparison result shows that our proposed MRG-ANFIS 
technique detects the volcano hotspots more accurately than the existing methods. Hence, it is proved that our 
proposed techniques system using MRG-ANFIS technique more precisely and efficiently detect the volcano 
hotspots. 
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