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Abstract 

Present, accurate, and reliable estimation of mangrove forests in Bangladesh is limited. 

Former estimation of mangroves extent and density has been more or less restricted to the 

Sundarbans and do not represent the whole country.  In this study, a time series analysis was 

performed using Landsat images from four epochs, namely: 1976 (Landsat MSS), 1989 

(Landsat TM), 2000 (Landsat ETM+) and 2015 (Landsat L8 OLI) to accurately quantify 

mangroves extent and density change/variation in the study area. An atmospheric correction 

using the Dark Object Subtraction method and a radiometric normalization using pseudo-

invariant features was performed to reduce haze and sedimentation effects of the images. A 

standard approach to study changes in forest characteristics is to perform a time series 

analysis using images that have undergone a supervised classification. Results are indicating 

a gradual increase of forest area in most parts of the study area. Overall, the areal coverage 

increased by 3.10% (58140 ha) from 1976 to 2015, where 1.79% (33587 ha) of this increase 

took place from 2000 to 2015. The Sundarbans area turned out to be an exception. There, the 

mangrove forest area remained almost unchanged, although a little change (decrease by 

1.03%) was found between 2000 and 2015. The study also claimed that one of the oldest 

mangrove forests in Bangladesh (Chakaria Sundarbans) had lost 4135 ha (32%) of forest area 

between 1976 and 1989. Similarly, a vegetation index (NDVI) analysis suggested that not 

only the area but also the density of the mangroves has changed over the years. The forests 

seem to have been denser in 1976 than in 1989. In 2000 the density appeared to have 

increased again, while decreased again in 2015. The study also found a substantial increase 

between 1989 and 2000 while a considerable density decreases in the Sundarbans region 

between 2000 and 2015. However, Mangroves area change was not significant in the context 

of classification uncertainty. A little error source was found due to the similar spectral 

reflectance between mangroves and non-mangrove vegetation, for example, in Patuakhali-

Bhola. An accuracy assessment was performed using confusion matrices, showed maximum 

likelihood algorithm produce a better result for mangrove classes than other Land use/ Land 

cover classes. The overall accuracy of Landsat 8 OLI, ETM+, TM, and the MSS classified 

images (five classes) were found to be 97%, 87%, 80%, and 80% respectively, with Kappa 

values of 0.96, 0.82, 0.73, 0.74.  Several possible factors such as cyclones, sedimentation and 

erosion, deforestation, shrimp and salt farming, and mangrove plantation were identified, 

which might be responsible for mangroves variations/changes in Bangladesh. 

Key Words: Mangroves, Landsat, Time Series, Change Detection, Bangladesh, NDVI, 

Supervised Classification 
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Chapter One- 

Introduction 
1.1 Context 

Mangrove forests are salt-tolerant woody plants that form intertidal and fragile ecosystems 

between sea and land (Alongi, D.M., 2002). Globally, Mangrove ecosystems are distributed 

along coasts within the tropical and lower latitudes of the subtropical climate zones, at 

latitudes from the equator to about 32° N and 38° S (Spalding et al., 1997). However, most 

Mangrove forests are found within latitudes between 5° N and 5° S (Giri et al., 2010). 

 

The Mangroves are known to provide various ecosystem services, both in an ecological and 

economic perspective. They have a role as protectors for damage from tsunamis and cyclones 

(Forbes et al., 2007), they are critical breeding zones for shrimp and fish (Roy et al., 2015), 

they provide a source of fuelwood and timber (Uddin et al., 2013), they offer an environment 

suitable for medicinal plants to grow, and they attract tourists (Kuenzer et al., 2011; Pham & 

Yoshino 2015, Uddin et al., 2013). Furthermore, they contribute to a terrestrial carbon source 

and act as distributors of dissolved organic Carbon (C) to the oceans (Dittmar et al., 2006). 

 

Recent estimates of the extent of Mangrove forests claim that globally we lost about 36% of 

the total mangrove area in the last two decades, due to human-induced actions such as forest 

reduction for aquaculture, agriculture, infrastructure, tourism and dam constructions on 

rivers;  but also due to catastrophic natural disasters, such as cyclones and typhoons (FAO 

2007). A study performed by Giri et al., (2007) found that Asia lost 12% of the Mangrove 

forests between 1975 and 2005. On the country level, the mangrove forest area is estimated to 

have declined about 9% (1989-2001) in Vietnam and 1.2% (1973-2000) in India-Bangladesh, 

while increased 1.5% (Indus Delta, Pakistan) between 1973 and 2010 (Pham & Yoshino 

2015; Giri et al., 2015). Regarding the Sundarbans of Bangladesh-India, the study performed 

by Giri et al. (2007) claim a slow increase of forest area by 1.4% from the 1970s to 1990s 

and gradual decrease by 2.5% from 1990s to 2000s, due to deforestation, coastal erosion, and 

aggradation. Another study, Islam, M.T. (2014) came to the conclusion that land area of 

Sundarbans (Bangladesh-India) decreased by 5.1% from 1975 to 1989 and by 4.5% from 

1989 to 2000 (due to erosion, and several tropical cyclones between 1977 and 1988). These 

threats and mangrove losses are leading to the increasing demand of extracting up-to-date and 

reliable information on mangrove forest. This information is essential for mangrove mapping 

and monitoring, for change detection, estimating carbon stock and for sustainable 
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management (Giri et al., 2007; Green et. al., 2000; Jones et. al., 2016; Heumann, W. B., 

2011).  

 

The Sundarbans, largest continuous mangrove forests in the earth covering about one million 

hectares extended between Bangladesh and India (between 21°27 and 22°30 N, and 89°02 

and 89°55 E). However, more than 60% of the Sundarbans ecosystems are within 

Bangladesh, which is approximately 600,386 ha (MoEF 2011). The total carbon stock of the 

Sundarbans Reserve Forest of Bangladesh is estimated to be 55.8 Megatons (excluding C 

storage in soils) using biomass estimation method by measuring aboveground biomass and 

belowground pools (MoEF 2011). 

 

The Landsat program offers collected earth observation data continuously from the last 44 

years.  The images have a spatial resolution of (30x30) m and a temporal resolution of 16 

days. It also provides continuous land surface records and modification over time (Roy et al., 

2014). Landsat 8 was launched recently in 2013 which has cirrus cloud detection and two 

thermal infrared bands.  The Landsat images are free of charge, making it possible for 

projects with limited financial budgets to perform sophisticated analyses still.  

 

Satellite remote sensing has been widely used for purposes aiming to estimate the extensions 

and dynamics of the Mangrove ecosystems, as well as for change detection purposes 

(Sulaiman et al., 2013). Globally, numerous studies have tried to detect mangrove forest 

change using the Landsat time series data, for instance, Shapiro et al., 2015 in Zambezi Delta, 

Long & Giri, 2011 in Philippine, global mangrove forest status, and distribution by Giri et al., 

2010. However, using remote sensing techniques, previous mangrove ecosystems studies 

conducted mostly in Indian and Bangladesh Sundarbans part together, for example, Islam, 

M.T. (2014), Chandra Giri et al. (2015), but a few studies have restricted their work to the 

Sundarbans of  Bangladesh,  for example (Akhter, 2006; Diyan, M.A., 2011; Salam et al., 

2007; Emch et. al. 2006).  Furthermore, National level mangrove study in Bangladesh is 

limited except a few study (but not up-to-date) such as Rahman et. al. 2013. So, there are 

knowledge gaps about current and details information of mangrove changes in the country. 

 

Over the last two decades, Vegetation indices (Vis) have been used for estimating the density 

of the Mangrove forests where Normalized Difference Vegetation Index (NDVI) is common 

Vis. Besides, Supervised and unsupervised classification and support vector machine (SVM) 



 

3 
 

techniques are widely used in mangrove change detection (Kanniah et al., 2015; Long & Giri 

2011). Using classification and Vegetation indices approach has the potential to quantify 

mangrove extent and density within the area in temporal and spatial scale. 

 

1.2 Knowledge Gap and Problem Statement 

Existing mangroves extent maps/information of Bangladesh have little details such as the 

absence of local mangroves change. However, most of the remote sensing estimation of 

mangrove forest were up to 2000 (Rahman et. al., 2013; FAO 2005), and have not 

represented the mangrove extent of the whole country (such as Sundarbans studies by Emch 

et. al., 2006; Giri et. al., 2007; Islam, M. T., 2015; Chakaria Sundarbans study by Rahman et 

al., 2015;). Furthermore, available mangrove estimations among studies vary. For time-series 

forest change detection purposes, image pre-processing is a crucial part. It may involve some 

more or less complicated steps, such as image co-registration and ortho-rectification, 

radiometric correction, topographic correction, geometric correction, atmospheric adjustment 

to surface reflectance and radiometric normalization  ( Banskota et al., 2014; Schott et al., 

1988; Zhong et al., 2016). Previous studies looking at change detections of the Mangrove 

forests in Bangladesh have used rather simplified pre-processing methods (Giri et al., 2007; 

Salam et al., 2007). In this study, however, the images went through a radiometric 

normalization including an atmospheric correction and a relative radiometric normalization. 

Another difference between this study and many of the former studies is to investigate both 

the areal coverage (using land use/ land cover classification) and the forest density (using a 

vegetation index obtained from the satellite images).  Also, the present study offers an 

accuracy assessment using confusion metrics to evaluate the reliability of mangrove 

estimation using land use/land cover classification in the study area. The research problem 

can be outlined as- there is a substantial knowledge gap related to mangrove extent and 

density changes from local to regional scale in Bangladesh using satellite remote sensing 

data.  
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1.3 Aim and Objectives of the Study 

To fill the research mentioned above gap, the aim of this study was to detect changes in the 

mangrove dynamics (changes in mangrove extent and density over time) within the whole 

country of Bangladesh, covering a substantially larger area.  Specifically, the objective is 

 

1. To accurately quantify and mapping mangrove areal extent, and how the 

mangrove vegetation density changes in the study area in the past four epochs. 

  

To conduct this study four types of Landsat data (MSS, TM, ETM+, L8OLI) in four epochs 

(1976, 1989, 2000 and 2015) is used, summing up to twenty-eight images in total.  

 

Based on literature review, expected the outcome of the study is that mangrove forests have 

been increasing in the last four epochs especially after  2000 and density have to vary in 

temporal and spatial scale. Deposition of the sediment in the open sea could be one of the 

main reason why mangrove has increased in the study area. Variation also expected in 

different epochs and different regions due to various factors such as erosion and deposition of 

landform, cyclone, deforestation, mangrove plantation, shrimp and salt culture.  
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Chapter Two- 

Background of the Study 
 

2.1 What is the Mangrove Ecosystems? 

In general, mangrove ecosystems (Figure 1a and 1b) are cluster groups of plants, shrubs, 

palms, and ferns which have aerating roots, formed mainly in the coastal areas where fresh 

water and saline water meet. 

  

1a      1b 

Figure.1: A typical example of mangrove ecosystem characteristics. The photograph was 

taken by the author in 2011 at Satkhira Sundarbans part. 

 

2.2 Global distribution of mangroves 

Globally, mangroves are extended between 32° N and 38° S and 110 different species are 

found in tropics and subtropics ( Spalding et al., 1997; Kathiresan & Bingham, 2001; Rosati 

et al.,  2010;) These mangrove ecosystems cover about  138,000 km
2
 spread in 118 countries, 

where only 15 countries have 75% of the global mangroves (Giri et al., 2010). Table.1 shows 

mangroves area and percentages at a continent scale, and Figure 2 shows the global 

distribution of the Mangroves.  

 

Mangrove ecosystems are found in Ganges-Brahmaputra delta, Andaman-Nicobar Islands, 

and Sumatra coast in Indonesia, west coast of Florida, estuaries in Queensland, west, and east 

Africa, Borneo and Papua New Guinea (Islam, M.S. 2001). However, in South Asia, they 

cover 1,187476 ha which is about 7% of the total extent  (Giri et al., 2015). Figure 3 shows 

South Asian mangrove distribution. 
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Table.1: Global percentage of mangroves by region (based on top 15 mangrove richest 

countries; after Giri et al. 2010 remote sensing study); S. N. means Serial Number 

S. N. Region Area (ha) Global 

Percentage 

1 Asia 5,180,942 37.7 

2 Africa 1,589,250 11.5 

3 North & Central America 1,163,455 8.5 

4 Oceania 977,975 7.1 

5 South America 741,917 7 

 

 
Figure.2: Global mangrove forest distribution, (data source: unep-wcmc.org) 

 

2.3 Global Importance of Mangrove Forests  

Globally, in tropics and subtropics, about 10 millions of people depend on mangrove forests 

(Rosati et al., 2010).  Mangrove forests have contributed to protecting coastal areas in dike 

systems from tsunamis and cyclones, shrimp and fish breeding zones, the source of fuel and 

medicinal plants and attracting place for tourist (Kuenzer et al., 2011). Furthermore, it’s not 

also terrestrial carbon source but also dissolved organic carbon source to the oceans (Dittmar 

et al., 2006). 
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Tsunami hazards have lowered the consistent areas behind the mangrove forests (Fobes & 

Jeremy 2007). However, Bhowmik & Cabral (2013) found that 45% of Sundarbans affected 

by Cyclone SIDR in 2007. Fortunately, the forests reduced the intensity of the cyclone and 

protected the country from its severity. The provisioning and cultural service values of the 

Sundarbans in Bangladesh are estimated to US$ 744,000 and US$ 42,000 per year 

respectively during financial years between 2001–2002 and 2009–2010 (Uddin et al., 2013). 

Where provisioning services include timber, fuel wood, fish, honey, thatching materials, and 

waxes and cultural services are mainly tourism (Uddin et al.,  2013). 

 

  

Figure.3: Mangrove forests distribution in South Asia (data source: unep-wcmc.org, a base 

map from ESRI). 

2.4 Threats to Mangrove Ecosystems 

Globally, the mangroves are degraded due to natural disasters, (for example; tropical cyclone 

Sidr in 2007 affected 1900 Km² Sundarbans area of Bangladesh (CEGIS 2007). Top dying 

diseases is another natural cause. Top dying diseases of Sundari tree is defined as a decline 

and or death of foliage and twigs in the crown which starts at the top of the trees and ends 

with the death of the lower part of the tree (Rahman, M.A. 1996; Awal, M.A. 2014).  

Sundarbans is located approximately 2m above mean sea level and is the potential threat to 

sea level rise. Payo et al., 2016 projected changes in the Sundarbans mangrove forest area 

which showed Sundarbans might lose 81 km² to 1393 km² due to sea level rise of 0.46 to 1.48 
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m by 2100. Erosion also a threats to mangrove changes in the study area. Rahman et al., 2011 

claimed that due to erosion, the coast of the Sundarbans in India and Bangladesh had lost 940 

ha per year between 2000 and 2010. Human disturbance is also contributed to the destruction 

of the mangrove forest in the study area. Land use changes due to shrimp farming are 

responsible for mangrove loss (for example; Chakaria Sundarbans) in the study area (Hossain 

& Lin 2001, Iftekhar & Islam 2004, Rahman &  Hossain 2015). Rapid withdrawal of 

sediment-laden freshwater into the Bay of Bengal from 1975 to present through the 

Sundarbans from farakka barrage (artificial barrier across a river used for irrigation) point in 

India has led to a polyhaline environment in the sundarban mangrove forest in Bangladesh. 

This polyhaline environment has affected the growth and distribution of mangroves mainly 

affected by Sundari trees (Heritiera fomes) in the study area (Aziz et al., 2015). 

  

2.5 Literature Review  

2.5.1 Remote Sensing data to mangrove mapping and Time-series Study 

Optical and Radar Remote sensing data are now widely used for mangrove mapping and 

monitoring in the world. In the last two decades, optical remote sensing data have become a 

helpful tool in studies dealing with the Mangroves. Besides medium resolution images, such 

as Landsat (30m), high-resolution images like QUICKBIRD, and WORLDVIEW-2 have 

been used to detect the change on smaller scales (Heumann, W.B., 2011). 

 

Globally, several mangrove studies have been done using remote sensing data, but only a few 

time-series studies have been conducted. The main time series studies of mangrove forests at 

a global scale are stated in Table.2. 

 

2.5.2 Classification Techniques in Mangrove Time-Series Study  

In remote sensing, various methods have been developed to detect temporal changes in the 

mangrove forests. In Unsupervised classification, based on spectral signatures software 

automatically classify the images which can use for mangrove change detection. Most of the 

unsupervised studies used an iterative self-organization classification algorithm (ISOCLUST) 

for mangrove change detection ( Giri et al., 2007; Jones et al., 2016; Shapiro et al., 2015).  

However, the Unsupervised Otsu method is a simple method based on threshold selection. 

Chen et al. (2013) applied these techniques for multi-decadal mangrove change detection in 

Honduras.  
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In Supervised Classification, training samples are obtained from images to classify the land 

cover. The Maximum likelihood supervised classification approach is widely used for 

mangrove time-series analysis (Chandra Giri et al., 2007; Kanniah et al., 2015; Pham & 

Yoshino, 2015; Sremongkontip et al., 2000). Pseudo-Variant Features (PVFs) techniques 

now used in some mangrove change detection studies (Chen et al., 2013).  For post image 

classification Object-based image (OBI) techniques (Son et al., 2015; Chen et al., 2013) also 

famous for mangrove change detection.  

 

Vegetation Indices (VI) have been used in mangrove mapping and change detection 

worldwide. For example, Hasmadi et al., (2011) used vegetation indices (NDVI, IPVI, PVI, 

SAVI, NSAVI, etc.) for comparison of mangrove mapping in Peninsular Malaysia. The most 

common one is the Normalized Difference Vegetation Index (NDVI). This index has also 

been widely used to study mangrove change detection (Islam, M.T. 2014). The Landsat 

programs have a long record of data that is suitable for computing NDVI Worldwide.  NDVI 

is calculated from the Red and Near Infrared spectral bands.  

 

2.5.3 Previous Mangrove mapping and change detection studying in the study area   

There have been some studies done about vegetation classification in the Sundarbans 

mangrove forests of Bangladesh using satellite images. For example, Diyan M. A, (2011) 

used Quick bird images for mangrove vegetation classification and applied pixel based, 

object-based image analysis techniques. Syed et al. (2001) used optical (Landsat TM) and 

radar images to detect fragmented mangrove forest in Sundarbans. However, few Landsat 

time-series studies have been conducted in the study area to detect mangrove changes. 

Among them, most of the studies performed are based on supervised classification techniques 

(Emch & Peterson 2006; Rahman 2012) while some studies also used the NDVI vegetation 

(Akhter, 2006; Bhowmik & Cabral, 2013; Islam, M.T., 2014).  Landsat MSS, Thematic 

Mapper (TM) and the Enhanced Thematic Mapper (ETM+) are the remote sensing data that 

all of those researchers used. However, all of these studies only focus the world heritage site 

Sundarbans (Table.3). Unfortunately, the south central and southeast part of mangrove forest 

in Bangladesh change detection was avoided in those study. Furthermore, there is a lack of 

information of current estimation (increasing or decreasing) of mangrove forest in the whole 

country (see Table.3). 
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Table.2: Review summary of the main time-series studies of mangrove ecosystems in the 

world (S.N. means Serial Number) 

S. 

N. 

Region 

/Country 

References Satellite 

Data 

(Landsat) 

Classification 

Techniques 

Locations Main Findings 

1 118 

Countries 

Giri et al. 

2010 

ETM+ 

(1997-2000) 

Hybrid supervised 

and unsupervised 

Tropics and Subtropics Mangrove area 137,760  

Sq. Km (2000) 

2 Asia Giri et al. 

2007 

MSS, TM, 

ETM+ (1975-

2000) 

Hybrid supervised 

and unsupervised 

Indonesia, Malaysia, 

Thailand, Burma 

(Myanmar), Bangladesh, 

India, and SriLanka  

Mangrove lost 12%  

(1975-2005) 

3 South Asia Giri et al. 

2015 

ETM+   

(2000-2012) 

Classification 

and Regression 

Tree (CART) 

algorithm 

Bangladesh, India, 

Pakistan, and Sri 

Lanka 

areal extent 1,187,476 ha  

(7% globally) and  

92, 135 deforested  

(2000-2012) 

4 Mozambique Shapiro et al. 

2015  

TM, ETM+, 

L8 OLI; 

Worldview-2 

Unsupervised Zambezi River Delta Net increase 3723 ha  

over 19 years 

5 Peninsular 

Malaysia 

 

 Kanniah et al. 

2015 

TM, ETM+, 

OLI (1989-

2014) 

Max likelihood, 

Support Vector  

Machine 

The Iskandar Malaysia  lost 6740 ha of  

mangrove areas from  

1989 to 2014 

6 China Li et al. 

(2013) 

MSS, TM, 

ETM+ (1977-

2010) 

Unsupervised Guangdong province of 

Southern China 

Decreased sharply (1977-

1991) due to deforestation, 

and increased (1977 to 1991) 

Due to afforestation  

7 Indonesia Ramdani et al. 

2015  

ETM+, L8OLI  

(2002-2013) 

NDVI, Supervised 

Classification 

Maros Regency, South 

Sulawesi Province 

Decreased mangroves due to 

fish pond activity 

8 Thailand Sremongkonti

p et al. 2000 

TM (1988-

1996) 

Max likelihood Bang-Toey sub-district, 

Phang-Nga Province 

degradation of mangrove and 

ecological disturbance. 

9 Madagascar Jonese et al. 

2016 

TM, ETM+ 

(1990-2010) 

 

supervised and 

unsupervised 

Ambaro-Ambanja bays, 

Mahajamba Bay 

Mahajamba Bay, 

Tsiribihina-Manambolo 

Delta  

nation–wide net loss of 21% 

(i.e., 57,359 ha) from 1990 to 

2010 

 

10 Vietnam Nguyen-

Thanh Son 

(2015) 

MSS,TM, 

ETM+ 

 (1979-2013) 

Object-based 

image analysis 

Ca Mau province, 

southernmost 

Vietnam 

Decreased 74 % from 1979 to 

2013 

11 Vietnam  Dat Pham et 

al. (2015) 

TM, ETM+, 

OLI (1989-

2013) 

supervised Hai Phong 

city, 

1989 to 2001 and 

gain from 2001 to 2013. 

12 Honduras Chi-Farn 

Chen et al. 

(2013) 

TM, ETM+, 

OLI (1985-

2013) 

Unsupervised  

Otsu’s method 

Choluteca and Valle 

department (Gulf 

of Fonseca) 

1985 to 2013, approximately 

11.9% of the mangrove 

forests were transformed 

14 Myanmar Chiang et al. 

(2015)  

TM, ETM+, 

L8 OLI 

Cellular Automata 

(CA) algorithm 

Irrawaddy Delta 26.7% decreased between 

1989 and 2014 

 

 



 

11 
 

Table.3: Review summary of the main time-series study of mangrove forests in Bangladesh 

(S.N. means Serial Number) 

S. 

N. 

Country References Satellite 

Data 

(Landsat) 

Classification  

Techniques 

Locations Main Findings 

1 Bangladesh Emch et al. 

2007 

TM, ETM+ 

(1989-

2000) 

NDVI, Max 

like,  

Subpixel 

South-west 

(Sundarbans) 

Deforested areas 

are southeastern 

comer and the 

western edge  

2 Giri et al. 

2007 

MSS, TM, 

ETM+ 

(1973-

2000) 

Supervised  India-

Bangladesh  

(Sundarbans) 

Mangrove forest 

changed 1.2% in 

last 25 years 

3 Rahman, 

M.M. 2012 

MSS, 

TM,ETM+  

(1973-

2010) 

Max likelihood South-west 

(Sundarbans) 

 

Erosion rate of 

Sundarbans  

western part is 

high(15mm/year) 

than eastern part 

(14mm/year)  

4 Islam, M.T. 

2014 

MSS, TM, 

ETM+ 

(1975-

2006) 

NDVI India-

Bangladesh  

(Sundarbans) 

19.3% forest 

decreased in 1989 

due to cyclone in 

1977 and 1988 

5 Akhter, M. 

2006 

TM, ETM+  

(1989-

2000) 

NDVI Central 

Sundarbans 

Mangrove changes 

occur due to illegal 

removal of trees 

from the forest 

6 Bhowmik et 

al. (2013) 

ETM+  

(2007-

2010) 

Unsupervised, 

NDVI 

South-west 

(Sundarbans) 

2500sq.km 

mangrove forest 

affected by cyclone 

SIDR in 2007 
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Chapter Three- 

Methodology 
 

3.1 Study Area 

The study area is located in the southern coastal belt in Bangladesh. It extends to the 

southwest part called Sundarbans, and to the southeast coastal belt of Noakhali and 

Chittagong regions to the Cox's Bazar (Figure.4). The study area covers about 18785.01 km². 

Sundarbans covers the largest part of the mangrove forest in Bangladesh. Mangroves are also 

found in the southeast part of the country in Cox's Bazar, the Chakaria Sundarbans, and 

Moheshkhali Island.  

 

The dominating tree species are Sundari (Heritiera minor, Figure.5) and Gewa (Excoecaria 

agallocha). Other common species are Passur (Xylocarpus moluccensis), Goran (Ceriops 

roxburghiana), kankra (Bruguiera gymnorhiza), keora (Sonneratia apetala) and baen 

(Avicennia officinalis) (FAO, 1981). Tree heights vary with geographical regions in the study 

area. Mangrove heights variation in Sundarbans range from 0-5 m (south central, northwest), 

from 5-10 (southwest) and 10-15 m (north to southeast). These mangrove height variations 

are adopted from European Space Agency (ESA) satellite map (ESA, 2015). Tree height also 

varies based on species types. Sundarbans south-central is Sundari-gewa dominant; South-

west is Goran-gewa dominant, Sundari and geoa dominant (CEGIS 2007). However, outside 

Sundarbans average, mangrove forest height varies from 0 to 12.8 m in Mirersarai at 

Chittagong (Uddin et al., 2014). 

 

The study area lies between 89°1' 43.19'' E and 21°55 ' 10.32'' N and between 92° 24' 48.71'' 

E, and 20° 32' 53.48'' N. The study area is topographically flat land, and average rainfall in 

this coastal region is about 700 mm per year. Rainfall season in the study area starts from 

mid-May to late October. Figure 6 shows June-August occurred the highest rainfall varies 

between 430-550 mm and temperature ranges from 27-28°C from 1900 to 2012. Climate 

(rainfall, sufficient sunlight), mudflats and estuarine deltas, soil pattern (Unripened soil, 

ripening soil, Organic soil), storm and wind act as a seed spreading and pollination, nutrients, 

saline water, high tide and ocean current and sedimentation and freshwater flow from 

upstream such as mangroves of Bangladesh (Islam, M.S., 2001; Aziz et al., 2015) are the 

general conditions for growth and development of mangrove ecosystems.  
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Figure.4: Study area and distribution of Mangroves (Data Source: unep-wcmc.org, Base map 

from ESRI). 

  
5a      5b 

Figure.5: A typical example of Mangrove ecosystem characteristics in the study area (Nipa 

Fruticans locally called Golpata in 5a and Sundari trees root in 5b). The photograph was 

taken by Author in 2011 at Satkhira Sundarbans part. 
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Figure.6: Mean monthly temperature and rainfall pattern at location 21.97° N, 89.95° E in 

the study area (Data was collected from World Bank climate portal).  

 

3.2 Landsat Time Series Preparation 

Figure.13 (methodological flowchart of the study) summarizes the steps of Landsat time 

series preparation, sample collection, classification, change detection and accuracy 

assessment. 

 

3.2.1. Image collection 

In this study, twenty-eight level-1 Terrain corrected (L1T) Landsat scenes (for example of 

Landsat scene, see Figure.8) were collected from USGS Earth observation website (USGS, 

2016a)
. 

The Landsat scenes fall into two Worldwide Reference System (Figure.7).  The 

scenes were collected from four-time epochs (1976, 1989, 2000, and 2015). Each epoch 

consists of seven Landsat scenes. The images were obtained mainly from the cold-dry season 

(November to March) and with a two years’ time interval within in each epoch (Table S1 in 

appendix-A)). Four images (out of 28 images) were collected in leaf fall (acquired image 

time in November,) in Bangladesh, November-December is considered as the leaf fall season. 

Those images were chosen because there were rare cloud-free images found in leaf on time 

and maximum leaf fall started in December (no images was selected at this time). The rest of 

the images were collected from the leaf-on the season in Bangladesh. The cold-dry season 

(November-March) is selected in most of the mangrove studies (Giri et al., 2007; Rahman et 

al., 2013) in the study area.  The study area’s dominant mangroves are evergreen and the 

leaf-fall (not leaf-off like as forests such as Oaks in Northern latitudes) time is November-

December. The Mangroves are mainly evergreen forest and leaves have a longer life span 
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that varies from one to five years (Nitta, I. and Ohsawa, M., 1997). Mangrove forest leaves 

are not off during the leaf-fall season.  For instance, in present study area, most of the 

dominating tree species are evergreen such as Sundari (Heritiera minor), Goran (Ceriops 

roxburghiana), kankra (Bruguiera gymnorhiza), keora (Sonneratia apetala) (Rahman et al. 

2015). The study assumed that there are no leaf-off effects in the time-series analysis. 

Cloud-free images were only available for Landsat MSS, TM, and ETM+. There were no 

cloud-free images found for Landsat-8 (launched recently in 2013) in the study area. Only 

images having a cloud cover of less than 0.2% (Table.S1 in appendix-A) were carefully 

selected to be used here. The cloud found outside of the mangrove regions.  

 

Figure.7: Path/Row (7b and 7c) of the acquired Landsat Scenes in the study area (7a). 

Path/Row number is the Indexing system for locating Landsat scenes (LDEO, 1998) and 

Path/Row number individually identifies a scene center (Baumann, P.R., 2010). 
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Figure.8: An example of some scenes used in the study (MSS (1976) band 321, TM (1989) 

band 432, ETM+ (2000) band 432, L8 OLI (2015) band 543). For the band, explanation sees 

in Table S2 (in the appendix-A). Here, Red color represents Near Infrared wavelength where 

plant chlorophyll reflects near infrared energy. Blue color represents green and blue 

wavelength reflects by water bodies. 

 

3.2.2 Image Co-registration, Ortho-rectification, and Re-sampling 

To perform image co-registration is time-consuming, but essential step in time-series studies 

(Gao et al., 2009). Co-registration has been done based on pairs of the image. Here, Landsat 

7 ETM+ of each path/row image was used as a base image and the other image was used as 

warp image (Figure. 9). Tie points are pairs of pixels consistent with the same locations of 

images overlap areas (Harris geospatial solutions, 2016). This tie point selection has been 

made by using Fast Fourier Transform (FFT) based algorithm in ENVI. However, for some 

images, some manual tie point selected first and used the automatic function for more tie 

point selection. At least 25 Tie points were chosen for each pair of images, resulting in an 

RMSE of less than 0.5 (means half of the size of pixel resolution) (Table S3 in appendix-A). 

Ortho-rectification is used to reduce pixel error caused by the off-nadir viewing of 

topography and is measured by using geoid height, earth model, co-registered image (Huang 

et al., 2009; Gao et al., 2009). Although all of the Landsat images were already Ortho-

rectified, additional corrections were necessary for Landsat MSS images to improve 

geometric consistency (Pflugmacher et al., 2012). Only resampling techniques were applied 

for Landsat MSS images to convert spatial/pixel resolution from 60 m to 30 m (Pflugmacher 

et al., 2014). Here, the Cubic convolution method was used for resampling (Giri et al. 2007).  
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(a) Base image (ETM+P137 R45; 2000-11-26) 

 

  

(b) Warp image (L8 OLI P137 R45; 2015-03-17) 

 

 

(c) Base image (ETM+P137 R45; 2000-11-26)         (d) Warp image (L8 OLI P137 R45; 2015-03-17) 

Figure.9: Co-registration tie points of pair images (a) and (b) show enough tie points found; (c) and 

(d) show for clear view of tie point location 
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This method produces a smoother image than for instance the nearest neighborhood method. 

It has no stair-stepped effect (break up of image features) like nearest neighboring approach 

(Baboo, S.S., and Devi, M.R., 2010). Cubic convolution uses the nearest sixteenth pixels 

weighted average to the focal cell. The first order (linear) polynomial equation was used in 

image Co-registration. This polynomial function is suitable for image adjustment of Landsat 

images rather than quadratic and cubic polynomial (Mohammed, N.Z. and Eisa Eiman, A.E., 

2013). 

 

3.2.3 Radiometric Calibration 

Radiometric characterization and calibration are required to get high quality and downstream 

images (Chander et al., 2009). Radiometric calibration is done in two step process using 

Markham and Barker equation (1986)- 

  

a. Conversion of Digital Number (DN) to Radiance: The equation is- 

Lλ=Gainλ*DNλ+ Biasλ                                               (1) 

                      

 Where Lλ is the at-satellite radiance, Symbol λ refers to spectral band λ;  

                                   gain and biases are provided in the header file.  

 

In previous times, the spectral radiance unit of [mW/( m
2
 sr μm)] was used for MSS and TM, 

but to maintain consistency with ETM+,  and later for Landsat 8 OLI spectral radiance, units 

of, [W m
-2 

sr
-1

 μm
-1

] are now used (Landsat 8 Data User Handbook, USGS, 2016b) 

 

b. Conversion of radiance to TOA Reflectance: The Top of Atmospheric Reflectance 

of the earth is calculated by following equations- 
 
For MSS, TM, ETM+ 

 

                                      ρ λ = (π*Lλ*d2)/(ESUN λ*cos θ s)      (2) 

 

              For OLI- 

     ρλ = ρλ ' /sin(θ) = (M*Qcal + A)/ sin(θ)    (3) 

 

Where,  

           ρλ= Planetary TOA reflectance [unitless] 

                π= Mathematical constant equal to 3.1416 [unitless] 

Lλ= Spectral radiance at the sensor's aperture [W/(m2 sr μm)] 

d= Earth–Solar distance (astronomical units) 

ESUNλ= Mean exoatmospheric solar irradiance [W/(m2 μm)] 

θs= Solar zenith angle [degrees] 

ρλ' = Top-of-Atmospheric Spectral Reflectance, without correction for solar 

angle. (Unitless)  

M = Reflectance multiplicative scaling factor for the band 

(REFLECTANCEW_MULT_BAND_n from the metadata).  
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A = Reflectance additive scaling factor for the band 

(REFLECTANCE_ADD_BAND_N from the metadata).  

         Qcal = Level 1 pixel value in DN                

              θ = Solar Elevation Angle (from the metadata, or calculated). 

 

ENVI 5.1v Software (Exelis Visual information solutions, 2016) automatically used 

equation-1 to convert DN value to radiance. Then radiance was converted to Top of 

atmospheric reflectance (TOARef) automatically in ENVI using equation-2 and equation-3 

(see chapter two). The process is often called first order normalization (Huang et al., 2001). 

 

3.2.4 Atmospheric Correction 

For accurate absolute atmospheric correction in-situ, atmospheric measurements are needed 

to be done during satellite image capturing time. Atmospheric measurements are not possible 

all the time, and therefore, a radiative transfer code (RTC) is required to remove atmospheric 

effects (Chávez 1996). However, the radiative transfer codes are used for scan-off line and 

look up table for scan on-line corrections (Liang et al., 2001; Chander et al., 2009). It is a 

difficult task to estimate atmospheric parameters from the imagery (Liang et al., 2001).  In 

this case, the dark object subtraction technique (DOS), which is an image-based procedure, 

can be applied. This application is straight forward and requires an in-situ field measurement 

is not mandatory (Chávez 1996). This method assumes that some pixels of the existing 

features in a satellite image have zero reflectance, for example, shadow, clear and deep water; 

and the recorded signal from those features is due to atmospheric scattering (Chávez 1996). 

 

In this study, a most common absolute atmospheric method called Dark Object Subtraction 

(DOS) method using ENVI 5.1v software was used to convert at-satellite reflectance to 

surface reflectance. A dark object subtraction method uses the darkest pixels (red circle in 

Figure.10) in the image by subtracting their values from all other pixels. This method can be 

used to remove atmospheric effects such as scattering effects (Figure.10) using pixels from 

the second image. The purpose of Dark Object Subtraction (DOS) is to eliminate atmospheric 

effects such as scattering from the imagery and used to get good result of vegetation indices 

(e.g. NDVI) to monitor vegetation dynamics. NDVI at the canopy level is always higher than 

at the top of the atmosphere.  
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Before DOS L8 (band 543)   DOS (using grayscale (band 1) After DOS (band 543) 

 

Figure.10 shows Dark Object Subtraction method (left image show before DOS, red circle of 

middle image indicates dark object, right image shows noise and brightness change after 

atmospheric correction) 

 

3.2.5 Relative Radiometric Normalization 

Relative radiometric normalization does not need any physical atmospheric data at the 

moment the satellite image was acquired. Relative normalization corrects disturbance factors 

such as sensor response, noise, etc. Schroeder et al. (2006) used this approaches for Landsat-

time series analysis, and they concluded that the benefits of applying this approaches are the 

reliance on the more reliable relative normalization process to produce an improved temporal 

common scale, while afterward converting all images in a time-series to units of surface 

reflectance. Relative radiometric normalization using pseudo-invariant features (PIFs) are 

mainly developed by Schott et al., (1988) and later used by manual selection e.g. Schroeder 

et al., (2006); Wulder et al., (2004) and by automatic selection using Multivariate alteration 

detection (MAD) transformation e.g. Schroeder et al., (2006); Canty & Nielsen, (2004). 

Pseudo-invariant features are those features in the image where reflectance properties are the 

same over longer time periods, such as water, forest, lava, urban, bare ground, rock, dune, 

quarries, and gravel pits have uniform reflectance over time (Eckhardt et al., 1990). Relative 

normalization produces consistent results across scenes, and it depends on the accuracy of 

PIFs (Pseudo-invariant Features) selection and reference image correction.  

 

In this study, PIFs were carefully selected by hand and results gave good accuracy (Table 4). 

Sediment in water might affect during the dark object selection in atmospheric correction, 

and Relative normalization from the absolute corrected (DOS) images was performed here to 

reduce this effect (see Figure.S2 in appendix-A).  Here, Relative normalization was 

performed in three steps.  

 Firstly, atmospherically corrected Landsat ETM+ (2000) images were selected as a 

reference image. ETM+ images were selected as reference image because of their 
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high radiometric quality, the fact that they move relatively cloud free and the time 

begin in the middle of the time-series.  

 Secondly, so-called “pseudo-invariant features” (PIFs) were extracted from the 

images. They are named invariant since the reflectance is stable (does not vary) over 

time, and “pseudo” because this is (naturally) not entirely true. In this method, 50 

(PIFs) for each image band were selected, based on the spectral brightness, 25 dark 

(water, forest) and 25 Bright (coastal land, bareland, etc.) using BEAM VISAT 5.0v 

software. After the PIFs selection, the pixel values were extracted on a band by band 

basis, and total 1150 PIFS were selected from twenty- eight images (4bands*50 PIFs 

+6 bands*50 PIFs +6 bands*50 PIFs +7 bands*50 PIFs). Figure.11 shows an example 

of the PIFs collection from the ETM+ Landsat scene. All the pixel values from the 

selected PIFs were exported to an Excel sheet for further processing. A form of 

regression analyses (Table. 4) named “Reduced major axis regression” (RMA), was 

performed to normalize the images on a band-by-band basis. The RMA method was 

presented by Bohonak (2004) and was developed by Cantey et al. (2004) and used by 

Schorder et al., (2006).  

 Thirdly, Landsat TM, ETM+, L8 OLI images were normalized using regression 

coefficient. 

 
           Figure.11: Spatial location of hand selected Pseudo-invariant features (PIFs) of  

           Landsat ETM+ (P134 R45) images  
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Table.4: Results of regression coefficient using pseudo-invariant Feature (PIFs) after 

Reduced Major Axis Regression (RMA). ETM+ (Path 138/Row 45) used as reference image 

and MSS, TM, ETM+ used to calculate RMA 

Landsat Scene Band RMA 

Intercept 

RMA 

Slope 

R² St. Error 

RMA 

St. Error 

Slope 

MSS Path 

148 

Row 45 

1 -3.456e-03 1.31                0.60 4.214e-03                 0.12 

2 -1.422e-03                 1.60           0.65 5.099e-03               0.13 

3 8.099e-03 0.64 0.94 3.300e-03 0.02 

4 -4.818e-03                0.83             0.97 3.443-03                0.02 

TM Path 

138 

Row145 

1 -4.205e-03 1.65 0.64 2.157e-03 0.15 

2 -6.793e-03                 1.37               0.55 4.382e-03                 0.13 

3 -7.684e-03                 1.60                0.68 4.867e-03                 0.13 

4  1.296e-03 0.74            0.96 3.074e-03          0.02 

5 -1.511e-03 1.43 0.94 4.795e-03 0.04 

L8 OLI Path 

138 

Row145 

2 -7.491e-04 1.30 0.59 4.060e-03 0.12 

3 -9.454e-03                 1.31                 0.61 4.111e-03                 0.11 

4 -4.305e-03                 1.66                0.65 5.381e-03                 0.14 

5 -5495e-03                0.49                 0.83 4.156e-03                 0.15 

6 -6.594e-03 1.153 0.847 5.831e-03 0.07 

7 -6.665e-03 0.9867 0.844 5.108e-03 0.06 

 

 

3.2.6. Cloud Masking 

Cloud is a big problem for time-series analysis of satellite images.  Cloud masking was not 

performed for Landsat MSS, TM, and ETM+ images because these images were free from 

clouds. Recently launched Landsat 8 images have a quality band which is used to cloud 

detection and clouds remove (USGS 2016c). Cloud masking for Landsat 8 OLI images was 

accomplished using quality assessment band (downloaded with L8 images). Cloud shadow 

masking was not done because the minimum amount of clouds present, were found outside 

the Mangrove forest regions. 

 

3.3 Normalized Difference Vegetation Index (NDVI) Calculation 

Chlorophyll in plant leaves pigment absorbs visible light (from 0.4 to 0.7 µm) for 

photosynthesis, and plant leaves reflect near-infrared light (from 0.7 to 1.1 µm) due to the 

inner structure of the leaves. 

Normalized Difference Vegetation Index (NDVI) was calculated from the NIR and Red 

bands using Eq. 4  

NDVI = (NIR Band –Red Band)/ (NIR Band + Red Band)   (4) 

 

An NDVI value varies between -1 to +1.  
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3.4 Mosaicking 

BTM is conformal cylindrical projection, and it preserves the shape and is the most likely to 

be accurate for the areas close to the equator. And the fact that the study area falls into two 

Universal Transverse Mercator (UTM) zone 45 and 46. This could lead error in projection 

accuracy and can introduce bias in mangrove classification accuracy (Giri et al., 2007) and to 

avoid this problem all images were projected to local projection (developed by Bangladesh 

Flood Action Plan 19) system called Bangladesh Transverse Mercator (BTM) Projection 

before mosaicking. Seamless mosaicking was performed to mosaic each epoch of Landsat 

images.  

 

3.5 NDVI Change Detection 

NDVI change detection was carried out by image differencing techniques using threshold 

values. In total, ten threshold values (see Figure.26) were determined to identify the 

minimum reflectance variation considered to represent a change in vegetation properties. In 

this case, more threshold values gave more spatial NDVI difference (level of details) in the 

study area. Maps were produced to display the change in vegetation characteristics from 1976 

to 1989, from 1989 to 2000 and from 2000 to 2015 in Sundarbans.  

 

3.6 Sample Collection 

Training samples were selected from the images by careful investigation of homogeneous 

pixels of Land use/Land cover (LULC) class (Mangroves, Non-mangrove, Water bodies, 

Bare land, Shrimp & Salt Farm). Google earth was used as a reference to identify the actual 

LULC class. Test samples (points) were collected manually for better classification of the 

images and used the simple random sampling techniques for the validation. Validation 

samples (points) were used for classification accuracy.  Here, sampling areas (polygon data) 

was not used for sampling selection because it could lead to optimistic bias in the supervised 

image classification (Hammond et al., 1996, Friedl et al., 2000, Zhen et al., 2013). A total 

324 of training samples (162 points for test and 162 points for validation) have been collected 

from the study area (Figure.12).  
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Figure.12: Location and sampling distribution of the study area. Here, Light green color 

represents test samples and violet color represents validation samples respectively. The 

manual selection was performed to select test samples, and a simple random sampling 

technique was used for validation.  The Image shows Landsat 8 OLI 543 (Near-Infrared, Red, 

and Green) band combination.  

The training samples were distributed among the land-use classes as follows: 45 samples for 

mangroves, 58 for water bodies, 32 for non-mangrove vegetation, 12 for bare land, and 15 for 

shrimp & salt farm. Test samples were used for LULC classification. An equal amount of 

samples was picked in each class for the validation samples. The selection of test and 

validation points is dependent on the variation of reflectance within the land use class. Here, 

a larger number of points were selected for mangroves because this is the primary focus of 

the study and water bodies (because the variation of water reflectance due to shrimp & salt 

farming) and the variation of extent is expected to change between water and mangrove, not 

between bare land and mangrove. 

 

In the study area, the water body color is different in coastal regions than in the open sea, due 

to the sedimentation that occurs nearer to the coasts and the open sea. Another problem is that 

some agricultural fields, bare land areas show similar spectral properties.  
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3.7 Supervised Classification 

In supervised classification, known classes are used to classify unknown areas/pixels in the 

whole images (Campbell, 2002b), and the user selects training sites where software uses 

these training sites to classify the images. Maximum likelihood is a traditional supervised 

classification method used in mangrove change detection studies (Kanniah et al., 2015; Jones 

et al., 2016; Pham & Yoshino 2015; Giri et al., 2007).  Maximum Likelihood supervised 

classification was applied for the land use/land cover classification of the study area. Four 

land use/land cover (LULC) classification maps were made (1976, 1989, 2000 and 2015). 

This classification assumes the probability of a specific pixel goes to a particular class using 

by probability density function. This parametric method is most accurate and considers 

variability in the classification. For example, if an unknown pixel has brightness values 

within the mangrove spectral region, it has the highest probability of being mangrove forest. 

Other parametric rules such as maximum distance classifier (calculate pixels based on the 

spectral distance between candidate pixels and mean signature value of each class) do not 

incorporate the same signature variability.  

 

3.8 Change Detection 

Change detection can be applied by using cross-tabulation techniques (El-Hattab, M.M., 

2016, Alphan, H., Doygun, H. and Unlukaplan, Y.I., 2009) or by subtraction of classified 

images from one to another (Erener, A. and Düzgün, H.S., 2009, Mas, J.F., 1999). Change 

detection was performed by subtracting (image subtraction method for mangrove study used 

by e.g. Giri, C. and Muhlhausen, J., 2008) the classification maps of 1976 from 1989, 1989 

from 2000, and 2000 from 2015 by using raster calculator in ArcGIS. Two Areas of Interest 

(AOI) called Kalir Char, and Feni-Chittagong were selected for Change detection analysis.  

 

3.9 Accuracy Assessment 

Accuracy assessment was done using confusion matrix (by overall accuracy, producer’s 

accuracy, user’s accuracy) and Kappa Coefficient (Giri et al., 2007; Kanniah et al., 2015, 

Long et al., 2011). The user accuracy represents the probability that a point randomly chose 

on the map has the same value in the field. For instance, Users accuracy of ETM+ images 

showed that the probability of randomly selected point of mangrove sample on the map has 

88.89% same value in the field. The producer accuracy is the contrary. It represents the 

probability that a point randomly selected on the field will be correctly mapped on the map. 
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So for instance, Producer’s accuracy of ETM+ images showed that the probability of 

randomly chosen of mangrove sample point on the field has 86.96% correctly mapped on the 

map. User’s and producer’s accuracy measures errors of commission and errors of omission 

present in the classification. The overall accuracy of classification is estimated by summing 

the corrected classified pixels and dividing by the total number of pixels. Overall accuracy 

does not incorporate off-diagonal elements (omission and commission errors), but kappa 

coefficient indirectly includes of this element as a product of the row and column marginals 

(Congalton 1991). Kappa is used to determine if the values contain in confusion matrix 

represents the results significantly better than the random. Kappa coefficient range from 0-1, 

where zero (0) accounts for no agreement, and 1 accounts for a perfect agreement between 

reality and or the classified images. In that case, this study has 0.7-0.96 kappa value which 

means classification results close to perfect agreement between reality and or the classified 

images.  

 

The following equation (5) from Congalton (1991) was used for kappa coefficient 

calculation. 

 

𝐾^ =
∑ 𝑥𝑖𝑖−𝑟

𝑖=1 ∑ (𝑥𝑖+ ∗𝑥+𝑖)𝑟
𝑖=1

𝑁2−∑ (𝑥𝑖+ ∗𝑥+𝑖)𝑟
𝑖=1

                 (5) 

Here, 

K^ = Kappa Coefficient 

r = Number of Rows in the Matrix 

xii = Number of rows in row i and column i 

xi+ and x+i =Marginal totals of row i and column i 

N = Total Number of observations 
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Figure.13: A Methodological flowchart of the study  
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Chapter Four -  

Results  
 This classification was used to determine the extent of the Mangrove forests, and how this 

extent has varied in relation to the other land use classes within the studied time periods. 

Further, a vegetation index (NDVI) was computed, aiming to achieve an estimate on how the 

density of the forests may have varied within the studied time periods.  

4.1 Accuracy Assessment  

Tables (5-8) depicts producers' and user's accuracy. Mangroves,  waterbodies,  non-

mangroves and shrimp & salt farms produced higher user and producer accuracies. 

Mangroves produced 100%, 88.89%, 91.11%, 86.67% producer's accuracy and 97.83%, 

86.96%, 89.13%, 90.70% user accuracy for 2015, 2000, 1989, and 1976 epoch. This result 

indicates that mangroves were well classified. However, Bareland producers and users 

accuracy are lower than the other classes due to some bareland spectrally similar to non-

mangrove vegetation.  

 

The overall accuracy of Landsat 8 OLI, ETM+, TM,MSS classified images were found 

97%,87%, 80%, 80% respectively. The kappa Coefficient of these  images were 0.96, 0.82, 

0.73, 0.74. 

 

Table.5: Confusion Matrix of L8 OLI (2015) images represents classification accuracy of 

Supervised classification. The values represent points. The columns represent the actual 

values, and the rows represent the classified values.   

        Class       

Class 

Mangroves Water- 

bodies 

Non- 

Mangrove 

Bare- 

land 

Shrimp 

& Salt 

Farm 

Row 

Total 

Producer's 

Accuracy (%) 

User's 

Accuracy (%) 

Mangroves 45 0 0 1 0 46 100 97.83 

Water bodies 0 57 0 1 0 58 98.28 98.28 

Non-Mangrove 0 0 30 0 0 30 93.75 100 

Bare land 0 1 2 10 0 13 83.33 76.92 

Shrimp & salt 

Farm 

0 0 0 0 15 15 100 100 

Column Total 45 58 32 12 15 162   

Overall Accuracy = 96.91% Overall Kappa = 0.96 
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Table.6: Confusion Matrix of ETM + (2000) images represents classification accuracy of 

Supervised classification.  The values represent points. The columns represent the actual 

values, and the rows represent the classified values. 

        Class       

Class 

Mangroves Water- 

bodies 

Non- 

Mangrove 

Bare- 

land 

Shrimp 

& Salt 

Farm 

Row 

Total 

Producer's 

Accuracy (%) 

User's 

Accuracy (%) 

Mangroves 40 0 5 1 0 46 88.89 86.96 

Water bodies 0 55 0 3 0 58 94.82 94.82 

Non-Mangrove 1 2 27 0 0 30 84.38 90.00 

Bare land 0 0 0 8 5 13 66.67 61.53 

Shrimp & salt 

Farm 

4 1 0 0 10 15 66.67 66.67 

Column Total 45 58 32 12 15 162   

Overall Accuracy = 87% Overall Kappa = 0.82 

 

Table.7: Confusion Matrix of TM (1989) images represents classification accuracy of 

Supervised classification.  The values represent points. The columns represent the actual 

values, and the rows represent the classified values. 

        Class       

Class 

Mangroves Water- 

bodies 

Non- 

Mangrove 

Bare- 

land 

Shrimp 

& Salt 

Farm 

Row 

Total 

Producer's 

Accuracy (%) 

User's 

Accuracy (%) 

Mangroves 41 2 3 0 0 46 91.11 89.13 

Water bodies 3 50 0 5 0 58 86.20 86.20 

Non-Mangrove 0 5 22 3 0 30 68.75 73.33 

Bare land 0 0 7 4 2 13 33.33 30.77 

Shrimp & salt 

Farm 

4 1 0 0 13 15 86.67 86.67 

Column Total 45 58 32 12 15 162   

Overall Accuracy = 80.24% Overall Kappa = 0.73 

 

Table.8: Confusion Matrix of MSS (1976) images represents classification accuracy of 

Supervised classification.  The values represent points. The columns represent the actual 

values, and the rows represent the classified values. 

        Class       

Class 

Mangroves Water- 

bodies 

Non- 

Mangrove 

Bare- 

land 

Shrimp 

& Salt 

Farm 

Row 

Total 

Producer's 

Accuracy (%) 

User's 

Accuracy (%) 

Mangroves 39 0 4 0 0 43 86.67 90.70 

Water bodies 2 48 0 0 0 50 82.76 96 

Non-Mangrove 4 4 21 2 0 31 65.62 67.74 

Bare land 0 6 7 9 2 24 75 37.5 

Shrimp & salt 

Farm 

0 0 0 1 13 14 86.67 92.86 

Column Total 45 58 32 12 15 162   

Overall Accuracy = 80% Overall Kappa = 0.74 
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4.2 A general perspective regarding variations of the extent and density of the 

Mangrove forests 

The maps present the extent of Mangrove forests (after normalization and classification into 

the different land use classes) in 1976, 1989, 2000, and 2015 (Figure.15-18). The Mangroves 

area was increased gradually from 1976 to 2015 in Bangladesh (Figure.14). The mangroves 

in the Sundarbans area remain almost unchanged (400212 ha to 408912 ha) from 1976 to 

2015, while a gradual increase is found in the central part of the study area such as 

Patuakhali-Bhola, Noakhali, Feni-Chittagong coast. Moreover, the extent of shrimp & salt 

farms has also increased in Chakaria in this period. Looking at the variations between the 

individual time steps, Patuakhali-Bhola has gained mangroves from 1976 to 1989 (Figure.15-

16), while the extent of waterbodies have decreased (1125358 ha to 1039373 ha) and land 

areas increased (Table 9).   

 

 

Figure.14: Increases of the Mangrove forest over the last forty years from 1976 to 2015 

 

The highest density of mangroves was estimated from the NDVI measurements recorded in 

the Sundarbans area in 1976 (Figure.19), but a decrease in density was discovered in central 

Sundarbans in 1989 (Figure.20). An increase in density 2000 (Figure.21) while finally 

another decrease in 2015, indicates fluctuations of density within the Sundarbans.  However, 

there has been a high vegetation density (mangroves and non-mangroves) observed in 

Noakhali-Feni-Chittagong coast in 2015 (Figure.22). A medium density of mangroves was 

revealed in Chakaria in 1976, following a notable change (negative) from 1989 to 2015. 

These indicate that the mangrove forests decreased in this area after 1976. Figure.19-22 are 

represented these fluctuations.   
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Figure.15: Supervised Landuse/Landcover Classification map of the study area obtained 

from Landsat MSS images: Sundarbans mangrove dominant region, a little mangrove seen in 

Patuakhali-Bhola, and a major proportion of mangrove seen in Chakaria in 1976. 
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Figure.16: Supervised Landuse/Landcover Classification map of the study area obtained 

from Landsat TM images: Sundarbans mangrove dominant region, a remarkable amount of 

mangroves seen in Patuakhali-Bhola, and a major proportion of shrimp & salt farm and a 

small proportion of mangroves (mainly found in the northwest) seen in Chakaria in 1989. 
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Figure.17: Supervised Landuse/Landcover Classification map of the study area obtained 

from Landsat TM images: Sundarbans mangrove dominant region, a remarkable amount of 

mangroves seen in Patuakhali-Bhola, and c) a major proportion of shrimp & salt farm and 

little proportion of mangroves (mainly found in the north-west, and the coast)  seen in 

Chakaria in 2000. 
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Figure.18: Supervised Landuse/Landcover Classification map of the study area obtained 

from Landsat TM images: Sundarbans mangrove dominant region, a remarkable amount of 

mangroves seen in Patuakhali-Bhola, and a major proportion of shrimp & salt farm and a 

tiny proportion of mangroves (mainly found on the coast)  seen in Chakaria in 2015. 
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Figure.19: NDVI map in 1976 shows high vegetation (mangrove) density in Sundarbans, medium density in Chakaria 
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Figure.20: NDVI map in 1989 shows decrease of vegetation (mangrove) density in central Sundarbans, low density in Chakaria 
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Figure.21: NDVI map in 2000 shows moderate vegetation (mangrove) density in Sundarbans, low density in Chakaria 
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Figure.22: NDVImap in 2015 shows decrease of vegetation (mangrove) density in Sundarbans, high density in Feni-Chittagong
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4.3. Variations of the extent of the mangrove forests  

4.3.1 Variations in land use/ land cover (classification) 

Figure.15-18 shows five land use class in the study area between 1976 and 2015. Table.9 

reveals that over the last forty years (from 1976 to 2015), Bangladesh gained 58140 hectares 

of mangrove forests. If we assume equal yearly increase, this would mean an increase of 

2240 ha per year between 2000 and 2015. Regarding proportions, mangroves have been 

found statistically significant increased 1.36%, decreased 0.05%, and increased 1.79% 

between 1976 and 1989, 1989 and 2000, and from 2000 to 2015, respectively (Table.9). 

Shrimp & salt farms, however, decreased by 14675 ha from 1976 to 1989, while increased by 

60220 ha from 1989 to 2000, following a decline of 27987 ha from 2000 to 2015.  Areas of 

waterbody displayed a remarkable decrease by 85985 ha from 1976 to 1989, while a slight 

increase between 1989 and 2000 was noticed, following a decline of 68729 ha from 2000 to 

2015 (Table.10).   

Table.9: The extent of land use/land cover in the study area classified using the ‘Maximum 

likelihood’ algorithm on the satellite images (1976, 1989, 2000 and 2015), in hectares (ha) 

and as a percentage of all land use/land cover classes.  

Land use/land 

cover class- 

satellite image 

1976 1989 2000 2015 

(ha) (%) (ha) (%) (ha) (%) (ha) (%) 

Mangroves 436617 23.24 462182 24.60 461170 24.55 494757 26.34 

Water bodies 1125358  59.90  1039373 55.32 1054153 56.11 985424 52.46 

Non-Mangrove 249837 13.30 267678 14.25 263213 14.01 290542 15.47 

Bare land 41201 2.20 98455 5.25 28932 1.55 64732    3.44 

Shrimp & salt 

farm 

25488 1.36 10813 0.58 71033 3.78 43046 2.29 

Total Area 1878501 100 1878501 100 1878501 100 1878501 100 

 

Mangrove Changes in Sundarbans 

The Mangrove forests in Sundarbans has remained almost unchanged over the time 

(Table.10, Figure.15-18).There has been approximately 15000 ha mangrove increase between 

1976 and 1989. While between 1989 and 2000, no more changes occurred in Sundarbans. 

However, mangrove forests were decreased from 415910 ha to 408912 ha between 2000 and 

2015. The Non-mangrove changes were followed the same trend as mangrove changes. 

Shrimp & salt farm covered 398 ha in 2015, but no shrimp & salt farm was found in other 

three images (1976, 1989, and 2000). 
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Table.10: Maximum likelihood Land use/ Land cover (LULC) classification results (in 

hectares (ha) and as a percentage of all land use classes )in Sundarban mangrove forest 

between 1976 and 2015. 

LULC 1976 1989 2000  2015  

(ha) (%) (ha) (%) (ha) (%) (ha) (%) 

Mangroves 400212 59.22 415830 61.54 415910 61.55 408912 60.52 

Waterbodies 229200 33.92 239975 35.52 247045 36.56 248895 36.84 

Non-Mangrove 8776 1.30 10493     1.55 10178 1.51 9589 1.41 

Barren land 37587    5.56 9377 1.39 2542 0.38 7881 1.17 

Shrimp & salt 

farm 

0 0 0 0 0 0 398 0.06 

Total 675775 100 675675 100 675675 100 675675 100 

 

Mangrove Changes in Patuakhail-Bhola Coastal region 

According to the classification analysis, the Mangrove forests have increased by 6042 ha to 

16419 ha from 1976 to 2015. Non-mangrove (agriculture, grassland, etc.) vegetation 

increased during the same time (Table.11). There has been a gradual decrease of waterbodies 

from 123796 ha to 102468 ha from 1976 to 2015 (Table.11, Figure.15-18). This area is also a 

highly sedimented zone.  

Table.11: Maximum likelihood Landuse/ Landcover classification results in Patuakhail-

Bhola Coastal region between 1976 and 2015 epoch 

LULC 1976(ha) 1989(ha) 2000(ha) 2015(ha) 

Mangroves 6082 9365 12652 16419 

Non-Mangrove 47904 50090 51942 58752 

Bareland 21 83 0 164 

Waterbodies 123796 118265 113209 102468 

Total 177803 177803 177803 177803 

 

Mangrove Forests Changes in Chakaria Sundarbans  

Supervised classification (Table.12) shows that this area was covered by mangrove forests of 

60% (6097 ha) in 1976. In 1989, there has been a rapid decrease of the mangroves to only 

20% (1962 ha). The mangrove forests were replaced by shrimp & salt farms between 1976 

and 1989. Non-Mangrove (e.g. agriculture ) land also transformed to shrimp and salt farms 

during this period. 
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Table.12: Maximum likelihood Land use/ Land cover classification results in part of  

Chakaria Sundarbans between 1976 and 2015. Here, non-mangrove forest includes 

agricultural areas, forest, and grassland. 

LULC 1976 (ha) 1989 (ha) 2000 (ha) 2015 (ha) 

Mangroves 6097 1962 1959 1761 

Shrimp & Salt farm 0 5925 6623 7276 

Water bodies 1764 1674 979 524 

Non-Mangrove 1700 0 0 0 

Total 9561 9561 9561 9561 

 

The mangroves cover between 1989 and 2000 (Figure.15-18) has remained mainly the same 

except for a little increase in the coast of a southern part in Chawkaria Sundarbans. A small 

change was observed in south and southwest and a middle part between 2000 and 2015 

(Figure.17-18). 

 

Change detection through subtraction 

 A change detection analysis was performed on two areas of interest: Kalir char in the 

Sundarbans and Feni-Chittagong coastal zone in the north-eastern part of the study area. 

These areas of interest were chosen to know how much mangrove change has occurred in the 

Sundarbans and outside the Sundarbans in the study area. In this study, to identify any 

change, the classified maps of 1976 was subtracted from 1989, 1989 from 2000, and 2000 

from 2015. 

 

Kalir Char Area’s Mangrove Change 

 Kalir char area is one of the changing landforms in the study area (Figure.23). This area 

consists of 9797 Ha. About 43% of the mangrove area has remained unchanged between 

1976 and 1989, 1989-2000 and 2000-2015 (Table.13). About 3%  of water bodies has 

changed into mangrove forest in between 1976 and 1989. 11%  of mangrove forests has 

transformed to bareland and waterbodies, respectively, during this period. Between  1989 to 

2000, 6.9% bareland turned into mangroves while a distinguishable proportion (13%)  of 

mangroves transformed into bareland between 2000 and 2015.   
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Table 13. Mangrove Changes in hectares and percentages between 1976 and 1989, 1989-

2000, and 2000-2015 in Kalir Char Area. Note: WB- Waterbodies, M-Mangroves, BL-

Bareland, and WB to WB means no change of waterbodies. 

Mangrove 

Changes 

1976-

1989 

(ha) 

%(change) 1989-2000 

(ha) 

%(change) 2000-2015 

(ha) 

%(change) 

WB to M 295 3 147.15 1.5 196.2 2 

BL to M 0 0 676.17 6.9 0 0 

M to BL 795.3 8 0 0 1320.15 13 

M to WB 298.41 3 167.85 1.7 226.26 2.3 

M (No 

Change) 

4211.46 43 4243.17 43 4199.72 43 

WB to WB 4196.84 43 3981.96 41 3684.92 38 

BL to WB 0 0 580.71 5.9 0 0 

WB to BL 0 0 0 0 169.76 1.7 

Total 9797.01 100 9797.01 100 9797.01 100 

 

 

 

Figure 23. Mangrove Changes in Kalir Char Area between 1976 and 1989, 1989-2000, and 

2000-2015. Note: WB- Waterbodies, M-Mangroves, BL-Bareland 
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Feni-Chittagong Mangrove Change: This area covers 12940 hectares located in the north-

east of the study area. ‘No Change’ of mangrove areas were 5.5%, 30.30%, and 23.09% 

respectively between 1976 and 1989, 1989-2000, and 2000-2015 (Table.14). The highest 

proportion of water bodies was unchanged in these time periods. Between 1976 and 1989, 

17% of the mangroves was gained from the water in this region while between 1989 and 

2000 a little proportion (1.64%) was gained by mangroves from water bodies (Figure.24). 

Again, between 2000 and 2015, mangroves was gained from water (Figure.25). However, 

Between 1989 and 2000, a remarkable proportion of mangroves (7.70%) was lost to 

waterbodies.  

 

Mangrove forests were limited only in Chittagong coast in 1976 but gradually extended into 

feni coast in the north to 2015 (Figure.24-25). 

 

Table 14. Mangrove Changes in hectares and percentages between 1976 and 1989, 1989-

2000, and 2000-2015. Note: WB- Waterbodies, M-Mangroves, BL-Bareland, and WB to WB 

means no change of waterbodies. 

Mangrove 

Change 

1976 and 

1989 (ha) 

% change 1989 and 

2000(ha) 

% 

Change 

2000 and 

2015(ha) 

% Change 

No Change 712 5.5 3921 30.30 2988 23.09 

WB to WB 8919 68.93 7179 55.48 7145 55.21 

BL to BL 0 0 411 3.18 0 0 

M to WB 329 2.55 997 7.70 482 3.72 

WB to M 2179 16.83 213 1.64 2325 17.98 

BL to WB 223 1.71 0 0 0 0 

BL to M 578 4.48 0 0 0 0 

WB to BL 0 0 219 1.70 0 0 

Total 12940 100 12940 100 12940 100 
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Figure 24. Mangrove Changes in Feni-Chittagong between 1976 and 1989, 1989-2000. Note: 

WB- Waterbodies, M-Mangroves, BL-Bareland   

 

Figure 25. Mangrove Changes in Feni-Chittagong between 2000 and 2015. Note that  WB- 

Waterbodies, M-Mangroves, BL-Bareland. 
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4.3.2. Variations in vegetation density (NDVI) for the Mangroves and Non-mangroves 

The NDVI change detection analysis found that the NDVI values vary both temporally and 

spatially in the study area.  

 

Variations in vegetation density (Mangroves) in Sundarbans 

Mangrove forests have been presented here to trace vegetation density variation between 

different time intervals. The NDVI change detection map reveals that vegetation density 

increased in the northeastern part of the Sundarban between 1976 and 1989 epoch 

(Figure.26). However, density has been decreased 79%  (344821ha)  in the corresponding 

period. Vegetation density decrease rate was found in a medium  range from 0.2-0.4 (50%) 

and 0.4-0.6(30%). 

Table.15: NDVI Differencing Results between different epoch (in Sundarbans) 

Difference 

in NDVI 

Change in 

Area  1976-

1989 (ha) 

1976-

1989  

(%) 

change  

Changing 

in Area 

1989-2000 

(ha) 

1989-

2000 

(%) 

Change 

Changing 

in Area  

20010-

2015 (ha) 

 

2000-2015 

 (%) Change 

Increased 

0.8-1 

74.79 0 153.36 0 320.04 0 

Increased 

0.6-0.8 

2527.11 0 2997.45 0 4531.86 3 

Increased 

0.4-0.6 

4511.97 0 15953.4 5 548.9 0 

Increased 

0.2-0.4 

7578.99 0 100277.37 25 2439.54 0 

Increased 

0-0.2 

73005.66 17 185945.58 45 3675.42 0 

Decreased 

0.0-0.2 

226324.17 55 108456.93 25 69620.85 15 

Decreased 

0.2-0.4 

86080.14 20 10103.58 0 218763.09  50 

Decreased 

0.4-0.6 

20077.92 5 3346.38 0 123393.78  30 

Decreased 

0.6-0.8 

11930.22 4 1415.07 0 8937.18 2 

Decreased 

0.8-1 

408.6 0 92.97 0 4844.79 0 

Total 444449.79 100 428742.09 100 437075.45  100 
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Figure.26: NDVI Difference Map between 1976 and 1989 epoch 

On the other hand, between 1989 and 2000 epoch, The NDVI change detection map 

(Figure.27) reveals that mangrove density increased in the north central and central parts of 

the Sundarbans while the density decreased in the western and southeastern parts. 

Table.13shows, 70% (305327 ha of the area) NDVI increased while 28% NDVI dropped in 

this period. However, the NDVI increase rate mainly was found in a medium range from 0.0-

0.4 (45%) and 0.2-0.4(25%). 
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Figure.27: NDVI Difference Map between 1989 and 2000 epoch 

Between 2000 and 2015 epoch, The NDVI change detection map (Figure.28) reveals that 

mangrove density displayed a massive decrease all over the Sundarbans, especially in the 

coast while NDVI density increased. Table.15 shows that 97% area of the Sundarbans lost 

mangrove density in this period.  However, NDVI increased rate mainly found in the medium 

range from 0.0-0.4 (50%) and high 0.2-0.4(30%). 
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Figure.28: NDVI Difference Map between 2000 and 2015 epoch 
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Chapter Five- 

Discussion 

 
5.1 Sources of error and accuracy of the estimation 

An accuracy assessment confirmed that it was possible to mangrove cover estimation within 

other classes in Bangladesh using satellite remote sensing techniques. The accuracy of the 

individual classes well taken how good maximum likelihood algorithm was to separate 

Mangroves and Non-mangrove vegetation and to differentiate mangroves from other LU/LC 

classes. Therefore, Landsat L8 OLI gave higher overall accuracy and kappa value than MSS, 

TM, and ETM+ images using this algorithm.  

 

On the other hand, classification of satellite images for mangroves mapping is not free from 

uncertainty. For example, the absence of appropriate ground reference data, problems in class 

definitions, mixed pixel problems, tidal influence can lead to uncertainty in supervised 

classification (Rocchini et. al., 2012; Saito et. al. 2003; Otero et. al., 2016). Due to time 

limitation and funding, a field survey was not performed to collect training samples. Beside, 

High-resolution satellite images for large-scale time-series study would give higher accuracy 

but would also demand enormously more time and effort. In this study, Google Earth images 

were used to collect training samples (Kanniah et al., 2015). Due to the unavailability of the 

reference data for the older images, using training data from present date imagery to interpret 

old-date images was the key solution to monitor ecosystem change dynamics (Paolini et al., 

2006). The study area boundary was carefully demarked and mainly limited to mangrove 

regions to reduce misclassification problem. Mangroves are compacted ecosystems. After 

visual analysis of classification, satellite image, and using Google Earth, a little mangrove 

misclassification was found in the Patuakhali-Bhola regions (Figure.29). Since there was 

some compacted non-mangrove vegetation, have spectrally behaved mangroves class (Otero 

et. al., 2016).  In overall, mangroves areas were successfully quantified with Maximum 

likelihood classification, and with this method, Mangrove classification gave higher accuracy 

than other types of classes (Otero. et. al., 2016; Rahman et. al., 2013). 

 

 A small error has occurred for the shrimp & salt class (located outside upper part of the 

Sundarbans) classification in 1989, 2000 epochs. This error is due to the shrimp & salt field 

spectrally behaving similarly as a water body (generally shrimp and salt ground filled with 

water). This small error was verified in accuracy assessment report ( Table. 6-7). However, 



 

49 
 

floating sediment in the open sea (deposited from upstream) is sensitive to NDVI. Floating 

sediment seems same like non-mangrove vegetation (such as agriculture land). NDVI error 

does not affect the mangrove estimation in this study. Because sedimentation effect has been 

reduced by normalization and a small error has been occurred in non-mangrove estimation 

(see Figure.S2 in Appendix).  In this study, additionally, previous mangrove inventory reports 

were used to know causes behind mangrove extent and density variation in the study area.  

 

Figure.29: Uncertainty in Mangrove cover classification. a) Landsat L8 OLI images 

composed of the Near-infrared, red, and green band with represents Area of Interest (AOI) in 

Patualhali-Bhola; b) subset image of L8OLI images represents Non-Mangrove vegetation 

area; c) subset of L8OLI images represents Mangroves dominants area; d) Classification 

map of Patuakhali -Bhola obtained from (a) with represents two AOI. Here, supervised 

classification accurately classified mangroves in mangroves dominant area (e) and mangrove 

classification error occurred in the non-mangrove area (f) where non-mangrove classified as 

mangroves (b). 
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5.2 Estimation of mangrove extent and density variations/changes  

 

The present study indicates positive changes of the mangrove extent in the study area during 

the last four epochs except negative changes found in Chakaria Sundarbans. Mangrove 

extension direction is found from landward to seaward in the study area. However, NDVI 

analysis suggests that density varies within the Sundarbans and outside the Sundarbans in the 

study area.  Furthermore, it was possible to mangrove extent and density estimation in the 

study area using a large volume of satellite data. 

 

Mangrove estimation in the Study Area: 

Mangroves in Bangladesh are located in the coastal belt of the country (Figure.4). Former 

estimates of the mangrove cover in the study area differ among studies (Table 16). This 

variation is due to using different data source, methods, mangroves definitions, and boundary 

selection (Giri et. al., 2007). This multi-temporal Landsat satellite data analysis revealed 

Bangladesh gained 3.10% mangroves area between 1976 epoch and 2015 epoch. While 

1.79% mangroves were increased between 2000 and 2015 epoch. The area estimates found in 

the present study are smaller in 2000 than the reported values for the whole country by 

reliable estimation of FAO 2005. But values of current study estimation are almost nearer to 

FAO estimation. Based on literature, recent estimation of the mangrove forest in the country 

was not found. The most reliable estimate for the mangrove area obtained in this study was 

494,757 ha which was calculated with the Maximum Likelihood algorithm for the 2015 

epoch. However, this value overestimates the area because of land use/land cover map 

obtained in 2015 epoch shows mangroves at the of Patuakhali-Bhola where mangroves are 

not existing (Figure. 29). 

 

    Table.16: Available Mangrove estimations in the Bangladesh.  

Study Mangroves Area 

National Level (whole country) 

FAO (2005) 476,000 ha in 2000 

Present Study 461,170 ha in 2000; 494757 ha in 2015 

Regional level (Sundarbans) 

Emch et. al. (2006) 347,853 ha in 2000 

Giri et. al. (2007) 348,985 ha in 2000 (calculated from 

India-Bangladesh estimation) 
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FAO (2002) 411,233 ha in 2000 

Present Study 415,910 ha in 2000; 408,912 ha in 2015 

Local Level (Chakaria Sundarbans) 

Rahman et. al. (2011) 170 ha in 2012 

Present Study 1761 ha in 2015 

 

Mangrove Changes in Sundarbans 

The study reveals that the mangrove forest area in Sundarbans remains almost unchanged and 

well-protected over the last forty years. These results are in agreement with other remote 

sensing studies such as Giri et al., (2007); Emch et al., (2006); Islam, M.T., (2014), FAO 

(2015); and Rahman et al., (2013). Mangroves in the Sundarbans was increased 1.30% from 

1976 epoch to 2015 epoch but decreased 1.03% between 2000 and 2015 epoch. Estimations 

of the extent of the mangrove forest in the Sundarbans is found to be higher in present studies 

than in the former. For example, In 2000, estimation of the current study is 20% more than 

from Giri et. al. 2007. Simplified image pre-processing steps and sample selection for 

classification could be the reason (like as Giri et. al. 2007 used only first order normalized 

image) for this variation. But present estimation is found closer to the FAO (2002) estimation 

in 2000 (Table 16). 

 

The Sundarbans is the main mangrove forest region in Bangladesh. There, the Sundarbans 

lost about 467 ha of mangroves per year between 2000 and 2015 (Table.10). Here, Erosion 

and sedimentation play a vital role in mangrove changes in the Sundarbans. For example, 

Figure.23 shows how the mangrove forest moved to a depositional landform in the northern 

part of Kalir Char area from 1976 to 2015. This map also is shown, major mangrove was lost 

to bareland between 1976 and 1989, again mangrove gained between 1989 and 2000, finally 

fall into bareland again in between 2000 and 2015. The eastern part of the Kalir char has 

experienced by coastal erosion. 

 

Although the edge of the Sundarbans has well protected by river channel, the North-western 

part of the Sundarbans has suffered deforestation between 1976 and 2015 (Figure.30). 

Mangroves were converted into a shrimp farm in this area. 
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Though, the NDVI study suggests that forest degradation occurred within the Sundarbans.  

For example, 95% of the area has decreased its density between 2000 and 2015, especially in 

the coast (Figure.28). The likely reason is that severe cyclone Sidr in 2007 (Figure.S1 in 

appendix-A) damaged Sundarbans mangrove forests in the study area. These results could be 

confirmed in Bhowmik et al., (2013), Conforth et al., (2013), Ishtiaque et al., (2016). 

 

Figure.30: Subset image of MSS shows mangroves presence ( green rectangle) in North-west 

part of Sundarbans (yellow mark) in 1976, but a subset of L8 OLI images Mangroves has 

disappeared (green rectangle) in 2015. Mangroves were transformed into shrimp farm in this 

area after deforestation. Here, band combination is Near-infrared, red, and green.  

 

Mangrove Changes in Patuakhali-Bhola 

There has been a continuous change of mangroves about 253 ha per year from 1976 to 1989, 

298 ha from 1989 to 2000, and 251 ha from 2000 to 2015 (Table.11). Positive Mangrove 

forest changes were found in the part of Patuakhali-Bhola region after 1976. Due to 

sedimentation, waterbodies were firstly transformed to grassland (after a stable condition of 

newly-formed land), and then the mangroves migrated in those type of land from neighbors 
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land. Aggradation and degradation of landform are common in this area (Sarwar et al., 2013). 

Mangrove plantation program also contributed to increase the mangroves area in this region.  

However, misclassification of mangroves was found here due to non-mangrove seemed as 

mangroves in the classification (Figure.29). 

 

Mangrove Changes in Feni-Chittagong 

The mangroves also increased in this coastal area from 1976 to 2015. The present study 

found that a rapid increase of mangrove forest was found in 1989 epoch than in 1976 epoch 

in Noakhali-Feni-Chittagong coastal region (For example Figure.24). Landsat images 

between 1976 and 1989 showed the sedimentation has increased in this area after 

construction of the dam (Figure.31). The Feni-river closure dam was built in 1985 (Stroeve 

1993), after that huge amount of sediment deposited in the ocean about 4 km far from the 

closure dam. This study argued sedimentation is the main possible positive reason for 

mangrove extension in this area. Nevertheless, mangrove plantation program is also 

contributed to increase mangrove in this area (Uddin et. al. 2014). 

Figure. 31: An example of deposition of sediment affected mangrove expansion after dam 

construction in  Noakhali-Feni-Chittagong coastal zone between 1976 and 1989 epoch. 

Green circle represents approximate dam location. Note: Here, images from 1976-1977 

considered as 1976 epoch ( for details see Table.S1) 
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Mangrove Changes in Chakaria Sundarbans 

There was a gradual decrease of mangroves in Chakaria Sundarbans while the substantial 

increase of shrimp and salt farms occurred between 1976 and 2015 (Fig.15-18). The study 

found that expansion of shrimp & salt farm is the main reason for mangrove degradation in 

Chakaria Sundarbans. For example, Mangrove has been decreased from 60% to 20% while 

shrimp & salt farm has been increased from 0% to 100% between 1976 and 1989 (Table.12, 

Figure.15-18). This same reason is also confirmed by Hossain et al., (2001) and Rahman et 

al., (2015). World Bank and UNDP have had promoted to the government by financing to 

commercial shrimp farms in Chakaria Sundarbans (Ishtiaque et al. 2016). As an ultimate 

result, due to shrimp & salt farms (Figure.16-17), the oldest mangrove forest in Bangladesh 

became almost disappeared (Hussain et al., 2001). However, a recent increase  (see 

Figure.21-22) of the mangrove forests was recorded between 2000 and 2015 in the coast of 

chakaria, due to the mangrove plantation program (Alam et al., 2014). 

 

5.3 Comparison between the classification and NDVI analysis 

The results of LU/LC classification analysis show that the area of mangrove forests in the 

Sundarbans remained almost constant between 1976 and 2015. However, mangrove 

degradation was clearly observed in the inside all over the Sundarbans from the NDVI maps. 

In the LU/LC classification, mangrove degradation is seen in areas such as Kalir char. These 

two classifications identified severely degraded forest areas such as Kalir Char. Thus, NDVI 

analysis could be used to monitor mangrove density (increasing or decreasing) in the study 

area while LU/LC classification could be used to know the extension of the mangroves. 

NDVI analysis suggests that dense mangroves have been observed between 1976 and 1989, a 

medium density between 1989 and 2000, very low density observed between 2000 and 2015. 

However, LU/LC classification analysis shows, Mangrove areas has been increased slightly 

from 1976 to 1989 and decreased slightly in 2015.   

Outside the Sundarbans, where non-mangrove vegetation (grassland, agriculture, forest) is 

present beside the mangroves, LULC classification has easily identified the tiny areas of 

mangrove forest separately, while the NDVI analysis only shows the occurrence of 

vegetation mixed with non-mangroves NDVI values such as Feni-Chittagong coast (see 

Figure.15-18 and Figure.19-22). Hence, the classification is optimal for identifying the 

mangrove extension while an NDVI analysis is optimal for investigating the density of the 

forest.  The LU/LC Classification gave the best results to trace the mangrove extension in the 
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whole study area (Figure.15-18). While NDVI analysis produced information of density 

variation of the mangrove forest in the study area (Figure.19-22). 

Regarding the classifications, the ‘true’ change for each pixel was determined by visual 

inspection of the Landsat time series with high-resolution Google Earth imagery (due to the 

absence of field data). This method has also followed by Song et al. 2015.  Mangrove 

changes have mainly found from water to mangrove and from mangrove to water (see 

Figure.23 and Figure.24). Changes found in the classification are reasonable for example 

changes of water to mangroves between 1976 and 1989 (Figure.24) has shown in Landsat 

scenes (Figure.31). However, Regarding NDVI (density), the largest density changes are 

found when compared with small differences in NDVI such as NDVI difference in 

Sundarbans between 1989 and 2000 epoch (Figure.27). 

In spite of some pros and cons, the study suggests that both methods could be used to trace 

mangrove forest change dynamics in the study area. LU/LC classification method could be 

used to identify mangrove, then NDVI could be used to know vegetation status of the study 

area. 
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Chapter Six- 

Conclusions 
Monitoring mangrove forest dynamics using multi-temporal Landsat scenes in large scale 

areas needs large volumes of data and requires reliable measures of forest extent and density 

changes/variations. While previous studies have successfully mapped mangrove extent and 

density in the Sundarbans, these studies have used rather simplified pre-processing steps and 

not performed in regional scales like inside and outside the Sundarbans. The present study 

has focused this issue. The satellite images were processed using both absolute and relative 

radiometric correction method. The maximum-likelihood algorithm used in the study gave 

higher accuracy to detect mangroves forests than other land use/land cover classes. Results 

indicate that Bangladesh gained about 3.10% mangrove forest from 1976 to 2015, even if 

variations occurred within the area. About 1.79% mangroves area was increased between 

2000 and 2015 due to deposition of sediment and mangrove plantation program. In the 

Sundarbans, for instance, the area seemed to have increased 1.30% from 1976 to 2015 but 

lost 1.03% between 2000 and 2015. This increase and the decrease were associated with 

cyclone, deforestation, erosion and deposition of landform. Outside the Sundarbans, there has 

a gradual increase of mangrove forests in Patuakhali-Bhola, Feni-Chittagong coastal region 

between 1976 and 2015 due to deposition of sediment and mangrove plantation. Chakaria 

Sundarbans, however, is the exception; about 30% mangrove forest has been exchanged into 

shrimp and salt farm during this time. On the other hand, NDVI analysis shows that the 

density varies back and forth during the study period, from a general decreased from 1976 to 

1989, a recover from 1989 to 2000, and then a decrease again from 2000 to 2015. NDVI 

variation was found as a result of the coastal erosion and tropical cyclone.  

 

Robust estimation of the mangroves was not possible in the study area. There is a variation of 

estimation due to the error in the classification of mangroves and non-mangrove, absence of a 

field and previous mangrove data source. In this study, High-resolution Google Earth images, 

previous published reports and articles as well as local knowledge of the author about the 

mangrove vegetation was helped to quantify true mangroves and to reduce the classification 

error in the study. However, Use of field data, high-resolution satellite data like as worldview 

or hyperspectral data could be useful to improvements in classification accuracy between 

mangroves and non-mangrove vegetation. In conclusion, the results of this research may 

assist in decision making to conservation and management planning of mangrove forests in 

Bangladesh. 
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Appendix-A 

Table.S1: Landsat image characteristics of collected images  

S.N. Path/Row Acquisition 

Time 

Landsat  

Spacecraft 

Cloud 

Cover 

Pixel 

Size 

UTM Epoch 

1 P135 R046 1976-03-01 MSS 2 0.0% 60m 46N  

 

 

 

1976  

2 P136 R044 1977-01-02 MSS 2 0.0% 60m 46N 

3 P136 R045 1977-01-02 MSS 2 0.0% 60m 46N 

4 P137 R044 1977-02-08 MSS 2 0.0% 60m 46N 

5 P137 R045 1977-02-08 MSS 2 0.0% 60m 46N 

6 P138 R044 1977-02-09 MSS 2 0.0% 60m 45N 

7 P148 R045 1977-01-22 MSS 2 0.0% 60m 45N 

8 P136 R045 1989-01-21 TM 4 0.0% 30m 46N  

 

 

 

1989  

9 P135 R046 1989-02-23 TM 4 0.0% 30m 46N 

10 P136 R044 1989-01-13 TM 4 0.0% 30m 46N 

11 P137 R044 1989-11-20 TM 4 0.0% 30m 46N 

12 P137 R045 1989-02-05 TM 4 0.0% 30m 46N 

13 P138 R044 1989-01-11 TM 4 0.0% 30m 45N 

14 P138 R045 1989-01-27 TM 4 0.0% 30m 45N 

15 P135 R046 2000-02-14 ETM+ 7 0.0% 30m 46N  

 

 

 

2000 

 

16 P136 R044 2001-02-07 ETM+ 7 0.0% 30m 46N 

17 P136 R045 2001-02-07 ETM+ 7 0.0% 30m 46N 

18 P137 R044 2001-01-29 ETM+ 7 0.0% 30m 46N 

19 P137 R045 2000-11-26 

 

ETM+ 7 0.0% 30m 46N 

20 P138 R044 2000-11-17 ETM+ 7 0.0% 30m 45N 

21 P138 R045 2000-11-17 ETM+ 7 0.0% 30m 45N 

22 P135 R046 2015-11-30 L8 OLI 0.15% 30m 46N  

 

 

 

2015 

 

23 P136 R044 2014-02-19 L8 OLI 0.04% 30m 46N 

24 P136 R045 2014-03-30 L8 OLI 0.09% 30m 46N 

25 P137 R044 2014-03-30 L8 OLI 0.07% 30m 46N 

26 P137 R045 2015-03-17 L8 OLI 0.10% 30m 46N 

27 P138 R044 2014-03-05 L8 OLI 0.08% 30m 45N 

28 P148 R045 2015-03-08 L8 OLI 0.12% 30m 45N 
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 Table.S2: Landsat Band Designations 

Bands Landsat MSS Landsat MSS Landsat MSS Landsat MSS 

WL(μm) Band WL(μm) Band WL(μm) Band WL(μm) Band 

Coastal 

Aerosol 

- - - - - - 0.43-0.45 1 

Blue - - 0.45-0.52 1 0.45-0.52 1 0.45-0.51 2 

Green 0.5-0.6 1 0.52-0.60 2 0.52-0.60 2 0.45-0.51 3 

Red 0.6-0.7 2 0.63-0.69 3 0.63-0.69 3 0.64-0.67 4 

Near 

Infrared 

0.7-0.8 3 0.76-0.90 4 0.76-0.90 4 0.85-0.88 5 

Near 

Infrared2 

0.8-1.1 4 - - - - - - 

SWIR1 - - 1.55-1.75 5 1.55-1.75 5 1.57-1.65 6 

SWIR2 - - - - - - 2.11-2.29 7 

Here, WL-Wavelength, For MSS 1-4 band originally named band 6-7 but band name are 

same like TM, ETM+, L8OLI. 

Table.S3: Co-registration and Average RMSE 

Sl.No. Base Image 

(Landsat 7) 

Warp Image Path/Row Tie-

Point 

Average RMSE 

(half of the resolution  

of pixel size)–––– 

1 

 

ETM+P135 

R046 

Landsat 2 

(MSS) 

P145 

R046 

 

33 0.25 

Landsat TM P135 

R046 

 

56 0.01 

Landsat  8 OLI P135 

R046 

 

45 0.0043 

2 

 

ETM+P135 

R044 

 

Landsat 2 

(MSS) 

P146 

R044 

 

42 0.30 
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Landsat TM P136 

R044 

87 0.0005 

Landsat  8 OLI P136 

R044 

76 0.0051 

3 ETM+P136 

R045 

 

Landsat 2 

(MSS) 

P146 

R045 

27 0.29 

Landsat TM P136 

R045 

30 0.30 

Landsat  8 OLI P136 

R045 

25 0.30 

4 ETM+P137 

R044 

 

Landsat 2 

(MSS) 

P147 

R044 

38 0.31 

Landsat TM P137 

R044 

85 0.0002 

Landsat 8 OLI 

 

P137 

R044 

27 0.01 

5 ETM+P137 

R045 

 

Landsat 2 

(MSS) 

P147 

R045 

26 0.62 

Landsat TM P137 

R045 

26 0.49 

Landsat 8 OLI 

 

P137 

R045 

25 0.18 

6 ETM+P138 

R044 

 

Landsat 2 

(MSS) 

P148 

R044 

25 0.234 

Landsat TM P138 

R044 

41 0.0060 

Landsat  8 OLI P138 

R044 

36 0.0047 

7 ETM+P138 

R045 

Landsat 2 

(MSS) 

P148 

R045 

29 0.30 

Landsat TM P138 

R045 

35 0.0040 

Landsat  8 OLI P138 

R045 

27 0.0028 
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Figure.S1: Previous major Cyclone trajectory in the study area. This cyclone also damaged 

mangrove forest and affected NDVI values. The data obtained from banglapedia.org as .jpg 

format and digitized in ArcGIS. These data can be used for research and education purpose.  
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Figure.S2: NDVI values of (a,b) MSS, (c,d) TM, and (e,f) L8 OLI images in Bhola-hatia 

Regions before and after normalization. A black circle indicates normalization has been 

overcome the sedimentation effects (floating sediment in the ocean).  Non-vegetated (Floating 

sediment areas in water bodies (red color in 29b) areas have zero NDVI values reduced from 

NDVI value 0.4 (29a).  Mangrove areas recaptured from sedimentation effects (29c-d and 29 

e-f). 
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