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Executive Summary 
Mangroves are very unique trees that require special habitat and are closely linked to the livelihood of 
people in the tropical regions. The provide people with various ecosystem services such as supporting 
aquaculture, ensuring coastal safety, and mitigating global warming impacts. They are most abundant 
and most diverse in Southeast Asia. However, they are experiencing a global decline in recent decades, 
and they are also facing deforestation and degradation under social and economical pressures. Direct 
anthropogenic threats to mangroves in Southeast Asian are mainly due to land conversions to 
production or tourism uses. Indirect anthropogenic threats can range from pollution to management 
gaps.  
Past literature has focused on the causes of mangrove deforestation and degradation. In this project, 
however, I examine how mangrove status has changed given a suite of stress factors. The two study 
sites I selected are usually perceived to be well managed areas. Since the previous literature has already 
estimated the overall mangrove decline rate on continental and national levels, I assume that Marine 
Protected Area (MPA) and well managed mangrove forest will have lower mangrove decline rates 
compared to mangroves in similar geographical regions if these management strategies are indeed 
effective. Since the two study sites are relatively close to each other, it is interesting to see if they 
exhibit significantly different vegetation indices.  
To analyze the mangrove conditions, I classified the mangrove areas from 2000 to 2010 by applying 
multiple classification methods to the Landsat satellite imagery data. I also derived multiple vegetation 
indices directly from the satellite imagery to discern changes over time. I examined the time series 
indices of 8-day composite and annual datasets to investigate the mangrove status in more detail. I 
also investigated hyperspectral data and the spatial distribution of vegetation indices to estimate 
possible mangrove subclasses.  
The results suggest that the mangroves in the Ao Phang Nga National Park and in Matang Mangrove 
Forest Preserve are both declining at a slower rate compared to the FAO-reported global decline rate. 
The results indicate that the greenness and the health of the mangroves in the study area do not change 
significantly with season. However, the mangroves in the Ao Phang Nga Park have higher mean 
annual NDVI and EVI values (which imply better health) over time compared to the mangroves in 
the Matang Preserve. The gross primary production (GPP) of mangroves shows obvious seasonal 
trends, and each of the trends in mangroves for the Thai site and the Malaysian site can be fit into a 
seasonal ARIMA model to predict future GPP. The results show that the NDWI index for mangroves 
in the Malaysian site is higher than the Thai values in general, and fluctuation in mangrove NDWI is 
related to season.  
The first section of the report provides an overview of global mangrove status. It gives some 
background on mangrove habitat and the ecosystem services mangroves can provide. It summarizes 
the various threats to mangroves in Southeast Asia. It describes the objectives of this project. It also 
defines the study areas which are Ao Phang Nga Park in Thailand and Matang Mangrove Forest 
Preserve in Malaysia. It lists the rationale of why these sites were selected. It also examines the current 
management gaps at the two sites based on the literature review. The section also includes a brief 
review of the remote sensing methods used to study mangroves in the literature.  
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The second section describes the methods used in the study. The specific datasets and time periods 
when the data are extracted are provided in this section. The section introduces the audience to a 
variety of vegetation indices analyzed in this project such as EVI, NDVI, and GPP. The section also 
shows how some of the detailed classification steps. To help the audience understand how the data is 
processed, a flow chart of the method is provided in this section.  
The third section presents the analysis of the results. The classification results from all three 
classification methods described in the second section are displayed. The section analyzes the time 
series results from the more complete composite datasets obtained with Google Earth Engine using 
the time series related packages in R. The mangrove sub-classification results and possible forest health 
implications are also explored in this section.  
The fourth section compares the result from this project to the national and global rates of mangrove 
loss reported in the literature.  
The fifth section emphasizes the main results of the project and recommends how the management 
of mangroves can be improved in the future.  
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ABSTRACT 
Mangroves in Phang Nga Bay, Thailand and in Matang Mangrove Reserve, Malaysia serve a variety of 
crucial ecosystem services. However, they are threatened by various natural and human-influenced 
factors such as tsunami damage and development in recent decades. This project provides a look at 
how distribution and status of mangrove forests have changed over time and how mangrove health 
changes over time.  
Selected Landsat 5 TM images from 2000 to 2010 were analyzed to classify the land use changes by 
object-oriented method using feature extraction and by supervised classification. The expansion in 
urban development and agriculture is concerning for both Thailand and Malaysia according to the 
literature review (Gopal and Chauhan 2006; Giri et al. 2008). The Phang Nga Bay mangroves 
experienced significant 6.3% decline from 2003 to 2010 according to the supervised classification with 
tasseled-cap transformation. The Matang mangroves experienced a 3.95% decline from 2000 to 2010 
according to the supervised classification. Although these mangroves are declining at a slower rate 
than the reported national and global average, the rate of decrease is still concerning compare to other 
Southeast Asian mangroves.  
We also examined the overall characteristics such as EVI, NDVI, GPP, and NDWI using Google 
Earth Engine to compare the overall patterns in the two study areas. There is no significant difference 
in EVI between the two study areas. The EVI value is 0.54 for the site in Thailand and 0.52 for the 
site in Malaysia. NDVI is higher for mangroves in the Thai site (0.61) than the Malaysian site (0.42). 
Mangroves at the Malaysian site has higher GPP and NDWI. The mean GPP for the site in Malaysia 
is 354 kg*C/m^2, while the mean GPP is only 217 kg*C/m^2 for the site in Thailand. The trend in 
GPP can be fit into an ARIMA(1, 0, 1)*(1, 0, 0)46 model for the Thai site and an ARIMA(2, 0, 1)*(1, 
0, 0)46 model for the Malaysia site. The NDWI values are 0.149 and 0.137 for the Malaysian site and 
the Thai site correspondingly.  
The derived indices (tasseled cap, NDVI, and SAVI) were used to classify the mangrove areas into 
subclasses. An EO-1 Hyperion imagery from 2014 was examined to classify mangrove types in the 
Thai study area. We were able to classify mangroves into edge, island, riverine, estuary, and inland 
types based on the good spectral bands. A spectral library for the region or field data is necessary for 
more exact species classification.  
In terms of management, the local conservation departments and national park services in Thailand 
need to reach out more frequently to the local community and educate the fishermen and hoteliers 
about the ecosystem services of mangroves. It can be worthwhile for Matang forest managers to test 
the mixed block method with managed and natural mangrove patches to sustain biodiversity and 
ecological function of mangrove forests.  
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INTRODUCTION 
Global Mangrove Status 
Mangroves are trees that can tolerate high salinity and live at the intersection of freshwater rivers and 
the ocean (Kraynak and Tetrault 2003). They are distributed globally in tropical regions between 30 
degrees North and South (Feller and Sitnik 1996, see Figure 1 for illustration). Within those latitudes, 
mangroves most commonly live in sheltered estuaries with low wave action (Feller and Sitnick 1996, 
FWS 1999). They are predominantly limited by colder temperatures, but are also outcompeted by 
other plant species in areas with higher freshwater availability (FWS 1999). Mangrove distribution can 
depend on a lot of different factors, such as the interaction between salt water and soil, the effects of 
tidal activities, the resilience to wave actions, and geological events (Pool et al 1977, Duke et al 1998, 
Sherman et al 2000).  
Mangroves are crucial because they can serve many different ecosystem services. They are important 
natural areas that serves both ecological and economical goods. Mangroves are very effective in carbon 
dioxide sequestration, and their ability to sink more carbon than any other ecosystem in the world 
becomes increasingly important with the recent global warming issues (Richards and Friess 2015). 
Mangrove forests provide nutrients for jelly fish, shrimps, crabs, and larger marine animals (Prance 
1998), so they are indirectly promoting catches for the local fishermen. Moreover, they can stabilize 
the shoreline and help protecting the local communities (Prance 1998). Furthermore, they are good at 
buffering coastal areas and alleviating the impact of coastal disasters. Their ability to prevent coastal 
communities from loss during tropical storms and other disasters adds more to their economic value 
in face of the rising sea level challenge (Strassburg et al 2015).  
 

 
Figure 1. Map of where mangroves are located on a global scale (Giri et al 2011).  
 
Mangroves in Southeast Asia 
Over 1/3 the mangroves in the world are found in Southeast Asia; not only are they the most abundant 
in Southeast Asia, they are also the most diverse in this area (Spalding et al 2010; Giri et al 2011; see 
Figure 2). However, between 2000 and 2011, mangrove forests in Southeast Asia have been lost at a 
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rate of 0.18% per year, with a loss of over a hundred million hectare of mangrove forest (Richard and 
Friess 2015). The major human-related threats to mangrove forests in this area are the land use 
changes, especially urbanization and expansion of agriculture to develop new rice fields and palm oil 
plantations (Gopal and Chauhan 2006; Giri et al. 2008).  
 

 
Figure 2. Map of mangrove forest distribution in Southeast Asia near our study areas (map by Global Forest 
Watch, data from Giri et al. 2011).  
 
Research Objectives 
The study aims to conduct an analysis of the mangrove forest conditions in Thailand and Malaysia 
to investigate the how different management strategies may affect the distribution and condition of 
these forests. The primary goals for this research were: 

I.   Examine land use changes and mangrove distribution changes in the study areas from 
2000 to 2010 through both object-oriented and supervised classification methods 

II.   Investigate various indices (EVI, NDVI, NDWI, GPP) that can reflect mangrove 
condition from 2000 to 2010, and observe time series trends in these indices 

III.   Classify the general mangrove types in the Thailand study area using both Landsat data 
and hyperspectral data 

Study Area 
The first study area is Ao Phang Nga National Park and its surrounding inland and marine regions 
situated on the west coast of southern Thailand (Figure 3). It is the largest marine national park in 
Thailand with a diverse coastal environment consisting of intertidal mudflats, mangroves, and coral 
reefs (Giri et al. 2008). The mangrove forest supports various endangered bird species such as 
Mangrove Pitta (Pitta megarhyncha) and Mangrove Blue Flycatcher (Cyornis rufigastra) (Seenprachawong 
2002; Sanguansombat 2005). This region is also special because it is directly adjacent to Phuket Island, 
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which is one of the most famous tourist attractions in Thailand. Compared to other more remote 
locations, mangroves in this area can be affected more easily by the nearby urban development. The 
site was also under the influence of the December 2004 tsunami in Southeast Asia.  
The second study area is Matang Mangrove Forest Reserve in Malaysia (Figure 4). It is intensely 
managed for timber over a 30-year cycle currently (Forestry Department of Parak, Malaysia). The 
management in this forest preserve started in 1902 and previous rotation periods ranged from 20 to 
40 years (Forestry Department of Parak, Malaysia). It is important for the local mammals, birds, and 
marine life. It has an interesting zoning system that divides up the mangrove forests into productive, 
protective, restricted protective, and unproductive categories (Forestry Department of Parak, 
Malaysia). The mangroves at Matang are managed differently according to their zones. The 
management goals in this forest preserve include production of fuelwood, poles, as well as eco-tourism 
and conservation. (Forestry Department of Parak, Malaysia).  
The importance of mangrove forests has been recognized since the 2004 tsunami, and there is growing 
interest in the sustainable management of mangroves in coastal zones (Talaat et al. 2012). Mangroves 
in both Thailand and Malaysia are threatened by various anthropogenic activities such as aquaculture 
and water pollution in addition to land conversion. To investigate the management challenges in our 
study areas, we identify the possible causes for the mangrove decline and degradation in the literature 
and propose solutions to improve the conservation efforts.  
 
Mangroves Management in Thailand National Park 
Ao Phang Nga, along with other coastal national parks in Thailand, were established to protect the 
declining mangrove population and were becoming popular destinations for ecotourism (Tippawan 
2000).  Some challenges in protecting Ao Phang Nga National Park are the practice of fishery, the 
expansion of tourism, and the encroachment of land from nearby landowners (Tippawan 2000). For 
mangroves, the decline of fish population from trawling, aquatic pollution from low quality vessels, 
and encroachment of shrimp farming into MPAs are the most concerning issues (Tippawan 2000). 
Ao Phang Nga National Park currently lack staff with professional skills to collect the baseline data 
and to monitor the mangrove habitats (Tippawan 2000).   
Bennet and Dearden (2013) conducted a study of public perception on marine protected areas (MPAs) 
and found that the local communities, two of which are located near Ao Phang Nga National Park, 
perceived that the MPA has negative impacts on fisheries and agriculture and there is little benefit 
from tourism associated with MPA. Therefore, obtaining the support from the local people and 
convincing them that the ecosystem services from MPAs outweighs the economic benefits from 
destroying the mangrove forests is important to ensure the conservation success.  
Seenprachawong (2002) performed economic research to evaluate the coastal ecosystem in Phang Nga 
Bay. Seenprachawong found that ocean parks in Thailand did not have an abundant budget for coastal 
conservation and identified the main source of environmental deterioration to be water pollution from 
sewage and solid waste disposal. Seenprachawong also pointed out that lack of knowledge about park 
regulations among fishermen and hoteliers hinders the management of the park (Seenprachawong 
2002).  
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Sathirathai and Barbier (2001) studied the economic values of keeping the mangrove forests versus 
converting the mangrove forests in to shrimp farms. They looked at this topic because conversion 
into shrimp farms is the main reason of mangrove decline in Thailand. They found the economic 
value to keep mangrove forests to be higher than the financial return of establishing shrimp farms. 
The economic value they calculated for keeping mangrove forests includes benefits related to fishery 
catch and coastline protection for farms in addition to resource collected from the forests directly, 
and they also accounted for the externalities such as water pollution in the shrimp farm return estimate 
(Sathirathai and Barbier 2001).  
 
Mangrove Management in Matang Forest Preserve 
Matang Mangrove Forest, having been managed for over a century, is often considered the best 
managed mangrove forest in the world (Goessens et al. 2014). These mangrove trees are thinned twice 
at 15 and 20 years, and harvested at 30 years old (Goessens et al. 2014). Goessens et al. (2014) discussed 
an interesting thinning method called the ‘stick method’ where trees within a certain radius of a 
selected tree will be carried out to facilitate better growth of the left-over trees. They looked at whether 
the Matang forest is having sustainable rejuvenation in terms of both ecology and silviculture.  An 
interesting fact to notice in their study is that the ‘productive’ sections of the Matang forest consist 
mainly of Rhizophora apiculata, while ‘protective’ and ‘restrictive productive’ forest zones are set aside 
for biodiversity, shoreline stabilization, and other ecological and social benefits. They concluded in 
their study that the 30-year rotation with high biomass yield is a sustainable silviculture practice, but 
they also argued that the homogeneous parcels have lower diversity and may not function as well as 
natural mangrove forest. An interesting solution that they proposed for future mangrove management 
is to establish a matrix of mixed managed and natural mangrove forest blocks so that we can have 
both the economic benefits and a rich gene pool in the natural blocks to maintain the biodiversity in 
the managed zones (Goessens et al. 2014). 
Malaysia has 641,000 hectares of mangroves, which is the fifth largest in the world, and these 
mangroves house over 1,300 fauna species (Talaat et al. 2012). Talaat et al. (2012) found that the 
current policy framework was not effective to prevent problems such as irresponsible discharge of 
pollution and development of urban areas. They also found that the main problems that impede the 
biodiversity management for mangroves in Malaysia are ambiguous policies, disjunct regulations, and 
inefficient framework of legal administration (Talaat et al. 2012).   
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Figure 3. Map of study area in Thailand. 
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Figure 4. Map of study area at Matang Mangrove Forest Preserve, Malaysia.  
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A Review of Past Studies on Mangroves  
The mangrove forest distribution around the world in 2000 was mapped with Landsat (Giri et al. 
2011). Giri et al. also classified land uses into mangroves, non-mangroves, and water in 1975, 1990, 
2000, and 2005 in multiple Southeast Asian countries including Thailand by Landsat images (Giri et 
al. 2008). These studies suggest that Landsat should be a good dataset to learn more about land cover 
changes and that the use of Landsat is feasible for countries in Southeast Asia. Pada et al. (2016) 
applied feature extraction method to LiDAR data in their mangrove study in the Philippines. 
Classification by feature extraction is not a commonly explored method for mangroves and can be 
interesting to test for our study areas. Object-oriented classification methods are understudied in the 
mangrove-related literature in general.  
Son et al. (2016) found tasseled cap transformation useful for mangrove forest classification in their 
study in Vietnam. Tasseled cap transformation combines the test of bare soil, green vegetation, and 
moisture content of vegetation, so it can be very applicable and helpful to our project. In addition, an 
earlier study by Vo et al. (2013) also reported high performance of tasseled cap transformed data for 
mangrove mapping.  
Jhonnerie et al. (2015) studied the mangrove land cover in Indonesia and looked at NDVI and NDWI 
indices in their project. Alsaaideh et al. (2013) investigated NDWI and NDVI along with topography 
while exploring mangrove forests in southern Japan in their research. These two studies are both in 
Asia and they imply that NDVI and NDWI should be good indices to look at to monitor mangrove 
conditions.  
For species-level mangrove classification and vegetation health detection, EO-1 Hyperion data was 
used by both the Wang and Sousa team and the Koedsin and Vaiphasa group (Wang and Sousa 2009; 
Koedsin and Vaiphasa 2013). Wang and Sousa (2009) performed a one-way ANOVA and linear 
discriminant analysis on the hyperspectral data for their mangrove study in Panama. Koedsin and 
Vaiphasa (2013) applied a genetic algorithm to EO-1 Hyperion data paired with field data to classify 
5 mangrove species in southern Thailand. Hyperspectral data are usually of very high quality, but the 
access to these data can be very limited. If hyperspectral data are available for our study area, they can 
give more insight to the vegetation health analysis and contribute to the mangrove subclass 
classification.  
 
 
 
 
 
 
 
 
 
 
 
 



	   15	  

METHODS 
Satellite imagery analysis for land use changes in ENVI 
Data 

Landsat 5 TM imageries are collected by USGS. The images I selected all have less than 20% cloud 
cover and are taken during the winter months (November, December, January, or February) with 
dates ranging from 2000 to 2010 during the available years to minimize clouds and because forests 
and agricultural lands are easier to separate outside of the growing seasons (Table 2).  

Table 1: Dates of Landsat Images from Landsat 5 TM.  

Year Thailand Date Malaysia Date 
2000 Dec. 19 Jan. 22 
2003 Dec. 28 Dec. 30 
2004 Dec. 30 Dec. 16 
2005 Jan. 31 Jan. 17 
2006 Dec. 4 Feb. 5 
2009 Dec. 12 Dec. 14 
2010 Feb. 14 Feb. 16 

 
 
Detecting changes in land use  

1.   Object-oriented Classification Method: I subset the study area by defining the ROI and 
generated cloud mask for each image by looking at the cursor value for the bands at the clouds 
and in cloud-free areas and setting thresholds based on the observed values. For every image, 
I used the feature extraction with example based classification workflow to classify the land 
uses. The tool first segmented the images according to the scale and merge thresholds. 
Segmentation is an appropriate technique because mangroves often appear in homogeneous 
patches. Then I defined the training classes and assigned training objects to each class.   

2.   Supervised Classification Method: I masked out the water area with the MNDWI index, and 
classified the remaining land area into mangrove and non-mangrove types based on ROIs. I 
applied this method to both the raw data and the tasseled cap transformed data.  

Mangrove condition indices in Google Earth Engine 
EVI 
The Enhanced Vegetation Index (EVI) was used for the analysis with Landsat 7 8-Day EVI 
composite. These values are obtained from the computed top-of-atmosphere (TOA) reflectance. The 
EVI is generated from the Near-IR, Red, and Blue bands and has values ranging from -1.0 to 1.0; it 
optimizes the vegetation signal and is better at dealing with densely vegetated areas (Huete et al 2002). 
EVI can help us monitor green leaf vegetation condition, and healthier vegetation has a higher EVI 
value. The mangroves in the two study areas are extracted from the total study area to be used for 
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EVI analysis. The mean EVI values are computed for each study area and put into a yearly time series 
chart for comparison from 2000 to 2010.  
 
NDVI  
To understand changes in vegetation index over time better, the Landsat 7 annual NDVI composite 
values were also examined from 2000 to 2010. Normalized Vegetation Index (NDVI) was calculated 
from Near-IR and Red bands by : 𝑁𝐷𝑉𝐼 = (𝜌()* − 𝜌*)/(𝜌()* + 𝜌*); it was well-behaved between 
0 and 1 (Jones and Vaughan 2010; Chuvieco and Huete 2010).  
 
GPP 
The MOD17A2H.006: Gross Primary Productivity 8-Day L4 Global 500 m product, which is an 8-
day composite derived from MODIS with 500m pixel size is used to estimate the mean GPP for the 
study areas. The yearly GPP are plotted for the two study areas for comparison. Gross primary 
productivity is NPP minus respiration, and NPP reflects the rate at which plants accumulate energy 
(Perry et al. 1994).  
 
NDWI 
The MODIS Combined 16-Day NDWI is used to detect water change in the environment. NDWI 
measures the changes in liquid water content for canopies; it is calculated from the Near-IR and a 
second IR band with a value from -1.0 to 1.0 (Gao 1996).  
 
Mangrove Type classification 
Data  
The EO-1 Hyperion geometrically-corrected data is collected by USGS and NASA using the EO-1 
sensor and is available for the study area in Thailand. The 30-meter resolution hyperspectral imagery 
has 242 bands and can provide us with more insights on the spectral signatures of vegetation. Despite 
the fact that there are 6 images publically available during years 2005 to 2014 that intersect with our 
study area, most of the data was not useful as a result of extremely heavy cloud cover. Due to limited 
spatial and temporal coverage, we only looked at one image taken on February 22 in 2014 as a sub-
area in our study area to examine vegetation stress and forest health in more detail and to explore 
differences among mangrove forests. 
 
EO-1 Hyperion Data Pre-processing  
I first set the image to true color, band 29 for red, band 20 for green, and band 12 for blue. I then 
looked into the metadata to select and delete bad bands using the Edit ENVI Header tool. I applied 
the Radiometric Calibration tool with the Apply FLAASH Settings. I used the FLAASH Atmospheric 
Correction tool to perform the atmospheric correction. According to the documentation on EO-1 
provided by USGS, the sensor altitude is 705 km and the ground elevation is 1 km. In addition, the 
pixel size is 30m. The flight date according to the metadata for my image is Feb. 22, 2014. I put in all 
this information into the tool. Since my study site is in Thailand, I selected the tropical atmospheric 
model. 
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Exploring Spectral Profile of the Mangroves  
I applied ISODATA unsupervised classification with 10 classes to the sub-area of hyperspectral image, 
and recombined the classes into mangrove versus non-mangrove to build a mask. I performed a 
second unsupervised classification on mangroves only using the non-mangrove mask.  

 
Figure 5. Flow chart of methods. The diagram illustrates the main steps in the analysis.  
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RESULTS 
Mangrove distribution changes from 2000 to 2010 (object oriented classification) 
By applying object-oriented classification on our regions of interest in the Landsat satellite imageries, 
we found a decreasing trend with 64% of the change explained by the trend line for mangroves in Ao 
Phang Nga National Park and no large overall changes in area for mangroves in the Matang Forest 
Preserve. The p-value for the trend with outlier removed is 0.052 for the Thai site, and a p-value of 
0.86 for the Malaysian site, so we should accept the null hypothesis that we don’t see a pattern. For 
the Thailand site, we see a 6.8% decline in mangrove forest from 2000 to 2010.  
 
Table 2. Land Use Percentage in Ao Phang Nga Study Area from 2000 to 2010. 

Thailand % 2000 2003 2004 2005 2006 2010 

Mangrove 30.66 26.17 27.07 28.36 28.15 23.86 

 

 
Figure 6. Land Use Percentage in Ao Phang Nga Study Area from 2000 to 2010. 
 
Table 3. Land Use Percentage in Matang Forest Preserve Study Area from 2000 to 2010. 

Malaysia % 2000 2003 2004 2005 2006 2009 2010 

Mangrove 23.98 16.61 21.75 19.54 18.85 14.89 26.17 
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Figure 7. Land Use Percentage in Matang Forest Preserve Study Area from 2000 to 2010. 
 
Mangrove Non-Mangrove Classification from 2000 to 2010 (Supervised Classification) 
This supervised classification is done with training ROIs using all bands. The water feature is masked 
out based on a water mask created from MNDWI (modified normalized difference water index). 
MNDWI is used instead of traditional NDWI because the modified index enhances open water 
features and we want to exclude the ocean from our classification. The coastal sample points for later 
NDVI calculation are within 2km of the coastline. The interior points are at least 2 km from the 
coastline and within 1km of non-mangrove areas.  
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Figure 8. Mangrove non-mangrove classification for Thailand, by supervised classification, with coastal and 
interior sample points. 
 
Table 4. Thailand mangrove non-mangrove area from 2000 to 2010. 

Class\Area 
(ha) 

2000 2003 2004 2005 2006 2009 2010 

mangrove 13158.72 14046.12 13285.44 13313.70 13753.44 13292.64 13316.76 
non-
mangrove 

17589.15 16701.75 17462.43 17434.17 16994.43 17455.23 17431.11 

 
The percent change using the supervised method from 2000 to 2010 is a 1.2% increase in mangrove 
area. The p-value is 0.76 with outlier removed, so we accept the null hypothesis that there is no trend 
in mangrove area in the Thai data.  
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Figure 9. Mangrove non-mangrove classification for Malaysia, by supervised classification, with coastal and 
interior sample points. 
 
Table 5. Malaysia mangrove non-mangrove area from 2000 to 2010. 

Class\ Area (ha) 2000 2003 2004 2005 2006 2009 2010 
mangrove 37759.77 36388.35 36532.62 38505.87 38718.81 36189.99 36266.40 
non-mangrove 86393.97 87766.56 87622.29 85649.04 85436.1 87964.92 87888.51 

 
The percent change using the supervised method from 2000 to 2010 is a 3.95% decline in mangrove 
area. The p-value is 0.078 with outliers removed, and the R2 is 0.63, so we reject the null hypothesis 
and conclude that there is a decline in mangrove area over time in the Malaysian data.  
 
Mangrove Non-Mangrove Supervised Classification by Tasseled Cap Transformation, 2003 
and 2010 
Year 2003 and year 2010 are picked for comparison because the images are of very high quality with 
almost no cloud cover and the two years are far apart. Supervised classification with ROIs is used on 
the tasseled cap transformed data. As we can see visually from the tasseled cap transformed images, it 
is easy to tell non-mangrove and mangrove apart from brightness, greenness, and wetness. Again, to 
exclude the ocean, water is masked out by MNDWI index.  
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Figure 10. Mangrove non-mangrove classification for Thailand, 2003 and 2010 comparison, by tasseled cap 
transformation (brightness, greenness, wetness).  
Table 6. Thailand mangrove non-mangrove area, 2003 and 2010. 

 2003 2010 
Mangrove 13957.2 13084.92 
Non-mangrove 16790.67 17662.95 

 
Thailand mangroves experienced a 6.3% decline in area from 2003 to 2010 according to the tasseled 
cap classification.  
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Figure 11. Mangrove non-mangrove classification for Malaysia, 2003 and 2010 comparison, by tasseled cap 
transformation (brightness, greenness, wetness).  
 
Table 7. Malaysia mangrove non-mangrove area, 2003 and 2010. 

 2003 2010 
Mangrove 35650.17 38558.16 
Non-mangrove 88504.74 85596.75 

 
Tasseled-cap transformation may not be a good method to detect mangroves at this site in year 2010. 
As we can see in Figure 11, a lot of inland areas which are obviously not mangroves according to the 
original satellite image are put into the mangrove category under the 2010 classification.  
 
Table 8. Comparing mangrove indices at the Thailand and the Malaysia sites 

 NDVI SAVI Brightness Greenness Wetness 

Thailand 0.62(0.06) 0.93(0.09) 81.09(6.71) 39.47(9.18) 13.82(1.70) 

Malaysia 0.61(0.06) 0.91(0.09) 90.16(7.49) 41.94(9.71) 13.86(4.14) 
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If we derive the vegetation indices from the mangroves in 2010, we observe no significant difference 
in NDVI, SAVI, greenness, and wetness between the two sites. However, the site in Malaysia has 
slightly higher brightness, which may indicate more bare soil.  
 
Comparing NDVI coastal and interior sample points 
Table 9a. Thailand interior and coastal mangroves NDVI 

 2000 2003 2004 2005 2006 2009 2010 

Interior 0.618242 0.618242 0.606868 0.576708 0.629449 0.679385 0.668373 
Coastal 0.605179 0.605179 0.607189 0.574414 0.629181 0.683669 0.667299 

        

Table 9b. Malaysia interior and coastal mangroves NDVI 
 2000 2003 2004 2005 2006 2009 2010 

Interior 0.614214 0.66111 0.61792 0.586908 0.635806 0.538485 0.545575 
Coastal 0.53863 0.64701 0.599551 0.484949 0.658089 0.609186 0.637682 

 
From data in Tables 9a and 9b, we detect no significant difference in NDVI between coastal and 
interior mangroves points at either site. According to a t-test of paired two sample for means, the p-
value for the Malaysian site is 0.450, which implies the coastal and interior mangroves do not have 
significantly different NDVI values. The paired two-sample t-test p-value for the Thai site is 0.105. 
For Thai mangroves, the trend lines explain 46% of the variation for the interior and 58% of the 
variation for the coastal mangroves. The Mann Kendall test gives a p-value of 0.288 for interior, and 
a 0.0947 for coastal mangroves. For interior mangroves in Malaysia, the trend line explains 54% of 
the variation in the data, but the p-value from the Mann Kendall test is 0.229, which indicates no trend 
(Figure 12).  
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Figure 12. NDVI of interior and coastal mangroves in a) Thailand, b) Malaysia.  
 
Mangrove Subclasses 

 
Figure 13. Mangrove subclasses in Thailand based on 2010 data with layer stacking of NDVI, SAVI, tasseled 
cap transformation, and raw data.  
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Table 10. Class statistics for mangrove subclasses in Thailand. 

Class NDVI SAVI Brightness Greenness Wetness 
1 0.528402 0.787294 71.8515947 24.98205737 14.63927 
2 0.619573 0.923952 78.7709016 36.21353583 13.93161 
3 0.677119 1.010216 80.2127399 44.3312949 16.14885 
4 0.654372 0.976367 84.9504234 43.6358531 12.45304 
5 0.664211 0.991375 89.7033107 48.19695382 11.94323 

 
 

 
Figure 14. Mangrove subclasses in Malaysia based on 2010 data with layer stacking of NDVI, SAVI (soil 
adjusted vegetation index), tasseled cap transformation, and raw data.  
Table 11. Class statistics for mangrove subclasses in Malaysia. 

Class NDVI SAVI Brightness Greenness Wetness 
1 0.526927 0.785667 83.066 28.01049 11.84002 
2 0.628172 0.937143 83.53339 39.32212 15.79521 
3 0.64262 0.9591 89.10399 44.69537 15.77381 
4 0.594876 0.887999 100.6902 42.76263 7.675923 
5 0.6798 1.015128 94.43456 54.93029 18.22146 
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As we can see in the subclass maps (Figure 13 and Figure 14), mangroves that are fragmented have 
lower NDVI and SAVI than continuous mangrove patches. Mangroves that are close to open water 
tend to have high wetness index. Both coastal mangroves and mangroves close to inland areas can 
have high NDVI and SAVI. 
 
Comparing mangrove indices in Ao Phang Nga National Park and Matang Forest Preserve 
EVI values are not very different for mangroves in the study areas in the Ao Phang Nga National Park 
and in the Matang forest preserve. There are more changes in EVI over time for mangroves in the 
Thai study area. The mean EVI values are relatively steady in the study area in Malaysia. The datasets 
do not exhibit any seasonality patterns (Figure 15.) The EVI for both Thai and Malaysian mangroves 
in our study areas are about 0.5. The mean EVI for Thailand is 0.54 (with standard deviation of 0.03), 
and the mean EVI for Malaysia is 0.52 (with standard deviation of 0.02). The EVI index for Thailand 
has been increasing over time with a significant p-value of 0.043 for the linear trendline.  
 

 
Figure 15. EVI for mangroves in Thai and Malaysian study areas from 2000 to 2010. Blue dots represent mean 
values for Thai mangroves; orange dots represent mean values for Malaysian mangroves.  
 
The annual mean NDVI values for mangroves in the Thai study area is higher overall than the values 
for mangroves in the Malaysian study area (Figure 16.) The annual mean NDVI for natural Thai 
mangroves stays around 0.61, while the annual mean NDVI for intensely managed Malaysian 
mangroves stays around 0.42. Neither of the trend lines has a significant p-value, so we conclude that 
there weren’t any significant changes in NDVI from 2000 to 2010 at both sites.  
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Figure 16. Annual mean NDVI values for mangroves in Thai and Malaysian study areas from 2000 to 2010 with 
outliers removed. The blue line represents Thai data and the orange line represents Malaysian data.  
 
The mean GPP values for mangroves in the Forest Preserve study area is higher in general than 
mangroves in the National Park study area. The data exhibits strong seasonality that mangroves have 
higher GPP in spring and summer and lower GPP in fall and winter. The managed mangroves in the 
forest preserve exhibit less dramatic changes in GPP over a year. The managed mangroves in the 
forest preserve generally have an average GPP of 354 kg*C/m^2, but the mangroves in the national 
park only have an average of 217 kg*C/m^2.  
Twilley and Day (1998) examined the productivity and nutrient cycling of mangroves. They found that 
mangrove productivity can be impacted by latitude, soil salinity, phosphorous content, outwelling of 
organic matter, and frequency of tides (Twilley and Day 1998). These factors may all contribute to the 
difference in GPP for our study areas in addition to different management strategies. 
To better understand the mangrove GPP trend over the years, we find the best seasonal ARIMA 
model using R for each site separately. The following illustrates the formal times series analysis for the 
predicative models. 
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Figure 17. a) Time series plot of GPP for Thailand from 2000 to 2010 in kg C/m2. b) ACF plot for seasonal 
difference of GPP with lag of 46. C) PACF for seasonal difference of GPP with lab of 46.  
We first plot the GPP data from 2000 to 2010 for Thailand to detect any linear or cyclic trends. We 
are unsure about the linear trend, but there is a clear seasonal pattern. Since the dataset contains 8-day 
composites of GPP, there are 46 entries per year, so the cyclic period is 46. After removing the 
seasonal trend, we plot the ACF and the PACF for the residual to see if there are any patterns that 
can be fit into a moving average (MA) or an autoregressive (AR) model. In Figure 17, we can see peaks 
beyond lag 1 for both ACF and PACF plots. By testing a few combinations of common MA and AR 
orders, we find the following model to be the best fit for the pattern we see in GPP for Thailand. We 
compared the different possible models by comparing the log likelihoods and AIC values. We run the 
residual of the model through the Shapiro-Wilk normality test, and we plot the normal Q-Q plot for 
the residual. We found the residual to be normally distributed with both tests, so we can conclude that 
there isn’t any remaining trend in the residual.  
 
Best model for GPP in Thailand: 
ARIMA(1, 0, 1)*(1, 0, 0)46 
Coefficients: 
         AR1            MA1           SAR1              Intercept 
        0.8595         -0.5379        0.1856             215.0499 
S.E.  0.0387         0.0643         0.0497             11.7803 
sigma^2 estimated as 4511:  log likelihood = -2814.07,  AIC = 5636.14 
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Shapiro-Wilk normality test 
data:  residual1 
W = 0.99622, p-value = 0.2828 
 
 
 

 
Figure 18. a) Time series plot of GPP for Malaysia from 2000 to 2010 in kg C/m2. b) ACF plot for seasonal 
difference of GPP with lag of 46. C) PACF for seasonal difference of GPP with lab of 46.  
 
We perform the same time series analysis for the Malaysian site. We also see peaks in ACF and PACF 
plots after the removal of the seasonal trend, as illustrated in Figure 18. We test combinations of MA 
and AR models and find the following model to be the best fit for the pattern we see in GPP for 
Malaysia.  
 

Time Series Plot GPP Malaysia

Time

G
PP

(k
g*

C
/m

2)

2000 2002 2004 2006 2008 2010

10
0

20
0

30
0

40
0

50
0

0 10 20 30 40 50−0
.1

5
−0

.0
5

0.
05

0.
15

ACF for Seasonal Difference

Lag

AC
F

0 10 20 30 40 50−0
.1

5
−0

.0
5

0.
05

0.
15

Lag

Pa
rti

al
 A

C
F

PACF for Seasonal Difference



	   31	  

Best model for GPP in Malaysia: 
ARIMA(2, 0, 1)*(1, 0, 0)46 
Coefficients: 
         AR1          AR2             MA1              SAR1           Intercept 
        0.9296       -0.0866        -0.6793           0.2422          353.2347 
s.e.  0.1202        0.0645          0.1103            0.0457           9.2537 
sigma^2 estimated as 6261:  log likelihood = -2890.68,  aic = 5791.36 

 
Shapiro-Wilk normality test 
data:  residual3 
W = 0.99494, p-value = 0.1013 
 
The mean NDWI values are slightly higher for mangroves in the Matang study area than the mean 
values for the Ao Phang Nga study area. The Malaysian NDWI data remains about 0.149 (with 
standard deviation of 0.006), while the Thai data remains about 0.137 (with standard deviation of 
0.010). We can also observe more dramatic changes in NDWI over time for the Thai mangroves, 
especially in late spring and in summer during the growing season. The p-value for the Thai trend line 
is 0.078, and the p-value for the Malaysian trend line is 0.011.  
NDWI is derived from Near-Infrared (NIR) and Short Wave Infrared (SWIR), where NIR reflects 
leaf internal structure and leaf dry matter while SWIR indicates the vegetation water content and the 
spongy structure in the canopy (Ceccato et al. 2001). NDWI is a great indicator for plant water stress, 
and we can usually use it to monitor drought events and adjust vegetation’s irrigation needs accordingly 
(Ceccato et al. 2002).   
 

 
Figure 19. Annual mean NDWI values for mangroves in Thai and Malaysian study areas from 2000 to 2010. 
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Mangrove type classification in Ao Phang Nga National Park 
We can see that mangroves in the sub-area exhibit interesting zonation patterns based on spectral 
information (Figure 20). Class 5 mangroves are probably an island species. Class 6 mangroves can be 
an edge species. Class 1 and 2 mangrove types probably prefer lower salinity. Class 3 mangroves are 
probably a riverine species since they are distributed further inland. Class 4 mangroves are probably 
an estuarine species. The edge type and the estuary type appear to be most abundant in this region. 
Further investigation on this topic requires field validation of species. If we look at a sub-region in the 
Thailand site with the EO-1 Hyperion data, we observe a higher forest health index for mangrove 
patches close to the open water.  
 

 

 
Figure 20: Mangrove Classes. a) spatial patterns, b) summary of classes, c) spectral profile of class means 
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DISCUSSION 
FAO reported the global mangrove loss rate to be approximately 1% per year from 1980 to 2000 
(FAO 2003). Richards and Friess (2015) reported a 0.18% decline of mangrove loss across Southeast 
Asia from 2000 to 2012. They also reported the annual mangrove loss rate of entire Thailand to be 
1.36% and entire Malaysia to be 2.83%.  
For our study site in Phang Nga Bay, Thailand, the loss of mangrove is estimated to be 6.8% from 
2000 to 2011 by object-oriented classification. This result is lower than the Thai national average loss 
for 10 years calculated from the Richards and Friess value 12.7%. The estimated loss of mangroves is 
6.3% from 2003 to 2010 by supervised classification on tasseled cap transformation, which is also 
lower than the Thai national average 7-year percent loss of mangroves 9.14% obtained from the 
Richards and Friess annual rate. However, both values are higher than the mangrove loss rate across 
Southeast Asia. Although we have less mangrove loss in the Ao Phang Nga National park area 
compared to other mangrove patches in Thailand, mangroves on this site are still experiencing great 
loss compared to Southeast Asian mangroves in general.  
For our study site in Matang Mangrove Forest Preserve, Malaysia, the loss of mangrove is estimated 
to be 3.95% from 2000 to 2010 by supervised classification. The result is much lower than the Malaysia 
national average loss over 10 years computed form the Richards and Friess’ annual rate, which is 
24.9%. However, it is still higher than the 10-year decline value computed from the annual Southeast 
Asian mangrove loss, which is 1.79%. The management in Matang Forest is keeping the mangrove 
areas in good condition compared to other Malaysian sites, but the loss rate is still concerning in the 
Southeast Asian context.  
The main drivers for mangrove loss in the Thai study area according to the literature are shrimp 
farming, aquatic pollution from urban development and tourism, and land encroachment (Tippawan 
2000). The main issue for mangrove loss in the Malaysian site is pollution from land development 
(Talaat et al. 2012).  
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CONCLUSIONS 
By studying satellite images from 2000 to 2010, we found that mangrove forests declined in the study 
area in Thailand and Malaysia. These results agree with previous studies on mangrove distribution and 
suggests that anthropogenic development is the major driver of mangrove loss. Mangroves in the 
study areas in Thailand and Malaysia exhibit similar EVI, but mangroves in Thailand have more 
dramatic variations over time. Thai mangroves have higher mean annual NDVI over time compared 
to mangrove in the Malaysian study area. Mangroves in the Malaysian study area have higher GPP and 
less water stress. The GPP over time displays strong seasonal trend and can be forecasted by a time 
series model.  
Both mangroves in Thailand and Malaysia are under the pressure of increased human activities like 
land conversion and water contamination. Additional challenges for mangroves in Ao Phang Nga 
National Park are lack of scientific management and lack of community support. Future mangrove 
conservation work should put more emphasis on strengthening the policy framework, improving the 
monitoring of mangroves, and preventing encroachment and pollution. Additional challenges for 
mangroves in Matang Forest Preserve are potential decline in seedling recruitment, reduced 
biodiversity, and inefficient policy enforcement.  
Future research can focus on collecting field data and building a spectral library of various mangrove 
species for the Southeast Asia, since most studies in the area only looked at five to six species. Given 
a better spectral library, the species specific vegetation indices and the relationship between mangrove 
types and forest health in general can be better understood. The causes of mangrove loss have been 
well studied. However, the biological interaction between mangroves and other organisms is still 
understudied, and that can be an interesting area to investigate further.  
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