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Abstract 

Land use/land cover classification is a mainstream application 

in remote sensing. Nevertheless, depicting accurately the land 

use/land cover spatial distribution in humid tropical areas is a 

challenging task, attributed mainly to the complex biophysical 

environment typically encountered in the tropics and technical 

limitations of earth observation data. In this paper, we used a 

medium resolution C-band, VV/VH dual polarized Sentinel 1A 

image and a multispectral Landsat 8 image to classify the 

Songkhla Lake Basin, Thailand in main land use/land cover 

classes, namely forest, paddy field, lake and plantations. The 

Maximum Likelihood supervised and ISO Cluster 

unsupervised algorithms have been applied. The results showed 

that all investigated approaches provided accurate estimations, 

with the most accurate derived from the Sentinel 1A image with 

ISO Cluster unsupervised classification method with overall 

accuracy 0.87% and kappa coefficient 0.89.  

 

INTRODUCTION  

Land use/land cover (LULC) is one of the main aspects of 

global environmental change (Joshi et al. 2016). LULC impacts 

on ecological and environmental systems due to increasing 

population, human activities and the abuse of limited land 

resources. To address these problems, it is necessary to measure 

and monitor the nature of land use and the associated rate of 

change from existing LULC data for sustainable development 

resources at national, regional and global levels (Nathaniel et 

al. 2004 and Joseph 2005). 

An important data source for providing repetitive and reliable 

land surface information is remote sensing (Nathaniel et al. 

2004). Several studies have attempted to monitor LULC 

activities using earth observation data in the area of interest. 

Yongsatidsuk et al. 2012 for instance, monitored paddy field 

changes in Songkhla lake basin and evaluated land suitability 

for paddy fields areas using multispectral and pansharpened 

Thaichote satellite images. Yongchalermchai et al. 2012 

monitored shrimp farm area change using Landsat satellite 

images in Songkhla lake basin. These studies employed optical 

satellite data; however, despite the fact that optical remote 

sensing has a large capacity to monitor LULC areas, it can be 

limited by weather conditions. Conversely, mapping precise 

LULC spatial distribution is a challenge, mainly in moist (due 

to cloud and fog cover) tropical regions, because of the 

complex biophysical environment and the limitations of remote 

sensing; the major limitation being the inability of optical 

satellite sensors to penetrate clouds (Lu et al. 2012).  

All-weather and all-time imaging capability, Synthetic 

Aperture Radar (SAR) instruments have been receiving 

considerable attention in the remote sensing community. SAR 

data can be used for monitoring and evaluating environmental 

change such as agriculture classification, estimation of tree 

height, biomass and detection of deforestation (Ehsan 2011) 

and pollution detection.  

The aim of this study is to classify LULC activities (rice, farm, 

rubber etc.) and evaluate the capability of SAR satellite images 

in the Songkhla lake basin, South Thailand to Land degradation 

caused by LULC changes such as this of agriculture areas (rice, 

rubber, palm oil and aquaculture) are the most serious 

environmental problems related to the current development in 

the study area (Ratanachai 2011).    

 

STUDY AREA 

The study area is situated in Songkhla Lake, South Thailand 

covering an area of basin 8,495 km2 and lake 1,040 km². It 

borders the provinces of Songkhla, Phatthalung and Nakhon Si 

Thammarat and is one of the most important areas for 

commercial agriculture including paddy fields, rubber 

plantations, shrimp farms, etc. because of the topography and 

the ecological zone (Sompongchaiyakul et al. 2004 and 

Pornpinatepong et al. 2010).     
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Figure 1: Location of the study area in Songkhla lake basin. 

 

DATA   

Satellite image  

Sentinel-1 SAR is a twin satellite constellation with the prime 

objective of Land and Ocean monitoring. The aim of the 

mission is to provide C-Band SAR data continuity following 

the end of ERS-2 and Envisat missions. Each of the two 

Sentinel-1 satellites carries a C-SAR sensor, which offers 

medium and high resolution imaging capabilities in all weather 

conditions. The C-SAR is capable of obtaining night imagery 

and detecting small movement on the ground, which makes it 

useful for land and sea monitoring (ESA 2016). In this research, 

a Sentinel-1A image with VV/VH dual polarization was 

acquired on 25th February 2015. The spatial resolution is 5x20 

m and was acquired on Level-1 Ground Range Detected mode 

with 250km swath, multilook intensity only and Interferometric 

Wide (IW) Swath mode.   

The Landsat 8 image was downloaded as L1T format and the 

Ground Sampling Interval (pixel size) for the visible and 

infrared bands is 30 m.  

 

Reference Data   

Field and auxiliary data  

Field and auxiliary data were provided by the GEO-Informatics 

Research Centre for Natural Resources and Environment and 

the Southern Regional Centre of Geo-Informatics and Space 

Technology, Thailand. We selected 26 samples of rubber and 

paddy areas. Photographs were taken during fieldwork to 

support analysis and image interpretation (figure 3). The 

auxiliary data were acquired from the same provider who 

collected the LULC data from Land Development Department, 

Thailand. Figure 2 shows the map of paddy field, palm oil, 

rubber and forest areas by GEO-Informatics Research Centre 

for Natural Resources and Environment and Southern Regional 

Centre of Geo-Informatics and Space Technology, Thailand.   

 

 

 

Figure 2: Ground data and secondary data from Land 

Development Department, Thailand (the data were taken with 

the permission of the Land Development Department, 

Thailand. Produced by GEO-Informatics Research Centre for 

Natural Resources and Environment Southern Regional Centre 

of Geo-Informatics and Space Technology, Thailand).   
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Vegetation Type Geographic Coordinates  

Latitude  Longtitude 

Paddy 

 

7.455872 100.143205 

Paddy 

 

7.573999 100.079898 

Rubber 

 

7.366928 100.148839 

Rubber 

 

7.398549 100.211568 

Rubber 

 

7.416926 100.226677 

Figure 3: Sample sites in Songkhla Lake Basin, Southern Thailand. 
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METHODOLOGY  

Image pre-processing 

The overall methodology comprises of a parallel pre-

processing of the SAR and optical data, the fusion of the two 

image sources, the classification of the fused and individual 

sources and the accuracy assessment. The SAR data were first 

calibrated so that the pixel values are representative of the radar 

backscatter of the scene. The Gamma MAP 3x3 speckle noise 

reduction filter was applied. Subsequently, the intensity of the 

multilook VH band was selected, a Range-Doppler terrain 

correction was applied and finally registered to a map 

Coordinate System (WGS 1984 UTM Zone 47 N).  

The optical image (Landsat 8) was atmospherically corrected 

using the FLAASH atmospheric correction module of ENVI. 

The data were first calibrated from Digital Number values to 

at-sensor radiance, then the atmospheric correction was 

implemented and finally the reflectance output was rescaled 

from 0 to 1. 

 

Image classification  

The two data sources are classified with two different 

classification algorithms; namely a supervised classification 

with Maximum Likelihood (ML) algorithm and an 

unsupervised classification based on the ISO Cluster tool. The 

ML classifier is selected as it is one of the most traditional 

classification algorithms used, yet has been proved robust in 

several remote sensing problems. It assumes that the digital 

numbers for each class in each band are normally distributed 

and calculates the probability that a given pixel belongs to a 

specific class. Unless you select a probability threshold, all 

pixels are classified. Each pixel is assigned to the class that has 

the highest probability (which corresponds to the maximum 

likelihood). The following four training classes are selected for 

the supervised classification: forest, lake, paddy fields and 

plants (palm oil and rubber trees). Representative training sites 

were selected based on the field data and secondary data as 

shown in Figures 2 and 3. The ISO Cluster is selected in this 

research as it is often used as a training method for 

unsupervised classification. This algorithm is essentially an 

isodata clustering algorithm which determines the 

characteristics of cell groups in a multi-dimentional attribute 

space.   

 

Accuracy Assessment 

The confusion matrix and the Kappa coefficient of agreement 

(κ) are used to evaluate the image classification results for each 

scenario. Overall accuracy was calculated by summing the 

number of pixels classified correctly and dividing by the total 

number of reference pixels. The kappa coefficient is a statistical 

measure indicating the agreement between the results and the 

ground truth data. It is often used in remote sensing studies to 

evaluate holistically the confusion matrix and give an 

estimation of the overall accuracy. The kappa coefficient is 

calculated by ‘‘multiplying the total number of pixels in all the 

ground truth classes (N) by the sum of the confusion matrix 

diagonals (xii), subtracting the sum of the ground truth pixels in 

a class times the sum of the classified pixels in that class 

summed over all classes, and dividing by the total number of 

pixels squared minus the sum of the ground truth pixels in that 

class times the sum of the classified pixels in that class summed 

over all classes’’ (Cohen 1960).    

 

RESULTS AND DISCUSSION   

The results showed that Sentinel 1A yielded accurate results for 

classifying LULC using ML classification. The overall 

validation accuracy and kappa resulted to 0.81% and 0.85 

respectively. However, ML proved not to be an effective 

classifier for certain LULC activities. Sentinel 1A does not 

perform adequately for paddy areas; it resulted to relatively low 

producer’s and user’s accuracy (60% and 30% respectively); 

moreover the plants of interest have similar structure and 

therefore can easily be misclassified. On the other hand, 

Sentinel 1A has the capacity to classify forest and lake class in 

some areas using ML. The producer’s accuracy for forest is 

64.71% and user’s accuracy is 84.62% and the producer’s 

accuracy and user’s accuracy for lake are both 100.00% (table 

1). A comparison with Landsat 8 optical image was then 

undertaken. It was found that the overall accuracy and kappa of 

optical image produced similar values (0.82% and 0.86 

respectively). Also paddy and plant don’t interpret accurate 

results (figure 4). Moreover we tested SAR and optical imagery 

to classify LULC with ISO Cluster unsupervised classification. 

ISO Cluster Unsupervised Classification gave slightly more 

accurate results than ML supervised classification overall. The 

results for Sentinel 1A show that the overall accuracy and 

kappa were 0.87% and 0.89% respectively, while for Landsat 8 

the overall accuracy and kappa were 0.81% and 0.85% 

respectively (table 2). Although ISO Cluster unsupervised 

classification provided higher accuracy than ML classification, 

the interpreter need to familiarize with the study area before 

classifying the image (figure 5).   

 

SUMMARY  

LULC classification in the moist tropical zone in the south of 

Thailand is challenging due to the complexity of the 

biophysical environment. SAR images are a useful source of 

information in these types of environment as they can bypass 

the cloud coverage problem that optical data are suffering from. 

This study improves image processing and analysis techniques 

for classifying LULC areas. Although ML is still the common 

tool for LULC classification, ISO Cluster classification gives 

slightly better accuracy for classifying LULC areas. The 

representative sample plots are always necessary for LULC 

classification but it has the limitation of historical satellite 

image classification. Hence, the selection of the best available 

datasets is the most important issue to address when classifying 

satellite images.  
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(a) 

 

(b) 

Figure 4: Land use/land cover map of Songkhla Lake Basin, 

Thailand by applying the Maximum Likelihood supervised 

classification on (a) VV/VH dual polarization Sentinel-1A 

image and (b) Landsat 8 image. 

 
(a) 

 

 

(b) 

Figure 5:  Land use/land cover map of Songkhla Lake Basin, 

Thailand by applying the ISO Cluster unsupervised 

classification on (a) VV/VH dual polarization Sentinel-1A 

image and (b) Landsat 8 image. 
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Table 1: Comparison of accuracy assessment with Maximum Likelihood supervised classification based on Sentinel-1A image: 

VV/VH dual polarization and Landsat 8 image. 

Reference Data 

Classified 

Data 

Paddy Lake Plant Forest Total User’s Accuracy 

(%) 

 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 

Paddy 3 7 0 0 3 10 4 0 10 17 30 41.18 

Lake 0 0 25 25 0 0 0 0 25 25 100 100 

Plant 0 1 0 0 9 2 2 0 11 3 81.82 66.67 

Forest 2 0 0 0 0 0 11 16 13 16 84.62 100 

Total 5 8 25 0 12 12 17 16 59 61   

Producer’s 

Accuracy 

(%) 

60 87.50 100 100 75 16.67 64.71 100     

Overall 

Accuracy 

0.81% 0.82%           

Kappa 

Coefficient 

(κ) 

0.85 0.86           

 

Table 2: Comparison of accuracy assessment with ISO Cluster unsupervised classification based on Sentinel-1A image: VV/VH 

dual polarization and Landsat 8 image. 

Reference 

Data 

            

Classified 

Data 

Paddy  Lake  Plant  Forest  Total  User’s 

Accuracy 

(%) 

 

 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 VV/VH  Landsat8 

Paddy 6 5 0 0 1 8 3 0 10 13 60 38.46 

Lake 0 0 25 25 0 0 0 0 25 25 100 100 

Plant 0 1 0 0 11 4 2 0 13 5 84.62 80 

Forest 2 2 0 0 0 0 11 16 13 18 84.62 88.89 

Total 8 8 25 25 12 12 16 16 61 61   

Producer’s 

Accuracy 

(%) 

75 62.5 100 100 91.67 33.33 68.75 100     

Overall 

Accuracy 

0.87% 0.81%           

Kappa 

Coefficient 

(κ) 

0.89 0.85           
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