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ABSTRACT 
There has been rapid change in the landcover/landuse in the Mekong delta, 

Viet Nam. The landcover/landuse has changed very fast due to intense 

population pressure, agriculture/aquaculture farming and timber collection 

in the coastal areas of the delta. The changing landuse pattern in the coastal 

areas of the delta is threatened to be flooded by sea level rise; sea level is 

expected to rise 33 cm until 2050; 45 cm until 2070 and 1 m until 2100. 

The coastline along the eastern Mekong delta has never been static, but the 

loss of mangrove forests along the coast has intensified coastline change. 

The objective of the present study is to map the changes in 

landcover/landuse along the eastern coast of the Mekong delta; and to 

detect the changes in position of the eastern coastline over the time period 

from 1989 to 2002. 

To detect changes in landuse, two satellite images of the same season, 

acquired by the TM sensor of Landsat 5 and the ETM+ sensor of Landsat 7 

were used. The TM image was acquired on January 16, 1989 and ETM+ 

image was acquired on February 13, 2002. The landcover/landuse classes 

selected for the study are water, forest, open vegetation, soil and shrimp 

farms. Image differencing and post classification comparison are used to 

detect the changes between two time periods.  

Image to image correction technique is used to align satellite images. 

Maximum likelihood supervised classification technique is used to classify 

images. The result of the classification consists of five classes for 1989 and 

2002, respectively. Overall accuracies of 87.5% and 86.8%, with kappa 

values of 0.85 and 0.84 are obtained for landuse 1989 and landuse 2002, 

respectively. The overall accuracy for the change map is 82% with kappa 

value 0.80. Post classification comparison is carried out in this study based 

on the supervised classification results. According to the results obtained 

from the post classification comparison, a significant decrease of 48% in 

forest and a significant increase of 74% in open vegetation and 21% in 

shrimp farms area observed over the entire study area.  
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The coastline obtained by the combination of histogram thresholding and 

band ratio showed an overall advancement towards the South China Sea. 

The results showed that new land patches emerged along the eastern coast. 

The amount of new land patches appeared along the coast of the Mekong 

delta is approximately 2% of the entire study area.  
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1. INTRODUCTION  
One of the major applications of remotely sensed data from earth-orbiting 

satellites is change detection (Anderson, 1977; Nelson, 1983). It is defined as 

the process of identifying differences in the state of an object or 

phenomenon by observing it at different times (Singh 1989). It is a useful 

technique to investigate environmental changes introduced as a result of 

man-made activities and natural phenomenon. Change analysis is in 

essence a spatial comparison of two or more land cover maps of the same 

geographic area produced from remotely sensed data that are recorded at 

different times (Gao 2009). The types of changes can range from short term 

phenomena like floods to long term phenomena such as desertification. 

Results from the change detection process show the spatial distribution of 

changed features within the study area. In the earth environment, natural 

and human induced changes occur in time and space (Lu et al. 2009). 

Effective detection and modeling of such change in the context of geospatial 

information technology are typically termed as change detection, which often 

includes the detection of changes of the objects on the ground or, more 

general, change of the environmental background (Richard et al. 2004). 

Remote sensing based change detection technique is an active topic of 

research due to its capability of monitoring the earth surface features. A 

variety of change detection techniques have been summarized and reviewed 

by Singh (1989), Mouat et al. (1993), Coppin and Bauer (1996), Jensen et al. 

(1997) and Yuan et al. (1998). The most common change detection methods 

include image differencing, post-classification comparison, change vector 

analysis and image ratioing. 

The present thesis deals with two phenomena: 

 Changes in landuse pattern in the eastern part of the Mekong delta, 

where landuse has been rapidly converted to rice plantation and shrimp 

farming 
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 Changes in the position of the coastline in the eastern part of the Mekong 

delta 

The Mekong River is the world’s twelfth longest and the eighth largest river 

in terms of the amount of water (4, 75.109×109 m³) it discharges annually 

(Wikipedia 2010). It is called the life line of South East Asia. The Mekong 

River has its sources in the Tibetan highland plateau in China (Osborne 

2004). From the source, the River travels through China, Myanmar, Laos, 

Cambodia and Viet Nam, flowing a distance of 5000 km before entering the 

South China Sea (figure 1). Around 44% of the Mekong’s length lies on 

Chinese territory, supplying up to 40% of water flow downstream in the dry 

season (Shaochuang et al. 2007). The Mekong river basin is divided into two 

sub-catchments: the upper Mekong basin includes China and Myanmar and 

the lower Mekong basin, comprised by the catchment area downstream of 

Myanmar (Mainuddin et al. 2009). The lower Mekong basin constitutes 

approximately 77% of the total catchment area (Truong et al. 2010). 

 

 

 

 

 

 

 

 

 

 

 

  
 

The Mekong delta is in the south of Viet Nam. It stretches over 13 provinces 

which cover a land area of 39,712 km² constituting 12.1% of the country’s 

area (Trinh 2010). It is the country’s most productive agricultural area. 

Figure 1: Course of Mekong River 

(ESRI World Map) 
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Approximately 67% of the arable land in the delta is under intensive 

cultivation (Giri et al. 1998). It is one of the largest rice growing regions in 

the world and known as the world’s rice basket, producing 18 million tons of 

rice every year (Nguyen 2008). Compared to the whole country, the 

agriculture output of the delta alone accounts for 50% of Viet Nam’s GDP 

(Youtube 2010). Agriculture land in the delta has an area of 7 million ha, of 

which 4.1 million ha are used to grow rice (Liew et al. 2002). The 

agricultural production in the delta has more than doubled since 1980. 

Transition from local small scale farming to commercial agricultural 

production over the past decades has led to large scale forest conversion in 

the Mekong delta. Mangrove forests cover 250,000 ha and about 12% (8 

million) of the population lives in forest land or recently-cleared forest land 

(Thu et al. 2006). Mangrove forests provide valuable and needed ecosystem 

services. They are an integral part of the coastal ecosystem. It provides a 

natural habitat for shrimp and other species. Mangrove forests help to 

detoxify and remove extra nutrients from the river water, preventing algal 

blooms, dead zones, buffer the land from tropical storms, stop saltwater 

intrusion and trap sediments coming down the river. Agriculture and 

aquaculture have significantly reduced the mangrove forests in the delta. 

The forests in the delta have been cut down systematically to increase arable 

land for rice cultivation and shrimp farming (Youtube 2010). The lush green 

mangrove forests have been replaced by a barren landscape in many areas. 

The coastline along the South China Sea is virtually unprotected. The 

mangrove trees have long been cut down and the soil is being eroded away. 

In recent years, forest loss in Viet Nam is estimated to be 200,000 ha per 

year, of which 50,000 ha is lost by land clearing for agriculture and shrimp 

farming (Giri et al. 1998). The forest cover has been reduced from 14.3 

million ha in 1943 (43% of the total area) to 9 million ha or about 27% of the 

country’s area due to intense population pressure, shrimp/rice farming and 

timber collection. The growing population of the delta is one of the factors 

that have led to an increased need of land for agriculture (Thu et al. 2006). 

Intensive farming means the soil never has a chance to regenerate. The land 
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lease holders cleared the mangroves for shrimp farms which promise easy 

profit.  

Productivity in the coastal areas of the delta is threatened by sea water 

intrusion and by the large scale destruction of the coastal mangrove forests 

(Thu et al. 2006). The United Nations Intergovernmental Panel on Climate 

Change (UNIPCC) and the United Nations Development Programme (UNDP) 

stated that a 9 cm sea level rise has been observed in the past 40 years in 

the Mekong delta (Parry et al. 2007; Nguyen, 2008). Sea level is expected to 

rise 33 cm until 2050; 45 cm until 2070 and 1 m until 2100 (Nguyen 2008). 

This will result in the inundation of the lowlands along the coastline, 

increased salinity of the estuaries and degradation of the coastline. Salinity 

intrusion has already occurred up to 50 km upstreams in some parts of the 

delta (Wisdom Mekong 2010). 

The Shoreline is the boundary between land and water (NOAA 2011). It 

keeps changing its shape and position due to dynamic environmental 

processes, sea level change and the dynamic geomorphic processes of 

erosion and accretion (Alesheikh et al. 2006). Detection and measurement of 

coastline change are considered to be an important task in coastal 

environment monitoring and management  (Gens 2010). Coastline/shoreline 

detection techniques fall into four broad categories (Tran et al. 2008): 

 conventional ground surveying technique with high accuracy 

measurements; this technique suffers the drawbacks of intensive labor 

and time consumption  

 Modern altimetry technique using radar or laser altimeters. It has great 

potential, but the measuring devices are not frequently available  

 Aerial photographs provide sufficient pictorial information. But the 

frequency of data acquisition is low and the photogrammetric procedures 

including data acquisition and interpretation are expensive and time 

consuming 
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 Multispectral satellite images provide a great advantage over the other 

available techniques to define the land/water boundary using the 

infrared parts of the spectrum 

The coastline along the Mekong delta has never been static, but since the 

year 2000 the loss of mangrove forests has intensified the coastline change 

and the coastal erosion speed along the eastern part of the delta (Planet 

Action 2008). The Center for the Study of Biosphere from Space (CESBIO) 

has revealed that the eastern coast of the Mekong delta is being eroded at a 

rate of 30 to 50 meters a year (Toan 2009).  

1.1. Objectives of the study 

This thesis has two objectives  

 Map the changes in landuse along the eastern coast of the Mekong delta 

over the time period from 1989 to 2002  

 Detect the change in position of the eastern coastline during the above 

mentioned time period 

1.2. Organization of thesis   

The thesis consists of six sections. The first section contains background 

information, objective of the study and organization of the thesis. Section 

two presents a literature review about research done on landuse and 

coastline change. Section three describes the study area and data. Section 

four describes the methodology followed in order to conduct the current 

study. Section five presents the results and discussion about the findings. 

Finally, section six describes the conclusions. 
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2. LITERATURE REVIEW 

2.1. Coastal Landuse Change Detection 

Prabaharan et al. (2010) conducted a landuse change detection study in the 

coastal zone of India. The study area is along the coast of Tamil-nadu state. 

It is located between 10˚ 18' 48"N to 10˚ 25' 5"N latitude and 79˚ 29' 54"E to 

79˚ 51' 59"E longitude covering an aerial extent of 585 km². The data used 

to conduct this study consist of a Landsat TM image, IRS-P6 LISS III image, 

CARTOSAT-1 image and a topographic map on a scale of 1:50000. 

Supervised classification performed in order to prepare the 

landcover/landuse maps respectively. Post classification comparison is used 

to detect the changes. The results obtained showed a decrease in wetlands, 

mangrove forests and fallow lands due to rapid urbanization, 

industrialization and infrastructure development along the coast. 

Wanpiyarat et al. (2010) conducted change detection in the coastal zone 

along the Pak Phanang River basin in Thailand. The study area is located 

between 8°15'N to 8°30'N latitudes and 100°05'E to 100°17'E longitudes 

covering about 340 km² in the Pak Phanang River Basin in the eastern part 

of Nakhon Sri Thammarat province in southern Thailand. The objective is to 

monitor the change of mangrove forests to paddy/shrimp farms and to 

estimate the increase in shrimp farming area. The data consists of three 

Landsat TM images acquired on 29th of May 1989, 24th of September 1991 

and on 10th of September 1992. Visual interpretation and qualitative visual 

comparison of landcover/landuse were performed. The results revealed that 

during the years 1989 to 1991 paddy fields had changed to shrimp farms at 

the annual rate of 9.1% and that this change had slightly decreased to 7.1% 

during the years 1991-1992. Shrimp farming expanded dramatically at the 

annual rate of 116% in the year 1991. The shrimp farm area was found to 

be 40.4 km² in the 1992 image, while it was only 14.6 km² in 1989. The 

abandoned paddy area increased from 6.1 km² in the year 1989 to 18 km² in 

the year 1992. Fruit trees (coconut and banana) rapidly increased 

approximately 9.8 km² within three years. The area of mangrove forest was 

found to be approximately 14 km². The highest loss of mangrove forest 
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occurred from 1991 to 1992, when the annual rate of 8.6% resulted in 10 

km² loss. 

Abdulaziz et al. (2009) used multi-temporal Landsat data to monitor land 

cover changes in the eastern Nile Delta, Egypt. The data used for this study 

consists of multi-temporal Landsat data of three different years. The period 

of study was 1984 to 2003 with data acquired at the following dates: 20 

September 1984, 3rd September 1990 and 16th August 2003. The study 

describes a remote sensing based approach of monitoring the 

landcover/landuse. It includes mapping dominant landcover types and 

monitoring changes in landuse. Post classification comparison is used to 

detect changes in landuse. The quality of the landuse maps and change 

detection information produced were ensured through accuracy assessment. 

The validated change detection results were used to investigate the 

dominant trends in landuse development in the eastern Nile delta, and to 

identify hot-spots that exhibit substantial change. The results obtained 

show that the main expansion of the agricultural land occurred at the 

expense of desert areas around the eastern part of Ismailia canal and the 

area between Ismailia canal and Bahr El Baqar drain. 

Thu et al. (2006) conducted a study in Tra Vinh province in the Mekong 

delta to detect the status of the mangrove forest from 1965 to 2001. This 

area has gone through change of landuse for agriculture and aquaculture 

production in order to meet the food demands in the local market and for 

revenue generation through exports. The data used for this study consists of 

a topographical map on scale of 1: 50000 and two SPOT Images of February 

04, 1995 and January 22, 2001. Supervised classification was performed 

using the SPOT images and the classes selected for the classification were 

confirmed by field verification. The classified images were overlaid over the 

topographic map of 1965 to detect the area of change of mangrove forest. 

The results showed that the area of change of the mangrove forest in the Tra 

Vinh province was reduced from 21221 ha in 1965 to 12797 ha in 2001. 
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Doydee et al. (2005) conducted a study on coastal landuse change using 

remote sensing technique in Banten Bay, West Java Island, Indonesia. The 

objective of this study was to monitor the coastal landuse changes that have 

occurred over a time period of 8 years from 1994 to 2001. The study used 

data from Landsat TM and ETM acquired on 6th of April 1994 and on 7th of 

August 2001. The physical location of the study area lies between 106°05' to 

106°17' East longitudes and 05°53' to 06°05' South latitude. A topographic 

map on a scale of 1:25000 is used as a reference map for the landcover 

classification. Supervised classification was used to prepare the 

landcover/landuse maps. Three change detection techniques: multilayer, 

image differencing and image ratioing were used to produce landuse change 

information. Total area of landuse changed was 7707 ha. Some parts of 

agriculture landuse changed into fish ponds and shrimp farms. According to 

this study, multilayer change detection is better for detecting coastal 

landuse than the other two methods. The reason is that the total number of 

changed area (7707 ha) is closer to the total amount of changed area being 

detected by multilayer method. 

2.2. Shoreline Extraction and Change Detection 

Li et al. (2010) studied the coastline change along the Pearl River Estuary in 

Guangdong Province, China. The data used for this study consists of a 

Landsat MSS image acquired on 19th of October 1979, a Landsat TM image 

acquired on 15th of October 1990, a Landsat ETM+ acquired on 14th of 

September 2000, a SPOT image acquired on 7th of November 2003, a 

topographic map on a scale of 1:100000 and a nautical map on a scale 

1:150000. Tidal data from the time of acquisition of the images was also 

collected from the South China Branch of the State Oceanic Administration. 

A classification was performed in order to obtain the landcover/landuse and 

density slicing was done to obtain a well defined boundary between land and 

water. Coastlines are extracted from the classified image and the density 

sliced image by digitizing. The coastline is also digitized from the 

topographic map. All three coastline vectors are overlaid for analysis and 

change detection. The results showed that the coastline varied at three 
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different locations: Nansha, Northeast region and Shekou peninsula in the 

study area. Coastline changes are largest in the Nansha region. The 

coastline changes in the northeastern region are less than those in the 

Nansha area. Substantial coastline changes occurred in the Shekou 

peninsula region.  

Tran et al. (2008) studied shoreline change in the coastal zone of Viet Nam 

in the Mekong delta. The study aims to detect the shoreline change in the 

Mekong estuary. The coastal zone of the Mekong estuary extends from the 

Tranh De river mouth to the Tieu river mouth. The data used for this study 

consists of a topographic map on a scale of 1: 100000, a Landsat TM image 

acquired on 16th of January 1989, a Landsat ETM acquired on 11th 

December 2001 and an ASTER image acquired on 12th of December 2004. 

Two techniques: image thresholding and band ratio was used to extract the 

coastline. Image thresholding is used to segment the image into two classes: 

land and water. A binary image delineates the difference between land and 

water but there were some regions where some land pixels were wrongly 

classified as water. The two band ratios B2/B4 and B2/B5 separate land 

and water and are used to enhance the boundary between land and water. 

B2/B4 is useful for separating land from vegetation while B2/B5 is useful 

for separating non vegetated land. The two ratio images are multiplied with 

each other to remove or reject those land pixels which have been wrongly 

assigned as water. The binary image is then multiplied with band ratio 

images to generate the final image. The final image represents the sharp 

boundary between land and water. This boundary is regarded to be the 

coastline. The results showed new land appearance and erosion during the 

1989-2001 period along the coast. The phenomenon of new land appearance 

and loss continued in the next period from 2001-2004 as well. 
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3. STUDY AREA AND DATA DESCRIPTION 

3.1. Climate and Seasons of the Mekong Delta 

Viet Nam is situated on the Indochinese peninsula of South-East Asia (figure 

1). It stretches from 8°10'N to 23°24'N latitude and from 102°09'E to 

109°30'E longitude (Wikipedia 2010). The total area of Viet Nam is 329560 

km² and the total length of its borders is 4510 km. The total length of the 

coast is 3444 km (World Atlas 2010): and extends from north to south 

including two fertile Deltas, the Red River delta and the Mekong River delta.    

 

 

 

Figure 2 shows the location of the Mekong delta and study area in Viet Nam. 

The climate in the Mekong delta is influenced by both the southwest and 

northwest monsoons. There are two seasons in the Mekong delta; the dry 

season runs from December to April and the wet season spans from May to 

November (Wisdom Mekong 2010). In the wet season almost 50% of the 

delta is flooded. Extensive salinization of the River and its tributaries occurs 

Figure 2: Location of the Mekong Delta and Study Area 
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during the dry season and the sea water intrudes into the Mekong delta as 

there is insufficient fresh water in the river at that time of the year. 

3.2. Data Selection 

Selection of appropriate image data sources is an important prerequisite for 

change detection using remote sensing. Considerations in data selection 

consist of two aspects: selection of images for detection and selection of 

reference data. Parameters that help in selection of suitable remote sensing 

datasets for change detection are understanding the study area, spatial 

distribution, spectral characteristics and temporal scale of the changing 

features (Sui 2008). To compare multi-temporal images it is often suggested 

to select images from the same type of sensors with the same spectral and 

spatial resolution. Preferably from the same season in order to minimize 

unwanted variations due to the changing factors such as the sun angle 

seasonal and phonological differences (Coppin & Bauer 1996). In reality, 

data selection is often restricted by many practical limits such as the 

availability of image data, cost of data and atmospheric conditions. 

Therefore, for real world applications one often has to face the trade-off 

between the constraints of available resources versus ideal data selection 

with consistent spatial and spectral resolutions and radiometric properties. 

In practice, the reference data should not have a lower spatial resolution 

than the primary data. Lunetta et al. (2004) studied the temporal resolution 

impact on landuse change detection and found that the accurate detection 

of the landcover change needs an observation at least every three or four 

years. They further stated that results can be significantly improved if the 

time interval is reduced to one or two years. 

3.3. Data Source and description     

The study area is located between 09˚ 20' 21"N to 10˚ 35' 28"N latitudes and 

105˚ 54' 40"E to 106˚ 53' 26"E longitudes covering the eastern part of the 

Mekong delta (Figure 2). The study used one Landsat TM and one ETM+ 

image. The Landsat TM image was acquired on January 16, 1989 at 02:42 

GMT (09:42 AM local time). The ETM+ image was acquired on February 13, 
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2002 at 03:03 GMT (10:03 AM local time). Zero percent clouds cover 

contained in Landsat TM image and 20% in the Landsat ETM+ image. Figure 

3 shows Landsat TM and the ETM+ images of the study area in bands 

combination of 7, 4 and 2.  

 

 

Table 1 shows the characteristics of both images.            

Table 1: Metadata of Landsat TM and ETM+ 

Acquisition 

Date 

Satellite Sensor Coordinates Datum Zone 

1989/01/16    Landsat    TM     UTM WGS 84 48N 

2002/02/13    Landsat   ETM+     UTM WGS 84 48N 

 

 

 

Figure 3: Study area Images displayed in RGB (742)  
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4. METHODOLOGY  

4.1. LANDCOVER MAPPING AND CHANGE DETECTION   

Figure 4 show the schema followed to detect landcover/landuse change in 

the Mekong delta.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Two change detection algorithms, image differencing and post classification 

comparison are used in this study. The first thing to consider is the 

processing of the remotely sensed data to extract change information. The 

main processes involved are pre-processing (image to image correction and 

radiometric normalization), creation of validation data (combination of 

normalized difference indices), followed by Image differencing and change 

map extraction, supervised classification, post classification comparison, 

and finally evaluating the statistical accuracies of the individual 

classifications. 

Figure 4: Landcover/Landuse Change Mapping Schema 
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4.1.1. Image Pre-Processing 

Satellite image processing consists of procedures and techniques to pre-

process the image data, enhance the image and extract information (Furtado 

et al. 2010). Data pre-processing includes radiometric calibration of the 

image for scene illumination, atmospheric conditions and correction for 

variations of the viewing geometry and instrument response characteristics 

(Schowengerdt 2007). The objective of geometric correction of the image is to 

rectify the distortions introduced by relief, atmospheric refraction, earth 

curvature and nonlinearities of the sensor’s instantaneous field of view. 

Image enhancement increases the visual understanding and interpretation 

of the image by increasing the apparent distinction between the features in 

the scene (Acharya et al. 2005).     

Satellite images of the same geographic area contain different radiometric 

values due to changes in sensor calibration over time, differences in 

illumination conditions, observation angles, solar angle and atmospheric 

effects (Du et al. 2002). The radiometric correction for these radiometric 

effects is necessarily required before performing the image differencing 

change detection.  

There are two types of radiometric correction, absolute and relative. The 

absolute radiometric correction converts brightness values of pixels into 

scaled surface reflectance values using established transformation 

equations (Jensen 2005). Relative radiometric correction normalizes the 

intensities of bands in multidate imagery to a standard scene selected by the 

analyst. The present study used relative radiometric correction to normalize 

the images.  The linear radiometric relationship between 1989 and the 2002 

imageries was established with the help of Pseudo invariant features (PIFs) 

pixels in each image using the scatterplot. Linear regression was used to 

normalize the radiometric differences by considering the reflectance of PIFs 

in both images. 
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4.1.1.1. Normalized Difference Indices (NDXI) 

Three normalized difference indices are derived separately from the Landsat 

TM and ETM+ data in the current study. They are named NDVI, NDWI and 

NDSI respectively. Lillesand et al. (2007) described the NDVI, a numerical 

indicator which uses the visible red and near-infrared bands of the 

electromagnetic spectrum and is adopted to analyze remotely sensed images 

to assess the health and vigour of green vegetation. This index is also used 

to indicate the amount of biomass in a region. The red region of the 

electromagnetic spectrum is absorbed by vegetation, while the infra-red 

region is reflected by the vegetation when incident upon it. The NDVI 

algorithm subtracts the red reflectance values from the near-infrared and 

divides it by the sum of near-infrared and red bands.  

 

NIR RED
NIR RED

 

 

The NDVI values range from 1 to 1. Values close to 1 indicate the 

presence of abundant green vegetation and values close to 1 indicate 

unhealthy vegetation while zero means no vegetation. 

 

The Normalized difference water index is a tool to delineate open water 

features and enhance their presence in satellite images. The NDWI uses the 

reflected near-infrared band and visible green band of the electromagnetic 

spectrum to enhance the presence of water, while suppressing soil and 

vegetation in the image (McFeeters 1996). 

 

GREEN NIR
GREEN NIR

 

Sanjay et al. (2005) mentioned that the visible green band is considered for 

this index due to the maximum reflectance of water features, and the near-

infrared band is considered due to very low reflectance or strong absorption 

for water and maximum reflectance for vegetation and soil. This index has 

positive values for water, while soil and vegetation have zero and negative 

values.   
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The Normalized difference soil index is used to delineate areas without 

vegetation. Open bare areas show a strong reflectance in shortwave infra-red 

and weak reflectance for the near infra-red region of the EM spectrum. 

Therefore this characteristic of the infra-red region is exploited to identify 

open land areas without vegetation (Xian et al. 2010). The following 

mathematical equation describes the normalized difference soil index. 

 

SWIR NIR
SWIR NIR

 

Validation ensures, by independent means, the quality of the data products 

derived from the system outputs (Justice et al. 2002). While conducting this 

study there was no reference data available. So, we decided to create our 

own reference data and during this process created three indices using 

Landsat TM and ETM+ images. The three indices NDVI, NDWI and NDSI 

derived during this study from both the Landsat TM and ETM+ images 

respectively are collectively given the name NDXI’s shown in figure 4. These 

indices were combined in RGB colour, where NDVI was displayed as green, 

NDWI as blue and NDSI as red representing vegetation, water and soil. This 

RGB image was produced to serve as a reference during the on screen 

identification of three broad classes: green areas, water and open land 

without vegetation in the images during the classification. It was also used 

as validation data after the classification to assess classification result.  

4.1.2. Supervised Classification 

Supervised classification depends primarily on the prior knowledge of the 

location and the identity of the landcover types that are present in the image 

(CCRS 2005). It is informally defined as the process of using samples of 

known identity (i.e., pixels already assigned to information classes) to 

classify pixels of unknown identity (i.e., to assign unclassified pixels to one 

of several information classes). Samples of known identity are pixels located 

within training areas (Campbell 2002). Selection of the sample or training 

areas is the key for supervised classification. Once the training areas are 

selected, image processing software is used to calculate the statistical 
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parameters for each information class. The image is then classified by 

examining the reflectance for each pixel and making a decision about which 

of the information class it resembles the most. There are many potential 

sources of error associated with supervised classification (Campbell 2002). 

First, the analyst-defined classes may not match the natural classes that 

exist within the data, and therefore may not be distinct or well defined. 

Secondly, these classes are based on informational categories and spectral 

properties of the image. Classes may not be representative of conditions 

encountered throughout the image so the analyst can have problem in 

matching potential classes as defined on maps and aerial photographs.  

A band combination of 7, 4 and 2 is selected for the RGB display of these 

images before performing any further image processing. Healthy vegetation 

gives an appearance of brighter green in this band combination. Grass land 

will appear as green, pink areas represent barren soil, orange and brown 

appearance in the image represents the sparsely vegetated areas. This band 

combination of Landsat is useful for agriculture, geological and wetland 

mapping (Quinn 2001). A description of the characteristics of the Landsat 

TM and ETM+ sensors is given in appendices A1 and A2. The motivation 

using this band combination for classification is to make a clear distinction 

between different types of vegetation, soil covered areas and water covered 

regions in the study area. The green band of Landsat (Band 2: 0.52-0.60µm) 

is useful in separating vegetation areas from soil covered areas. The Near 

Infrared band (0.76-0.90µm) is useful in separating land and water covered 

areas because water is a strong absorber of infrared radiations. Also, this 

band is useful in indicating the presence of biomass. The middle infrared 

band (2.08-2.35µm) is useful in separating different soil types and 

vegetations.  

A Maximum likelihood classification algorithm was used for performing the 

supervised classification of the two images. In order to train the algorithm 

six classes have been defined in the image namely water, forest, open 

vegetation, soil and shrimp farms and clouds. Closed vegetation contains 

the permanent vegetation, mainly forest. Open vegetation contains the 
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sparse vegetation and agriculture fields. The shrimp farms class represents 

the shrimp cultivation system. The water class represents canals, river and 

sea waters. The no. of training pixels in each landcover class for algorithm 

training is shown in table 2.    

Table 2: No. of Pixels selected in each landcover class for Algorithm training 

Sr. 

No. 
Landcover Class 

Landsat TM Image 

1989 

Landsat ETM+ image 

2002 

1 Water 5843 6289 

2 Forest 5463 4534 

3 Soil 4936 4266 

4 Shrimp farms 3342 3447 

5 Open vegetation 1283 1158 

6 Clouds 407 427 

 

4.1.3. Accuracy Assessment 

It determines how well the classification is performed. One of the widely 

used methods to determine classification accuracy is the class confusion 

matrix, sometimes also referred to as contingency matrix or error matrix. In 

order to properly generate an error matrix, one must consider the following 

factors (Congalton and Ploured 2002):  

 Ground truth data collection  

 Classification scheme  

 Sampling scheme  

 Spatial autocorrelation  

 Sample size and sample unit  

The Error matrix compares, on a pixel by pixel basis, the relationship 

between the known reference data and the corresponding result of an 

automated classification. Such matrices are square, with the total number 
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of rows and columns equal to the number of categories whose classification 

is being assessed (Lillesand 2004). 

The sum of the diagonal values in the error matrix represents the total 

number of correctly classified pixels. The accuracy of the individual classes 

can be computed with the help of producer’s accuracy and user’s accuracy. 

The Producer’s accuracy is calculated by dividing the number of correctly 

classified pixels in each class by the number of training set pixels used for 

that class (the column total) in the error matrix. The User accuracy is 

computed by dividing the number of correctly classified pixels in each class 

by the total number of pixels that were classified in that class (the row total). 

The overall accuracy is computed by dividing the total number of correctly 

classified pixels (the sum of elements along major diagonal elements in error 

matrix) by the total number of reference pixels and expressed as a 

percentage (Lillesand et al. 2007). 

The total number of non-diagonal values in any one row of the error matrix 

represents the number of pixels that have been incorrectly assigned to 

classes other than the class that the row represents (Senseman et al. 1995). 

By dividing this total by the sum of the row total, the “error of omission” can 

be calculated for each class. In a similar way, the total no of non-diagonal 

values in any one column represents the number of pixels that have been 

included in the class that the column represents. By dividing this total by 

the sum of the column total, the “error of commission” can be calculated for 

each class. For each row the error of omission is equivalent to 100% minus 

producer’s accuracy (%). Similarly, the error of commission in each column 

is equivalent to 100% minus user’s accuracy (%) (CRC 2005).  

Kappa coefficient is a quantitative assessment of the error matrix (Gary 

1995). It is a measure of the difference between the observed agreement 

between two maps and the agreement that might be attained solely by 

chance matching of the two maps (Campbell 2002). 

In order to assess the accuracy of two supervised classifications, we created 

random samples of pixels from each class in both images. The random 
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samples are used to generate the contingency or error matrix. Table 3 shows 

the number of randomly picked pixels from each class in both images.    

Table 3: Random Samples of Ground Truth Pixels from 2002 and 1989 Images 

Landcover 

Classes 

Landsat TM Image 

1989 

Landsat ETM+ Image 

2002 

Water 218 220 

Forest 211 213 

Soil 210 222 

Shrimp farms 200 224 

Open 

vegetation 
220 208 

Clouds 121 208 

 

4.1.4. Change Detection Algorithms 

Change detection is used to identify features that have changed between two 

images collected over the same area at different times (Exelis 2011). It is 

useful for monitoring urbanization, forestry, agriculture and flash floods. 

Various methods can be used to carry out change detection studies. 

According to Lu et al. (2009), the most common change detection methods 

are:  

 Post classification comparison 

 Image differencing 

 Multilayer change detection  

 Change vector analysis 

 Image regression 

 Image thresholding  

In Post classification comparison change detection two independent 

classification images of the same area at different times are used to identify 
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the differences between them. It is performed pixel by pixel in order to detect 

changes in different landcover/landuse types (Coppin 2004) by generating a 

change matrix. Change statistics describe and quantify the specific nature of 

the changes between the dates of imagery. Change areas are simply those 

which are not classified the same at different times. The premier advantage 

of this technique lies in the fact that images of two different dates are 

classified independently, thereby eliminating the problem of radiometric 

calibration between the images. 

In image differencing, the direct subtraction of one date imagery from the 

other is performed. It takes into account the difference of radiance values of 

pixels between two different dates. Difference in atmospheric conditions, 

sensor calibration and illumination conditions affects radiance of the pixels. 

Change image analysis shows that the pixels with radiance change are 

found in the tails of the difference distribution while non-radiance change 

pixels tend to be grouped around the mean (Singh 1986). If the two images 

have almost identical geometric and radiometric characteristics, subtraction 

of the images will results in positive and negative values in areas of radiance 

change and zero values in areas of no change (Jensen 2004). Coppin & 

Bauer (1996) found that image differencing performs generally better than 

other change detection methods.  

In multilayer change detection, the images are separated into different layers 

through image segmentation transformation. Change detection analysis is 

evaluated between corresponding layers, instead of over the entire image. 

Using this technique, the study of changes is simpler and all unnecessary 

information has been eliminated through the transformation. The content of 

the layers is generated based on the application. Each layer should contain 

only the part of the information which is of interest (AUG Signals 2010). 

The change vector analysis method uses spectral or spatial differences for 

change detection. In this method two images are plotted on a graph and the 

two spectral variables will show the intensity and direction of change over 

time (Singh 1989).  
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The Image regression change detection method assumes pixels from time t1 

to be a linear function of time t2 pixels. It considers differences in mean and 

variance between pixel values from two dates (Singh 1989).  

Image thresholding divides an input image into two classes- one for those 

pixels having values below an analyst- defined grey level and one for those 

above this value (Lillesand et al. 2007). The result of image thresholding is a 

binary mask image which consists of two values 0 and 1. After thresholding, 

further processing can be done on individual classes independently. 

The present study used the post classification comparison technique to 

detect landuse change along the eastern coast of the Mekong delta. The 

rational to choose post classification comparison technique is to quantify the 

amount of change which occurred among different classes between the two 

dates.  
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4.2. COASTLINE CHANGE DETECTION 

Figure 5 shows the steps necessary for the extraction of coastlines and their 

comparison in order to detect the changes that occurred over the time 

period of 13 years. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The current study uses the methodology mentioned above to extract the 

coastline along the Mekong delta. The Mekong delta is a low lying land area 

under strong influence of the East (South China Sea) and West Sea (Gulf of 

Thailand). The high water level of the East Sea tides (rising up to +2.14m) is 

an agent transmitting the tidal effect to the estuaries of the Mekong River 

(Hanh et al. 2007).  Thus the coastal zone in this region is influenced by 

driving forces in river and sea. As a result, the shoreline in this region is 

very sensitive to external conditions causing both erosion and accretion 

(Liem et al. 2010). 

Figure 5: Coastline Extraction and Change Detection 
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4.2.1. Image Thresholding 

Tinku et al. (2005) considered the grey level thresholding technique as a 

computationally inexpensive method for dividing an image into two separate 

regions. Image thresholding is performed separately over the Landsat TM 

and ETM+ images. The reflectance of water is nearly equal to zero in 

reflective infra-red bands and the reflectance of all other land covers is 

greater than that of water. The middle infra-red band of Landsat TM and 

ETM (band 5: 1.55 – 1.75 µm) shows a strong discrimination between land 

and water. The histogram of band 5 represents a double peak (figure 6) due 

to the low reflectance of water and high reflectance of vegetation and other 

terrestrial features. This study used histogram thresholding on band 5 for 

separating land from water. The threshold values were chosen such that all 

water pixels were classified as water and most of the land pixels were 

classified as land. A few land pixels have mistakenly been assigned to water 

but not vice versa. In order to create binary images of the Landsat TM and 

ETM+ images, water pixels are assigned the value one (1) and land pixels the 

value zero (0).  

4.2.2. Band Ratio 

Band ratio is an image enhancement technique in which the DN values of 

one band are divided by the DN values of another band. Certain features or 

materials can produce distinctive grey tones in certain ratios (Short 2010). 

The ratio images convey the spectral or colour characteristics of the image 

features regardless of variations in scene illumination conditions. Ratioed 

images discriminate the subtle spectral variations in an image that are 

masked by the brightness variations in images from individual spectral 

bands or in standard colour composites. The enhanced discrimination is 

due to the fact that ratioed images clearly portray the variations in the 

slopes of the spectral reflectance curves between the two bands involved, 

regardless of the spectral reflectance values observed in the bands (Lillesand 

et al. 2007). The slopes of spectral reflectance curves are quite different for 

different materials in certain bands.  
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Consider the histogram of ETM+ band 5 (figure 6). The lower values (<30) 

will represent water and the higher values will represent vegetation and 

other terrestrial features. The difficulty lies in finding the exact value to 

determine the boundary between land and water. Band ratios between band 

5 and 2 can help to distinguish land and water. B2/B5 ratio is greater than 

1 for water covered areas and less than 1 for areas covered with vegetation 

(Alesheikh et al. 2006). This interpretation is exact in coastal zones covered 

by soil, but not in zones where land is covered by vegetation. To overcome 

this problem, Binary image is combined with band ratio B2/B5. This 

combination of band ratio B2/B5 and binary mask image creates a new 

binary image which is used to correct wrongly assigned pixels from 

vegetated land to water. The final binary image consists of values 0 and 1, 

where 1 represents water and 0 represents everything else in the image.      

4.2.3. Raster to vector export 

In raster to vector conversion, the input data is in raster format and the 

output data is in vector format. The extracted land/water boundary or 

coastline with value “1’’ from both the Landsat TM and ETM+ images is 

exported in vector format to identify the changes in the  coastline.  

Figure 6: Landsat ETM+ B5 Histogram 
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4.2.4. Overlay of the two coasts 

Overlay analysis is a technique of deriving new information from two or 

more layers of data covering the same area (Adam et al. 1997). The extracted 

land and water boundary from the Landsat TM and ETM+ images are 

overlaid in order to identify the changes of the coastline.  
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5. RESULTS AND DISCUSSION 

5.1. Landcover Mapping and Change Detection 

5.1.1. Image Pre-Processing 

The images were of the same season and their acquisition time is nearly the 

same. All basic image processing tasks were carried out using ENVI format 

(Exelis 2011). The individual bands were combined and converted to one 

single file containing all the bands for the Landsat TM and ETM+ image 

respectively. The two images of Landsat TM and ETM+ lack geometric 

information. Geometric correction of the ETM+ image was performed to 

correct potential spatial distortions in the image. Image to image registration 

technique is used to align both images. The Landsat TM image is considered 

as base image. The ETM+ image is registered to the TM image with an RMS 

error of less than 1 pixel. Table 4 shows the number of ground control 

points (GCP) selected for registration of the ETM+ image together with the 

RMS error.  

Table 4: Registration Accuracy of Landsat ETM+ Image to TM Image 

Warp Image Resampling Model 
No. of 

GCP 

Total RMS 

Error 

Landsat ETM+ 

Image 2002 
Nearest Neighbor 1st Order Polynomial 50 0.7 

 

The geometric information is cross checked by comparing the two images. In 

order to do so, some points like edges of permanent water body’s were 

selected for cross verification. Figure 7 shows the location of a water body 

edge with a square of red colour where both images are geographically 

linked.  
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5.1.1.1. Normalized Difference Indices NDXI for Landsat TM  
Three normalized difference indices (NDVI, NDWI and NDSI) were calculated 

for both the Landsat TM and Landsat ETM+ images. Figures 8, 9 and 10 

show NDVI, NDWI and NDSI images respectively.   

 

 

The two indices shown in figures 8 and 9 enhance the visibility of vegetation 

and water in the respective images. Due to the strong absorption of infra-red 

radiation by water, it gives black appearance in the NDVI image along with 

vegetation showing maximum brightness for infrared radiation. The NDVI 

image suppresses the appearance of all the features other than vegetation 

(Figure 8). NDWI delineates the water feature by making the water feature 

prominent in the image (Figure 9) and suppressing other features present in 

the image (Jain 2005). The NDWI image uses the infrared radiation to define 

a sharp boundary between water and other features. In figure 9, the brighter 

features represent water while the other features are categorized as land.  

 

Figure 9: NDWI for Landsat TM Figure 8: NDVI for Landsat TM 
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The purpose of constructing Normalized Difference Soil Index is to identify 

the regions in the image with bare soil containing no vegetation. NDSI uses 

the combination of short wave infrared and infrared waves to extract these 

areas. Bare soil shows a strong bright reflectance for the short wave infra-

red and weak reflectance for the infra-red waves. This characteristic helps to 

identify bare soil in the NDSI image as shown in figure 10. The brighter 

areas in the NDSI image (figure 10) show the bare soil regions, while the 

dark regions represent water and vegetation.                                       

 

 

 

 

 

 

 

 

Figure 10: NDSI for Landsat TM 
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5.1.1.2. Normalized Difference Indices NDXI for Landsat ETM+  

Three separate NDXI’s were constructed for the Landsat ETM+ as well. The 

resultant images of NDVI, NDSI and NDWI are shown in figures 11, 12 and 

13. 

 

 

 

 

 

 

 

 

 

 

 

 

   

 

 

 

 

 

 

 

 

 

 

 

Figure 11: NDVI Image of Landsat

ETM+ 

Figure 13: NDWI Image of Landsat

ETM+ 
Figure 12: NDSI Image of Landsat ETM+ 
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The NDVI image derived from the Landsat ETM+ image also suppresses the 

appearance of all the features other than vegetation. Similarly, the NDWI 

also delineates the water feature by making the water feature prominent in 

the image and suppressing other features present in the image. The NDSI 

image of ETM+ also identify the regions in the image with bare soil 

containing no vegetation. In the absence of any reference data, the NDXI 

image gives a good idea about the three broad categories: water, soil and 

vegetation. The individual indices (NDVI, NDWI and NDSI) are displayed in 

an RGB combination (figure 14) both for Landsat TM and ETM+. In both 

images orange represents soil, green represents vegetation, blue and purple 

represents water. This combination serves as reference and validation data 

before and after the classification.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14: RGB Combination of NDXI (Red-Soil, Green-NDVI, Blue-NDWI) 
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5.1.1.3. Radiometric Normalization 

Radiometric normalization is required to perform image difference change 

detection. Different radiometric correction methods have been tested; it was 

decided to carry out the image normalization process using PIF (pseudo 

invariant features). In order to do so, a bit map layer is created to locate the 

pseudo invariant features (PIF) in both images.  

 

 
Figure 15: PIF Selection 
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Permanent water bodies, bare soil areas, open vegetation and roads can be 

seen in the figure 15. The Mekong delta is mainly covered by vegetation 

(open fields and forests) and water bodies. The waters of the Mekong River 

are fluctuating, not constant all around the year. Urban centers in the study 

area are very small in number which makes it very difficult to locate 

invariant features. Consequently, the urban features available that 

remained unchanged in both years are very difficult to find. And also, it is 

very difficult to see the rooftops of the buildings at Landsat’s resolution.  

 

The correlation coefficient between two bands in the scatter plot statistics 

was assumed to be less than 0.9. After establishing the relationship between 

the corresponding bands, linear regression was used to radiometrically 

correct the 1989 imagery. The scatter plots for each band with their 

corresponding bands are shown in figures 16, 17 and 18.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16: Scatter Plot for B7 Figure 17: Scatter Plot for B4 
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Figure 18: Scatter Plot for B2 
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5.1.2. Image Differencing 

After normalization, three bands of Landsat TM 1989 were subtracted from 

the corresponding three bands of Landsat ETM+ 2002 image in order to 

obtain the three difference images. According to the results, it was observed 

that band 4 and band 2 did not give a clear idea of change. Band 7, in 

comparison to band 4 and band 2, showed better results. The shortwave 

infrared band difference image shows change areas with bright appearances. 

It is observed that there has been change in open bare soil areas and 

forested land due to rapid conversion of land for rice and shrimps farming.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The brighter areas in the difference image (figure 19) represent bare land, 

vegetated land with change in reflectance, clouds and water. The difference 

theme divides the changes into categories like, decreased, increased, 

unchanged, partial increased and partial decreased. The decreased class 

stands for areas of negative change. The increased class represents areas of 

positive change. The classes in between are both negative and positive 

Figure 19: Change map from Image Differencing using B7 
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changes. The difference image is visually analyzed and compared with both 

the 1989 and 2002 images in order to obtain the change map. The difference 

image was unable to pick up changes in forested regions in the coastal areas 

and in the bare soil covered areas that turned into vegetated land in later 

years.  
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5.1.3. Post Classification Comparison 

Figure 20 shows two supervised classification images of the same area with 

the same number of classes. Reference ground truth regions of interest were 

created from the original images before the classification to assess the 

accuracy of the classified images. Both classified images were visually 

compared with the original images, and ground truth regions of interest 

generated from the original images are used to assess the accuracy of the 

classification. The error matrix is generated for the respective classification 

images with the help of the created region of interest to deduce overall 

accuracy, user’s accuracy and producer’s accuracy.  

 

Landsat TM Classification
Water
Open Vegetation
Forest
Soil
Shrimp Farms
Clouds

Landsat ETM+ Classification
Water
Open Vegetation
Forest
Soil
Shrimp Farms
Clouds

Figure 20: Landsat TM and ETM+ Classifications 
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Since the two images contain clouds and their shadows, it is not possible to 

detect the change in landuse classes. The clouds and their shadows mask 

was applied over the two classifications so that each image has no 

information at clouds and shadows location. Figure 21 shows two 

classification images showing clouds and their shadowed areas as NoData.  

 

 

 

 

 

 

Landsat TM Classification

NoData
Water
Open Vegetation
Forest
Soil
Shrimp farms

Landsat ETM+ Classification

NoData
Water
Open Vegetation
Forest
Soil
Shrimp farms

Figure 21: Classifications with Masked Clouds and their Shadow 



40 
 

5.1.3.1. Change Map 

The two classification images of 1989 and 2002 are used to derive the 

change map. The 1989 classification is considered the Initial state image 

and the 2002 classification is considered the final state image. Figure 22 

shows the change map obtained from the pixel by pixel comparison of the 

classification images.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The change map shows change and no change in defined classes. The total 

area covered by all the classes in the classification is 10000 km². About 

3950 km² area have undergone change and 6100 km² remain unchanged. 

Figure 22: Change Map 

Legend

No Change

Change in Water Area
Change in Forest Area 
Change in Soil Covered Area

Change in Open vegetation Area 

Change in Shrimp farm Area



41 
 

The change detection statistics shown in table 10 helps to understand 

changes in every class individually.   

 

Table 5: Change Detection Statistics as kilometer squares and percentage 

 Classes water 
Open 
vegetation 

Forest Soil 
Shrimp 
farms 

Row 
Total 

Class 
Total 

water 
3113.36 0.74 16.54 8.40 29.10 3135.06 3135.20 

90.17% 0.04% 0.29% 0.25% 0.90% 99.99% 100.00% 

Open 

vegetation 

12.49 1082.08 1059.70 496.27 351.21 3011.14 3011.92 

0.64% 62.80% 44.03% 39.72% 27.28%   99.97% 100.00% 

Forest 
59.95 152.67 821.28 46.45 150.13 1230.50 1230.78 

1.74% 10.35% 34.76% 3.72% 11.66% 99.97% 100.00% 

Soil 
31.35 280.39 69.95 543.15 214.32 1139.16 1139.58 

0.91% 16.27% 2.96% 43.50% 16.65% 99.96% 100.00% 

shrimp 

Farms 

227.34 206.87 404.72 159.56 560.88 1559.27 1559.78 

6.58% 12.00% 17.13% 12.78% 43.56% 99.96% 100.00% 

Class Total 
3454.06 1722.95 2362.51 1248.59 1287.61 0.00 0.00 

100.00% 100.00% 100.00% 100.00% 100.00%   0.00% 0.00% 

Class 

Changes 

340.69 640.87 1541.22 705.44 726.73 0.00 0.00 

9.86% 37.20% 65.23% 56.49% 56.44% 0.00% 0.00% 

Image 
Difference 

318.86 1288.97 1131.72 109.02 272.17 0.00 0.00 

-9.23% 74.81% -47.90% -8.73% 21.14% 0.00% 0.00% 

  

Each pixel in the 1989 classification is compared with the corresponding 

pixel in the 2002 classification. This comparison produces a table that 

shows the total number of changed and unchanged values for each class in 

both images. This table also helps to understand the change matrix in 

columns and rows for 1989 and 2002 respectively. According to the change 

detection statistics (table 4) 44% of the forest class has been changed to the 

open vegetation class in 2002 and 17% changed to shrimp farms as a result 

of change of landuse to agriculture and aquaculture farming. From the 

shrimp farm class 27% has changed to open vegetated land, 11% has 

changed to forest, indicating reforestation, and 16% has changed to soil. 
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Another important change is that 16% of the open vegetation changed into 

soil and 12% changed into the shrimp farms.  

Figure 23 shows the distribution of different landuse classes in the change 

map based on change detection statistics. 

 

                   Figure 23: Distribution of Different Landuse Classes in Change Map 

The histogram in figure 24 compares landuse in 1989 and 2002 using 

change detection statistics (table 4). The 1989 landuse map shows that the 

area for the water class is 3450 km². The same class covers an area of 3100 

km² in the 2002 landuse map. The area categorized as the open vegetation 

in the 1989 landuse map is 1700 km² and for 2002 it is 3000 km², which 

means that there is an extensive growth in open vegetation in area from 

1989 to 2002 landuse map. This indicates rapid conversion of other landuse 

to the open vegetation. These statistics about the open vegetation help us to 

understand how fast open vegetation is increasing in the delta. Forest is 

another class that is reduced to nearly half of its coverage area. The total 

area for this class in 1989 is 2300 km² and in the 2002 landuse map it is 

1200 km². The reduction for this class is 1100 km². The soil class covers an 

Class Distribution in Change Map (km²) 

Water

Open Vegetation

Forest

Soil

Shrimp farms

No Change
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area of 1250 km² in the 1989 landuse map and in 2002 it is 1150 km². The 

area coverage for the shrimp farms class in the 1989 landuse map is 1300 

km² and in 2002 is 1550 km².  

 

 
       Figure 24: Comparing corresponding landuse classes between 1989 and 2002 
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5.1.3.2. Accuracy Assessment 

The accuracy of the TM and ETM+ classifications are estimated by creating 

the error matrices. The Error matrices are used to compare, on a category-

by-category basis, the relationship between known reference data (ground 

truth) and the corresponding results of an automated classification 

(Lillesand et al. 2007). The diagonal values in the error matrix represent the 

count of pixels which were correctly classified in the classification image. 

The overall accuracy is obtained by dividing the diagonal sum to the row 

total. Tables 5-9 show error matrix for the classifications. 

Table 6: Error Matrix for TM Classification 

Class water 
Open 
vegetation Forest Soil Shrimp Farms Clouds Total 

water  207 0 0 0 0 0 207 

Open vegetation 0 176 0 1 0 12 189 

Forest 0 42 207 0 4 0 253 

Soil  0 1 0 202 3 16 222 

Shrimp farms 11 1 4 7 193 0 216 

Clouds 0 0 0 0 0 93 93 

Total 218 220 211 210 200 121 1180 

Overall Accuracy % =87.5 

Kappa Coefficient = 0.8527   

Table 7: Summary of Error Matrix for TM Classification 

Class % Commission Error % Omission Error 

water 4.61 5.48 

Open vegetation 6.88 20 

Forest 28.62 1.9 

Soil 9.01 3.81 

Shrimp farms 14.22 3.5 

Clouds 0.00 26.77 
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Table 8: Error Matrix for ETM+ Classification 

Class water 
Open 

vegetation 
Forest Soil 

Shrimp 

farms 
Clouds Total 

water 177 0 0 0 9 2 188 

Open vegetation 0 179 13 0 0 4 196 

Forest 0 28 187 0 0 0 215 

Soil 0 0 0 199 0 0 199 

Shrimp farms 43 1 13 23 215 8 303 

Clouds 0 0 0 0 0 194 194 

Total 220 208 213 222 224 208 1295 

Overall Accuracy % =86.8 

Kappa Coefficient = 0.8462   

Table 9: Summary of Error Matrix ETM+ Classification 

Class % Commission Error % Omission Error 

water  8.29 19.55 

Open vegetation 10.05 13.94 

Forest 16.52 12.21 

Soil  0.00 10.36 

Shrimp farms 36.95 4.02 

Clouds 0.00 6.73 

Producer’s accuracy and user’s accuracies of 1989 and 2002 landuse maps 

are described in table 9. 

Table 10: The producer’s and user’s accuracies 

Classes  
Producer's  

Accuracy % 

      User's  

    Accuracy % 

     Kappa  

    Statistics 

 
 

 

1989 

   

2002 

 

1989 

    

2002 

         

1989     2002 

 

Water 

  

 94.52 

    

80.45 

  

 95.39 

    

91.71 

          

   0.99      0.75 

 

Open vegetation  80.00 86.06  93.12 89.95    0.85      0.79 

Forest  98.10 87.79  71.38 83.48    0.73      0.75 

Soil  96.19 89.64  90.99 100.00    0.94      0.90 

Shrimp farms  96.50 95.98  85.78 63.05    0.89      0.61 

Clouds  73.23 93.27  100.00 100.00    0.67      0.93 
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The accuracies for the change map are summarized in tables 11 and 12. 

Table 11: Error Matrix for Change Map 

Classes 
No 

Change 
Water 

Open 

vegetation 
Forest Soil 

Shrimp 

farms 
Total 

No Change 5 1 0 0 0 0 6 

Water 1 15 0 0 2 0 18 

Open 

vegetation 
1 0 9 2 0 0 12 

Forest 0 0 2 11 0 1 14 

Soil 0 0 1 1 13 0 15 

Shrimp 

farms 
0 0 1 0 1 10 12 

Total 7 16 13 14 16 11 77 

Overall Accuracy % =82.0 

Kappa Coefficient = 0.8047   

The producer’s and user’s accuracies of the change map are shown in table 

12. 

Table 12: The Producer's and User's Accuracy of the Change Map 

Classes Producer’s Accuracy % User’s Accuracy % 

No Change 71 83 

Water 93 84 

Open vegetation 70 75 

Forest 79 79 

Soil 82 87 

Shrimp farms 91 84 

 

The overall accuracy and kappa coefficient are 82% and 0.80 respectively. 

The producer’s accuracies of all the classes are consistently high, ranging 

from 70% to 93%, with exception of the open vegetation class which has an 

accuracy of 70%. The user’s accuracies for all the classes are relatively high, 

ranging from 75% to 87%.    
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5.2. Coastline Change Detection 

5.2.1. Coastline Extraction from Landsat TM Image 

A binary mask is created using band 5 of the Landsat TM image in order to 

segment the image into two classes: land and water. Figure 25 shows the 

binary mask. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   

The threshold value is chosen so that it creates two classes in the image, 

land and water. Still there were some regions in the image where some land 

pixels were wrongly assigned to water. The DN values of some of the features 

in the image are so close to the DN values of water that it was very difficult 

to make a distinction between them.    

Figure 25: Binary Mask on Landsat TM B5

Named Image 1 
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5.2.2. Band Ratios for Landsat TM 

A band ratio B2/B5 is constructed using the Landsat TM band 2 and 5 

respectively. The result of the band ratio is shown in figure 26. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The band ratio B2/B5 enhances the boundary between land and water. It is 

useful for separating land from vegetation and B2/B5 is also useful for 

separating non vegetated land. The pixels in the ratio image that have a 

value greater than 1 are categorized as water, and those that have a value 

less than 1 are categorized other. The feature categorized other in the ratio 

image is land. The brighter regions of the image represent the water covered 

areas while the dark regions are land.   

 

The binary image (image1) is multiplied with the band ratio image 2 (B2/B5) 

to generate a new image that correct land pixels, wrongly categorized as 

water. The resultant image is named image 3. Image 3 shows a sharp 

Figure 26: Band Ratio B2/B5 Constructed on the Landsat TM Image (1989) 
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boundary between land and water. This boundary is considered to be the 

coastline for the year 1989. The result of image 3 is shown in the figure 27.    

 

 

Image 3 is converted from raster to vector format to visualize and identify 

changes. The resulting extracted coastline in vector format is shown in red 

colour in figure 28. 

 

 

 

 

 

 

 

Multiplication Image of binary 

mask and band ratio B2/B5 

(Image 3) 

Figure 27: Image 3 for the Landsat TM image (1989) 
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Figure 28: Coastline position along the Mekong delta, 1989 

Land, 1989

Coastline, 1989
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5.2.3. Coastline Extraction from Landsat ETM+ Image 

A binary mask named image 1, and a band ratio image (B2/B5) named 

image 2 are constructed for Landsat ETM+ as well. Multiplication of Image 1 

and image 2 is done in order to extract the coastline for the year 2002. The 

resulting binary mask for Landsat ETM+ is shown in figure 29.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

In the case of Landsat ETM+, the thresholding values are also chosen such 

that they separate the land and water features in the image. Still there were 

some regions in the image where some land pixels were wrongly categorized 

as water, because the DN values for water and shadowed land were so close 

that it was difficult to distinguish between them. This is why some of the 

land pixels were wrongly classified as water.   

Figure 29: Binary Mask on Landsat ETM+ B5  

Named Image 1 
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5.2.4. Band Ratio for Landsat ETM+ 

Band ratio B2/B5 is also constructed for the Landsat ETM+ image as well. 

The resulting image is shown in figure 30. 

 

 

 

The brighter regions of the image in figure 30 represent the water covered 

areas while the other feature is land. The binary mask image (image1) is 

multiplied with image 2 (B2/B5) in order to remove wrongly classified water 

pixels as land. The result of the image 1 and image 2 multiplication is the 

final image, image 3. Image 3 shows a sharp boundary between land and 

water. This boundary is assigned to be the coastline for the year 2002 (figure 

31).  

 

 

 

 

Figure 30: Band ratio B2/B5 constructed on Landsat ETM+ image (2002) 
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Image 3 is converted from raster to vector format in order to visualize and 

identify changes. The extracted coastline for the year 2002 is displayed in 

black colour in figure 32.  

 

 

 

 

 

 

 

 

Multiplication Image of binary 

mask and band ratio B2/B5 

(Image 3) 

Figure 31: Image 3 for the Landsat ETM+ image (2002) 
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Figure 32: Coastline position along the Mekong delta, 2002 

Land, 2002

Coastline, 2002
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5.2.5. Vector Overlay of the Two Coastlines 

Figure 33 shows the overlay of the two coastlines for 1989 and 2002. Four 

small sub regions in the shape of ellipses are placed at different locations in 

figure 33 to compare the coastlines closely. This helps to understand where 

new land came into existence and where it has been grabbed by the sea. 
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Figure 33: Overlay of the Two Coastlines 

Water

Land, 2002

Land, 1989

Coastline, 2002

Coastline, 1989



56 
 

The following images of the four subregions show the changes in the 

position of the coastline in 2002.  

 

The two images in figure 34 show subregion 1 of figure 33. The coastlines of 

1989 and 2002 are represented here. The 2002 coastline shows 

advancement towards the South China Sea, when compared with the 1989 

coastline. The advancement of the coastline in 2002 is very well visible in 

both images. It means that new land appeared along the coastline. This 

indicates presence of either the phenomena of accretion as a result of soil 

deposition or land uprising. The appearance of new land in this region of the 

coastline is very critical due to intense agriculture and aquaculture landuse 

existing along the coast.  

The images in figure 35 show the subregion 2. The 2002 coastline shows a 

pronounced shift in the left image which shows a coastline shift towards the 

South China Sea. The appearance of the new land is seen in the left image. 

The right image indicates gradual shift of the 2002 coastline compared to 

1989. This sub region along the coastline is intensely cultivated too. The 

mangrove forests in this region have been cleared to give space to 

agriculture and aquaculture farming. Hence, the new land is of great 

importance for this region. 

Figure 34: Comparison of the Coastlines in the SW  

Coastline, 2002

Coastline, 1989
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Figure 36 depicts subregion 3 of figure 33. The coastline of the year 2002 

shows a sizeable shift towards the South China Sea in the right image when 

compared with the year 1989. As a result of coastline position shift, 

appearance of the new land is fairly significant in the right image.  At one 

place in the left image, the shift in the 2002 coastline position is significant. 

The rest of the coastline looks stable in the left image. This part of the 

subregion 3 along the coastline is also intensely cultivated.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 35: Comparison of the Coastlines in the SE  

Figure 36: Comparison of the coastlines in the East  

Coastline, 2002

Coastline, 1989

Coastline, 2002

Coastline, 1989
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Figure 37, 38 and 39 show subregion 4 of figure 33. This subregion 

represents the east, north-east and north parts of the coastline in the study 

area. Figure 37 depicts the eastern part of the coastline. Changes in the 

coastline position in 2002 are pronounced when compared with 1989. As a 

result of the coastline position shift, appearance of new land is significant in 

the right image. The left image shows the shift in the coastline position in 

2002, but degradation of the coastline can be observed here. The arrow 

indicates the position of the coastline where it has been degraded.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 38 shows subregion 4 of figure 33. It shows the north-east part of the 

coastline in the study area. The coastline in the 2002 shows the land 

degradation in the left image at one place when compared with the 1989. As 

a result, the land is buried into the sea. This might be an indication of land 

sinking in this part of the coastline. The rest of the left image shows 

coastline shift towards the sea. The newly emerged land can be observed as 

a result of the coastline shift. The right image in figure 38 depicts eastward 

shift in the 2002 coastline.  

 

 

Figure 37: Comparison of the Coastlines in the East  

Coastline, 2002

Coastline, 1989
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Figure 39 shows subregion 4 of figure 33. It represents the north part of the 

coastline in the study area. The 2002 coastline shows advancement towards 

the sea in the left image when compared with the 1989 coastline. New land 

appeared as a result of the coastline shift. There is a small degradation of 

the 2002 coastline observed in the left image as well. The degradation of the 

coastline is not significant here. The right image shows a small coastline 

advancement in 2002. The new land appeared as a result of the coastline 

shift indicating the phenomena of land uprising or accretion.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 38: Comparison of the Coastlines in the North-East  

Figure 39: Comparison of the Coastlines in the North 

Coastline, 2002

Coastline, 1989

Coastline, 2002

Coastline, 1989



60 
 

The amount of new land patches appeared along the coast of the Mekong 

delta is approximately 2% of the entire study area. Figure 40 show those 

land patches appeared during the period of 1989 and 2002.  

 

 

 

 

 

 

 

 

 

 

 

Figure 40: New Land Patches between 1989 and 2002 
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5.3. Discussion 

Post Classification Comparison change detection technique is used to detect 

landuse change in the study area. This technique may yield biased results 

without field verification of the data’s spectral characteristics and spatial 

extent. It can be an effective method when one has to express the specific 

nature of change compiled with statistics in terms of tables, graphs and 

maps. The present study utilizes images from the Landsat TM sensor 1989 

and ETM+ sensor 2002. These images are classified independently using the 

supervised classification technique. Overall accuracy of 87.5% and 86.8% is 

obtained for landuse of years 1989 and 2002 respectively. Six classes (water, 

open vegetation, forest, soil, shrimp farms and clouds) have been defined for 

the classification. 

 

Visual comparison and change detection statistics revealed that there has 

been a trend of changing landuse over the 13 years in the Mekong delta. 

There is a 9% decrease in water in the 2002 landuse compared to the 1989 

landuse. Open vegetation increased up overall to 74% in the 2002 compared 

to 1989. In terms of change within the open vegetation, the open vegetation 

retained its large part in 2002 landuse map. About 16% of the open 

vegetation changed into soil class. The change in open vegetation is 

significant and the reason for this change is the harvesting season of the 

winter-spring cropping system in the delta. The 12% conversion of open 

vegetation into rice/shrimp farms class is one factor that indicates the trend 

of shift of the open vegetation to shrimp farming. At the same time the forest 

has been reduced up overall to 48% in size in 2002. This decrease in the 

forest is due to the mass clearing of forest for the creation of new land in 

order to increase the agricultural areas for rice plantation and shrimp 

farming. Development of rice/shrimps farms within the mangrove forest 

areas resulted not only in reducing the quantity of these forests but also 

degraded the quality of the remaining forests. The 2002 landcover/landuse 

classification revealed that natural mangrove forests exist now only in small 

patches at different locations along the eastern coast. The majority of the 

mangrove forests along the eastern coasts within the study area has been 
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destroyed. The increased size in area attributed to the open vegetation class 

indicates the intensive use of land in the delta along the eastern coast for 

agriculture. But this intense landuse is so near to the South China Sea that 

it is at a brink of flooding any time in the shorter context of flash flooding 

and in the longer context of sea level rise inundation as predicted by the 

UNIPCC (World Bank 2007). Creation of more land for housing and timber 

export to china is one other major reason of forest decrease in the Mekong 

delta. It is alarming that the forests in the delta have been reduced in such 

large amounts. It has many effects on the delta in future.  

 

In terms of changes within the soil class, around 40% of the soil changed to 

open vegetation. This large conversion of soil class to open vegetation helps 

us to understand how fast open vegetation areas are growing in the delta. 

The conversion of soil to forest is 3%. This indicates the replantation of 

forest areas in the protection zones set by the Viet Nam authorities. There is 

an overall increase of 21% observed for the shrimp farms class in the 2002 

landcover/landuse compared to 1989. This class converted 27% to open 

vegetation in the 2002. The reason for such significant conversion to open 

vegetation class in 2002 landuse is the outbreak of shrimp disease in late 

1995-1997 in the Mekong delta. During this period shrimp cultivated areas 

rapidly converted to other landuse categories. The conversion mainly 

occurred along the upper parts of the eastern coast in the study area. But 

shrimp production system becomes intense in later years with local 

governments support in the coastal areas of the delta (Nguyen, 2008). 

Similarly, 11% of this class changed to forest. The reason of conversion to 

forest is the mangrove’s reforestation programme introduced by the Viet 

Nam government. The reforested areas are declared as full protection zones 

and all other landuse is prohibited.   

 

Image differencing change detection technique uses pixel by pixel 

subtraction to detect changes in landcover/landuse. It requires image 

normalization in order to detect change. Three methods: PIFs (Pseudo-

invariant features) regression, histogram equalization using LUT 
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enhancement and conversion of digital numbers to (TOA) reflectance 

methods are tried to normalize the reflectance and intensity values of 

images. But none of the methods was able to normalize the DN values 

between the images. The PIF regression method is carried out anyway, using 

the 2002 image as the base image and the 1989 image as target image to 

normalize the differences in intensity values and reflectance from ground 

features. The Mekong delta is a forested region, and it is very difficult to 

locate unchanged pixels in a forested region in absence of any reference 

data. The TM and ETM+ image’s resolution is another problem that makes it 

harder to locate rooftops, roads and their cross-sections, to detect 

unchanged pixels in principle and meet the requirements of PIF (Pseudo-

invariant feature). The PIFs are selected from both images and hence the 

1989 image is normalized using the regression equations for corresponding 

bands. Three bands 7, 4 and 2 are normalized and used for image 

differencing. The difference image from any of three bands is unable to give 

a clear idea of change. Thus, we conclude that image differencing as change 

detection method is not applicable in the current study. 

  

The study does not have any reference data that can help to validate results. 

The results of landcover/landuse mapping would become accurate and 

reliable, if reference data is available in order to cross check the reliability of 

results. The results show that image thresholding and band ratios are 

reliable methods to extract the coastline. This technique has made it 

possible to extract the coastline quite satisfactorily. Still, this part of the 

study lacks the reference data as well in order to cross check the reliability 

of results. The results of this part of the study contradict the statement that 

the eastern coast of the Mekong delta is being eroded at a rate of 30-50 

meters a year (Toan 2009). 
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6. CONCLUSIONS 
There are two purposes of the current study: one is to map the changing 

landuse pattern in the eastern part of the Mekong delta and the second is to 

detect the coastline position change over period of 13 years. Hence, there are 

two different techniques used in order to perform these tasks. Image 

differencing and Post Classification comparison change detection technique 

are used to detect the landuse changes between the years 1989 and 2002. 

Image thresholding and band ratio techniques are used to extract the 

coastlines. The two coast lines were then overlaid to show the changes 

occurred along the coast.  

 

Post Classification Comparison change detection technique uses the pixel by 

pixel or segment by segment comparison to detect changes in 

landcover/landuse types. Therefore the geometry of the multi date image 

must be accurate otherwise substantial error will prevail in the resultant 

image. The accuracies achieved of the two classifications are 87.5% for 1989 

and 86.8% for 2002 landuse. A significant decrease in forest and a 

significant increase in open vegetation and shrimp farms area are observed.  

    

The coastline obtained by the combination of histogram thresholding and 

band ratio showed an overall advancement towards the South China Sea. As 

a result of coastline position shift, appearance of the new land is fairly 

significant. There is a very small portion of the coast where it is degraded 

and the land along the coast went under the water permanently. 
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Appendix        
A1: Landsat 5 Technical Details. 

 

Launch Date:     March 1, 1984 

Status:  TM still operational! MSS instrument 

decommissioned 

Sensors Id:     TM, MSS 

Altitude:      705 km 

Swath:     185×185 km 

Inclination:      98.2° 

Orbit:      polar, sun-synchronous 

Equatorial Crossing Time:  nominally 9:45 AM (± 15 min.) local 

time (descending node) 

Period of Revolution:    99 minutes; ~14.5 orbits/day 

Repeat Coverage:     16 days 

Image Id:     etp125r53_5t19890116.tar.gz 

Table 13: Spectral Bands/ Wavelength of Landsat TM 

 

 

 

 

 

 

 

Band Resolution Wavelength µm Description 

1 30m×30m 0.45-0.52 Blue 

2 30m×30m 0.53-0.61 Green 

3 30m×30m 0.63-0.69 Red 

4 30m×30m 0.78-0.90 Near Infrared 

5 30m×30m 1.55-1.75 Short-wave Infrared 

6 120m×120m 10.4-12.5 Thermal Infrared 

7 30m×30m 2.09-2.35 Short-wave Infrared 
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A2: Landsat 7 Technical Details. 

 

Launch Date:    April 15, 1999 

Status:  Operational despite Scan Line Corrector (SLC) 

failure May 31, 2003 

Sensor Id:    ETM+ 

Altitude:     705 km 

Inclination:     98.2° 

Orbit:     polar, sun-synchronous 

Equatorial Crossing Time:  nominally 10 AM (± 15 min.) local time 

(descending node) 

Period of Revolution:   99 minutes; ~14.5 orbits/day 

Repeat Coverage:    16 days 

Image Id:    LE71250532002092SGS00.tar.gz 

Table 14: Spectral Bands/wavelength of Landsat ETM+ 

Band Resolution Wavelength µm Description 

1 30m×30m 0.45-0.52 Blue 

2 30m×30m 0.53-0.61 Green 

3 30m×30m 0.63-0.69 Red 

4 30m×30m 0.78-0.90 Near Infrared 

5 30m×30m 1.55-1.75 Short-wave Infrared 

6 60m×60m 10.4-12.5 Thermal Infrared 

7 30m×30m 2.09-2.35 Short-wave Infrared 

8 15m×15m 0.52-0.90 Panchromatic 
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A3: GCP Points Report. 

ENVI Ground Control Points Table 

ENVI Image to Image GCP Table 

Total RMS Error: 0.701612 

Table 15: GCP Points Report 

BASE(x,y) WARP(x,y) PREDICT(x,y) ERROR(x,y)

1 3739.5 5835.5 3996.75 6081.75 3996.26 6081.29 ‐0.49 ‐0.46

2 5332.75 2877 5588 3122 5588.65 3122.17 0.65          0.17 0

3 5430.5 2746.75 5686.75 2991.75 5686.34 2991.94 ‐0.41 0.19

4 5509 3059 5765 3305 5764.85 3304.27 ‐0.15 ‐0.73

5 5571.75 3443.5 5827.75 3688.5 5827.63 3688.83 ‐0.12 0.33

6 5592.5 3325.5 5848.5 3570.75 5848.36 3570.83 ‐0.14 0.08

7 5452.25 3136.75 5708.5 3381.75 5708.14 3382.01 ‐0.36 0.26

8 5571.5 3083.5 5827.5 3329.75 5827.33 3328.79 ‐0.17 ‐0.96

9 5653.25 3083.75 5908.75 3329.75 5909.04 3329.07 0.29 ‐0.68

10 5955.5 3666 6210.5 3913 6211.26 3911.46 0.76 ‐1.54

11 5908.5 4156.75 6163.75 4400.75 6164.37 4402.22 0.62           1.47 1

12 5670.5 4013 5926.75 4258.5 5926.44 4258.42 ‐0.31 ‐0.08

13 5639.5 3923.75 5895.75 4169 5895.44 4169.15 ‐0.31 0.15

14 5807 4092.5 6063.5 4339.25 6062.9 4337.95 ‐0.6 ‐1.3

15 5286.5 5043.75 5543.5 5288.5 5542.73 5289.25 ‐0.77 0.75

16 3739.5 5835.5 3996.75 6081.75 3996.26 6081.29 ‐0.49 ‐0.46

17 3936.5 5618.5 4193.5 5864.25 4193.2 5864.19 ‐0.3 ‐0.06

18 3897.5 5749.75 4153.5 5996.5 4154.22 5995.49 0.72 ‐1.01

19 3791.25 5745.75 4047.5 5991.75 4047.99 5991.5 0.49 ‐0.25

20 3799.25 5414 4056.25 5658.5 4055.98 5659.61 ‐0.27 1.11

21 3915.25 5180.5 4172.5 5425.75 4171.93 5426.02 ‐0.57 0.27

22 4285.25 5178.5 4541.5 5423.5 4541.81 5424.02 0.31          0.52 0

23 3995.75 5052.5 4252 5297.75 4252.4 5297.97 0.4          0.22 0

24 4121.75 4476.75 4378.5 4721.5 4378.32 4722.02 ‐0.18 0.52

25 4551.5 4508.75 4807.5 4753.75 4807.92 4754.08 0.42          0.33 0

26 4373.25 4039.5 4629.5 4284.75 4629.69 4284.66 0.19 ‐0.09

27 4417.25 3950.5 4672.75 4195.5 4673.66 4195.64 0.91          0.14 0

28 4725.5 3493.5 4981.5 3739.25 4981.74 3738.59 0.24 ‐0.66

29 4799.75 3717.25 5055.5 3962.75 5055.99 3962.42 0.49 ‐0.33

30 4783.5 4003 5039.75 4248 5039.78 4248.23 0.03          0.23 0

31 4711.5 3726.5 4967.75 3971.5 4967.78 3971.65 0.03          0.15 0

32 4690.5 3164.75 4946.75 3409.5 4946.72 3409.75 ‐0.03 0.25

33 4518.25 3342.75 4774.75 3587.5 4774.57 3587.74 ‐0.18 0.24

34 4611.25 2957.5 4867.5 3202.5 4867.49 3202.41 ‐0.01 ‐0.09

35 4744.5 2955 5000.75 3200 5000.68 3199.96 ‐0.07 ‐0.04

36 4725 2419.75 4981.25 2665.25 4981.13 2664.57 ‐0.12 ‐0.68

37 5055.5 2272 5311.5 2517 5311.45 2516.94 ‐0.05 ‐0.06

38 4928.75 2161 5184.5 2405.75 5184.75 2405.86 0.25          0.11 0
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