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Abstract: Land use Land cover classification is an important 

aspect for managing natural resources and monitoring 
environmental changes. Urban expansion becomes one of the 
major challenges for the administrator. The LANDSAT 8 images 
are processed using the open source GRASS (Geographic 
Resource Analysis Support System). Unsupervised classification 
technique based on Ant Colony Optimization (ACO) algorithm 
has been modified and proposed as Modified Ant Colony 
Optimization (MACO) for LULC classification. In order to 
improve the classification accuracy of the proposed algorithm, we 
have combined spatial, spectral and texture features to extract 
more information of homogeneous land surface. The 
classification accuracy of the proposed algorithm has been 
compared with other unsupervised classification methods such as 
k-means, ISODATA and ACO algorithms. The overall 
classification accuracy of proposed unsupervised MACO 
algorithm has been increased by 11.24 %, 8.24% for open space 
and water bodies class, respectively as compared to ACO 
algorithm.  

 
Keywords: Remote sensing, Image enhancement, Modified 

ant colony optimization, Classification accuracy. 

I. INTRODUCTION 

In the world, land resource is one of the most important 
resources for human beings. The development of human 
society is achieved by exploring and using land resource 
reasonably, hence, LULC classification is an extremely 
valuable subject for urban as well as rural development. 
LULC classification is broadly divided in unsupervised and 
supervised classification technique. The materials present on 
the earth’s surface, land Use Land Cover (LULC) and its 
signature plays a significant role on the ecosystems of 
respective area [1, 2]. LULC information is generated from 
regional level to global level with the help of its spatial and 
spectral representation of the earth surface.  
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The temporal coverage of specific region indicates the change 
in that area [3]. Now days more number of studies conducted 
on geographic distribution of LULC mapping analysis and its 
dynamic change over time, space and scale due to the high 
resolution sensors, improved computing resources as well as 
data analysis tools [4].  There are multispectral and 
hyperspectral sensors are available for remote sensing and 
LULC mapping analysis. The multispectral sensors consists 
the less no. of spectral bands around ten bands and 
hyperspectral sensors provides approximately 200 to 250 
band. The urban area characterized various elements such as 
roads, gardens, buildings and commercial complexes [5]. For 
these kinds of images detailed land cover mapping does not 
perform well with low resolution. High spatial resolution 
sensor provides detailed spatial and spectral information in 
the urban as well as ruler areas. However, the availability of 
sensors and cost of sensing data is not affordable for 
developing countries for such a land cover mapping. This 
increase the demand of some advanced algorithms which 
improves the classification accuracies with the help of low 
and medium resolution sensors [6, 7]. Still there remains a 
challenge for researchers to improve the classification 
accuracy for such environments [8]. This paper gives the 
detailed and reliable LULC information from LANDSAT 8 
imageries of Malshiras, Solapur District, Maharashtra state, 
India. Normalized Differential Vegetative Index (NDVI) and 
morphologies are derived from Digital Elevation Model 
(DEM) of ASTER [9, 10]. 

II. STUDY AREA , DATA AND METHODOLOGY 

The study area is ‘Malshiras Taluka’, Solapur District, of 

Maharashtra, which is located in west of India, about 350 km 
east of Mumbai as shown in the Figure1. The western region 
is mainly situated on the Deccan Basaltic plateau, with 
diverse landforms,  hills, streams, canals etc., Deccan trap 
basaltic lava flows, which in turn covered by thin mantle of 
soil. These lava flows on account of weathering give rise to 
undulating topography. The Soil in the area is Black, Coarse 
red, Reddish. The climate of the region is agreeable and free 
form extremes of hot and cold, except hot months of March, 
April and May. There are many fractures in the region so that 
the area can better act as a recharge zone of watershed. 
Malshiras is located at 17.6° Latitude and 74.90°Longitude. 
The elevation range of this area is in between values 386 to 
905 meters from sea level. The economy of this area is 
completely depending upon the agricultural products. There 
are many Milk Industry and Sugar Cooperative which has 
come up and due to which the traditional cropping is getting 
replaced with Sugarcane crops which gives high returns. But 
the rapid shifting of crops to more water intensive crops will 
trigger shortage of water in future.  
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There is need to bring more barren landscapes under 
cultivation at the same time to grow sugarcane.   
There is need to increase the cropping area for fodder milk 
industries, Sugarcane-Sugar industries. The regional planning 
strategy will help the sufficient new rural and agricultural 
development. The proposed study will give the more focus on 
this developmental aspect by analyzing and quantifying land 
use and land cover. 

 
Figure 1: Study area 

Data is downloaded from the LANDSAT 8 satellite which is 
freely available on the USGS site [15]. LANDSAT 8 satellite 
provides the data in eleven bands with 30 meter resolution 
except one band. It also gives temporal data after every 
sixteen days. It is acquired on 13th December 2016. The 
training samples are collected from the Google Earth images 
for classification and the clusters of signatures were generated 
for different classes. For each class 5 to 6 samples are 
collected and arranged in different layers which are further 
imported in GRASS software.  
The LULC mapping of the selected area is carried out by 
unsupervised techniques such as k-means, ISODATA, ACO 
algorithms and MACO. The block diagram of the proposed 
unsupervised classification technique is as shown in the 
Figure 2. Unsupervised classification system consist band 
extraction, image pre-processing and enhancement, selective 
feature extraction and classifier [11]. There are total 11 bands 
are available in Landsat8 image and each band has significant 
features. In the proposed algorithms selective features have 
been extracted using DWT and further NLM filtering is 
applied in pre-processing stage for enhancement.  

 
Figure 2: Unsupervised classification technique 

The features are extracted in spatial, spectral and texture form 
which has been used for proper clustering of LULC in 
unsupervised classification. The purpose of feature extraction 
is to obtain relevant and compact information from the 
multispectral satellite image for accurate LULC 
classification. 

III. PROPOSED CLASSIFICATION ALGORITHM 

The proposed algorithm classifies a given set of input 
attributes into predefined classes based on the feature of either 
input data or training samples. In this unsupervised 
classification techniques clustering approach is used to 
classify the different classes based on the features of the input 
image [13, 14]. The proposed algorithm combines the 
spectral, spatial and texture for classification of the input 
Landsat8 satellite image. GLCM has been used for extraction 
of texture features and probability concept has been used for 
merging the input pixels from one class to another class. The 
proposed algorithm has been tested on GIS based GRASS 
software with Landsat8 images of said geographical location 
[12]. The performance of the proposed algorithm has been 
evaluated with classification accuracies and found to be 
encouraging as compared to other traditional clustering 
algorithms such as K-means, ISODATA and ACO 
algorithms. The block diagram of the proposed MACO 
technique for LULC classification is as shown in Figure 3.  

 
Figure 3: Block diagram of the proposed MACO 

technique for LULC classification. 
The Landsat 8 satellite image consists eleven bands and 
further bands are extracted. The spectral, spatial and texture 
feature of the input image has been extracted and selected for 
the clustering of the classes. Initially clusters have formed 
using the texture features calculated from GLCM. Various 
classes have been identified through the unsupervised 
classification technique, hence merging of the clusters is 
essential to classify the input image into the broad 
classifications such as agricultural, hills and waste, water 
bodies, settlements and open land.  



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 
ISSN: 2278-3075 (Online), Volume-9 Issue-4, February 2020 

102 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: D1132029420/2020©BEIESP 
DOI: 10.35940/ijitee.D1132.029420 
Journal Website: www.ijitee.org 
 

A. Proposed Algorithm of MACO for LULC 
Classification  

In order to improve overall classification accuracy of 
homogenous structure of said geographical area, along with 
spatial features textured features have been combined in the 
proposed MACO to extract more and correct information. 
Initially, textured features such as Homogeneity, 
Dissimilarity, GLCM mean and GLCM standard deviation 
have been calculated to form basic clustering. Further, 
probability concept has been used for merging the cluster to 
identify desired LULC classes. For unsupervised 
classification MACO algorithm is described as below: 
Step 1: Accept the enhanced image  obtained from 
the proposed satellite image enhanced algorithm. 
Step 2: Calculate gray level co-occurrence matrix 

of . 

Step 3: Find textured feature Dissimilarity, Mean and 

Variance of . 

Step 4: Form Basic clusters from textured features. 

Step 5: Initialize the parameters N, m, β, r,   and 

 with zero value. 

Step 6: Calculate the weighted distance between 

and   of two points and expressed as,     

                                                               

where, 
 is weighted distance between and    

is weight factor. 
Step 7: The amount information on path  between 

and  is estimated using,  

               (2)                                                         

Step 8: Calculate probability of   to    and expressed as, 

 

   where,   

 is the information path 

   is inspiration extended from  to 

, 

   Inspiration information while choosing the 
path.  

Step 9: If the  then  merged into     

Step 11: Calculate cluster centre as expressed, 

 

Step 10: Assign the value of cluster centre  of   to    

. 

Step 11: Calculate classification accuracy. 

IV. RESULTS AND DISCUSSIONS 

The proposed method (MACO) has been used for LULC 
classification of Malshiras taluka geographical location into 
different classes such as agricultural land, hills and waste 
land, water bodies, settlements and open land using Landsat 8 
satellite image. MACO has been tested on Intel core (TM) i5 
processor, 32 bits, 2.3 GHz operating frequency and 2.4 GB 
RAM with GIS based GRASS software. The data for the 
different dates of same geographical location and season have 
been collected on 13th December 2016, 10th December 2017 
and 27th November 2018. The performance analysis for 
different classes has been compared with the ground truth 
analysis in the same season. The ground truth analysis has 
been carried out through the field visit of the said 
geographical location with the help of government approved 
local land survey agency (A.D. Geoinfo. Associates) for 
validation.  Figure 4 shows the percentage land cover of the 
particular class as compared to ground truth analysis on 10th 
December 2017 data set. Similarly, Figure 5 shows the 
percentage land cover of the particular class as compared to 
ground truth for 27th November 2018 data set. The change 
detection analysis of the geographical study area has been 
carried out for period of one year (2017-2018) as shown in 
Figure 6. It has been observed that 2% hills and waste land has 
been converted into vegetation land and settlement area has 
been increased with 1%. Subjective results are shown with 
False Color Composition (FCC). Figure 7 shows the 
comparison of overall classification accuracy of different 
unsupervised classifiers such as k-means, ISODATA and 
ACO.  It has been observed that overall classification 
accuracy of the vegetation class is less due to the variation of 
that class in the form of cropland, shrubs, horticulture area 
and forest. Also, it has been observed that the overall 
classification accuracy of the uniform land surface such as 
water bodies and open space have more classification 
accuracy. Figure 8  shows the FCC of different classes for the 
proposed MACO and other unsupervised classifiers. The 
black color has been represented as water source and it has 
been clearly identified Ujani dam and Bhima River near to the 
said geographical location. The hills and waste land has been 
spread more towards the south-west side of the said 
geographical area. Vegetation land has been observed 
relatively large towards the east and north side of the 
Malshiras taluka study area. Finally, overall classification 
accuracy of the proposed (MACO) algorithm has been 
improved significantly due do the combination of spectral, 
spatial and texture features as compared to other techniques.  
Normalized Differential Vegetation Index (NDVI) of the 
study area is shown in Figure 9. Digital Elevation Model 
(DEM)  of the study area have been generated as shown in the 
Figure 10.  
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(a) 

 
(b) 

Figure 4: Percentage land classes of the Malshiras taluka 
for December 2017: (a) MACO classification, (b) Ground 

truth classification. 

 
(a) 

 
(b) 

Figure 5: Percentage land classes of the Malshiras taluka 
for December 2018: (a) MACO classification, (b) Ground 

truth classification. 

 
(a) 

 
(b) 

Figure 6: Percentage change detection of the Malshiras 
taluka between two consecutive years (a) MACO 

classification for December 2017, (b) MACO 
classification for November 2018. 
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Figure 7: Overall classification accuracy of unsupervised classifiers for each class.  

                          
(a)                                                                                                             (b) 

 

                          

                    (c)                                                                                                         (d) 

FCC Image Attributes 

  Vegetation 

  Settlements 

  Hills and waste Land 

  Water 

  Open space 

     (e)                      
Figure 8: Classification results of different classifier with FCC: (a) k-means, (b) ISODATA, 

(c) ACO and (d) MACO (e) FCC Image Attributes
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Figure 9:  Normalized Differential Vegetation Index 

(NDVI) of the study area. 

V. CONCLUSIONS  

In this paper, MACO classification algorithm has been 
proposed based on the ACO with modified features for 
clustering for LULC. In order to improve the overall 
classification accuracy of the proposed MACO algorithm 
spectral, spatial and texture features have been combined 
together for the clustering and classification. The overall 
classification accuracy of the proposed (MACO) algorithm 
has been improved by 13.93 % for the agricultural land class, 
13.14 % for hills and waste land, 11.55 % for water bodies, 
12.29 % for settlements and 18.89 % for the open space land 
as compared to k-means algorithm. NDVI determines the 
vegetative cover by visual as well as computational means. 
DEM analysis helps in delineating the hills and plain areas 
which also helps in identifying the terrains with variable 
heights. The classification accuracy can be improved with 
supervised classification techniques which require exact 
training samples of the study area.    
 

 

 

Figure 10.  Digital Elevation Model of the geographical 
study area 

REFERENCES 

1. Jon Atli Benediktsson, Martino Pesaresi and Kolbeinn Arnason, 
“Classification and Feature Extraction for Remote Sensing Images 
From Urban Areas Based on Morphological Transformations”, 

IEEE Transactions on Geosciences and Remote Sensing, vol. 41, 
No. 9, September 2003. 

2. Chander G. and et al, “Summary of current radiometric calibration 
coefficients for Landsat MSS, TM, ETM+, and EO-1 ALI sensors”, 

Remote Sensing of Environment, 113(5), 893–903, 2009 
3. Xia Jun and et al, “The Classification of Land Cover Derived from 

High Resolution Remote Sensing Imagery”, IEEE conference of 

ICICTA, 2011. 
4. Hemant Kumar Aggarwal and Sonajharia Minz, “Change Detection 

Using Unsupervised Learning Algorithms for Delhi, India”, Asian 

Journal of Geoinformatics, Vol.13, No. 4, 2016. 
5. Adel Shalaby and Ryutaro, “Remote sensing and GIS for mapping 

and monitoring land cover and land-use changes in the 
Northwestern coastal zone of Egypt”, Elsevier Journal of Applied 

Geography,Vol.No.27,Page No.28-41,January 2007.  
6. Giles M. Foody, “Status of Land Cover Classification Accuracy 

Assessment,” Elsevier Journal of Remote Sensing of the 
Environment, 80 (1), pp. 185-201, 2002. 

7. C. Conrad, M. Rudloff and et al, “ Measuring rural settlement 

expansion in Uzbekistan using remote sensing to support spatial 
planning”, Elsevier Journal of Applied Geography,Vol.No.62,Page 
No.29-43,  April 2018 

8. Bailly J.S. and et al, “Boosting: a classification method for remote 

sensing,” International journal of Remote sensing, 28, 1687–1710, 
2007. 

9. E. Christophe,  “Remote Sensing Processing: From Multicore to 

GPU,” IEEE Journal of Applied Earth Observations and Remote 
Sensing vol. 4, no. 3, pp. 643 – 652, Sept. 2011. 

10.   Gabriele Cavallaro, Morris Riedel and Matthias Richer zhagen, “On 

Understanding Big Data Impacts in Remotely Sensed Image 
Classification Using Support Vector Machine Methods,” IEEE 
Journal of selected topics in Applied Earth Observations and 
Remote Sensing, vol. 8, no. 10, pp. 4634-4646, 2015. 

11.  S. A. Bibikov and et al, “Memory access optimization in recurrent 

image processing algorithms with CUDA,” Pattern Recognition and 

Image Analysis, vol. 21, no. 3, pp. 377-380, 2011.  
12.   Bo Zhong, Aixia Yang, Aihua Nie and Yanjuna Yao, “Finer 

Resolution Land-Cover Mapping Using Multiple Classifiers and 
Multisource Remotely Sensed Data in the Heihe River Basin,” IEEE 
Journal of selected topics in Applied Earth  Observations and 
Remote Sensing, vol. 8, no. 10, pp. 4973-4992, 2015. 

13.   Shashi Kumar and Prafull Singh, “Swarm Intelligence Inspired 

Classifier: A case study with Remote Sensing Perspective,” Journal 

of Geomatics, vol.8, no. 2, pp. 195-199, 2014.  
14.   J. Jayanth, Shivaprakash Koliwad, Ashok Kumar T., “ 

Classification of Remote sensed data using Artificial Bee Colony  
algorithm,” The Egyptian Journal of Remote sensing and Space 
Sciences, hosted by Elsevier, vol. 18, no .9, pp. 119-126 ,  2015. 

15. USGS landsat8 data downloaded [online].    
16. http://landsat.usgs.gov/tools_faq.php 

 

 

 

 

 

http://landsat.usgs.gov/tools_faq.php


International Journal of Innovative Technology and Exploring Engineering (IJITEE) 
ISSN: 2278-3075 (Online), Volume-9 Issue-4, February 2020 

106 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: D1132029420/2020©BEIESP 
DOI: 10.35940/ijitee.D1132.029420 
Journal Website: www.ijitee.org 
 

 

 
 

 
 
 

 
 
 

AUTHORS PROFILE 

  Bhagavat D. Jadhav received the B.E. degree in 
Electronics Engineering from Pune University 
Pune, India, in 2002,   M.Tech. from Pune 
University Pune, India, in 2008, and Ph.D. 
degrees in Electronics and Telecommunication 
engineering from S.P.P.U Pune, India, in 2017. 
Since January 2005, he has been with the 

Department of Electronics and Telecommunication engineering, RSCOE, 
Currently he is working as a Professor and head of the Department in E&TC 
Department. His current research interests include Signal, Image processing 
and Electronic Devices. He is a Life Member of the Indian Society for 
Technical Education (ISTE). He has filed two patents and published more 
than twenty papers in various IEEE conferences and reputed journals.  
 

 Chandrama G. Thorat received the B.E. degree 
in Information Technology Engineering from Pune 
University Pune, India, in 2005, and the M.Tech. 
Pune University Pune, India, in 2010. She is 
pursuing Ph.D. degrees in Electronics and 
Telecommunication engineering from S.P.P.U 
Pune, India. Currently she is working as a Research 

Associate in COEP, Pune, India. Her current 
research interests include Signal, Image processing and cyber security. She 
has filed two patents and published more than ten papers in various IEEE 
conferences and reputed journals.  

 
 

Ajay N Paithane received the B.E. degree in 
Electronics engineering from Dr. B. A. M. 
University of Aurangabad, India, in 1996, M.E. 
from Shivaji University of Kolhapur, India, in 
2008, and Ph.D. degrees in Electronics and 
Telecommunication engineering from S.P.P.U 
Pune, India, in 2016.Since July 2015, he has been 
with the Department of Electronics and 

Telecommunication engineering, RSCOE, Pune as 
a Professor. His current research interests include Signal, Image processing 
and Embedded system design.    He is a Life Member of the Indian Society 
for Technical Education (ISTE). He has filed six patents and one copyright. 
He has published more than thirty papers in various IEEE conferences and 
reputed journals.  
  

 
Pravin M. Ghate received the B.E. degree in 
Electronics and Telecommunication engineering 
from Dr. B.A. M. University of Aurangabad, India, 
in 2002, and the M.E. from Dr. B.A.M. University 
of Aurangabad, India, in 2008, and Ph.D. degrees in 
Electronics Engineering from Dr. B. A. M. 
University, Aurangabad    India, in 2018. 

Since July 2005, he has been with the Department of Electronics and 
Telecommunication engineering, RSCOE, Pune as a Professor. His current 
research interests include Signal, Speech processing and Embedded system 
design.     He is a Life Member of the Indian Society for Technical Education 
(ISTE). He has filed two patents. He has published more than ten papers in 
various IEEE conferences and reputed journals.  

 


