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 Tidal effect is one of the primary factors that causes unwarranted variability in salt marsh 

reflectance characteristics and introduces errors in remote sensing based biophysical models. 

Tide induced variability is particularly worse in coarse resolution datasets such as Moderate-

resolution Imaging Spectroradiometer (MODIS) 250m data where it is not possible to visually 

detect the affected pixels or scenes. This study presents a novel index, TAWI (Tide Adjusted 

Wetland Index) for identifying images with no tide or very low tide using temporally dense 

MODIS data. Logistics regression based TAWI was used to filter out flooded images from 

MODIS sensor. Overall phenology derived for 15 years pre- and post-TAWI showed that post-

TAWI phenology was able to eliminate the noise due to tide influence. Eliminating flooded data 

from salt marsh phenology using TAWI will provide accurate remote estimation for numerous 

biophysical parameters including chlorophyll content, above and below ground biomass, and 

gross primary productivity.    
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CHAPTER 1 

INTRODUCTION 

Salt marshes are coastal wetlands that are flooded and drained by tidally delivered salt 

water (Mitsch & Gosselink, 2007). These marshes are one of the most ecologically and 

economically productive ecosystems of the world (Alongi, 1998; Eisma et al., 1998). For 

example, salt marshes have high carbon sequestration potential and carbon flux in salt marshes 

has a huge influence on the global carbon budget (Gallagher et al., 1980; Smith, et al., 1983; 

Odum, et al., 1984; Odum, 1998; Connor et al., 2001; Chmura et al., 2003). However, these 

critical habitats are severely threatened by natural and human activities, such as soil erosion, land 

use change, hurricanes and oil spills (Gilfillan et al., 1995; White & Morton, 1997; Bryant & 

Chabreck, 1998; Hester & Mendelssohn, 2000; Sugumaran et al., 2004; Silliman et al., 2009; 

Mishra et al., 2012). Extensive loss of salt marshes has occurred in many countries throughout 

the world (Swenson & Turner, 1987; Hackney & Yelverton, 1990; Harbor, 2007; Ravens et al., 

2009). Therefore, to prevent further loss of salt marshes and conserve existing salt marsh 

ecosystems, it is important to manage and monitor salt marsh ecosystems (Ozesmi & Bauer, 

2002; Rebelo et al., 2009). Monitoring efforts based only on traditional field sampling are often 

costly, time consuming, and inadequate to provide a broad regional trend of salt marsh status. 

Instead, remote sensing has long been used as the preferred tool for conducting salt marsh 

assessment at multiple scales (Jensen & Lulla, 1987; Adam et al., 2010; Mishra & Ghosh., 

2015). While a great number of efforts for monitoring salt marshes using remote sensing have 

been made, these have largely focused on delineating salt marsh spatial extent and classifying 
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plant communities (Gross & Klemas, 1986; Malthus & George, 1997; Artigas & Pechmann, 

2010; Collin et al., 2010; Davaranche et al., 2010). Few studies have explored remote sensing 

approaches for estimating biophysical properties of salt marshes, such as Gross Primary 

Productivity (GPP) (Hardisky et al., 1984; Mishra & Ghosh, 2013). In addition, models 

estimating biophysical properties that are based on vegetation indices are influenced by tidal 

variation in salt marshes (Barr et al., 2013). In this thesis, a method will be developed that 

minimizes tidal effects on remote sensing-based estimates biophysical properties.  

For salt marsh monitoring, there are obvious advantages in using remote sensing 

technology. For example, remote sensing provides a near real-time and cost-effective method for 

continuous large-area data coverage (Butera, 1983). Historically, aerial photography was the first 

remote sensing method to be used for exploring salt marshes (Seher & Tueller, 1973; Shima et 

al., 1976; Howland, 1980). However, it is not practical for continuously monitoring salt marsh 

ecosystems because it is costly and time-consuming to acquire and process (Adam et al., 2010). 

With the advent of modern sensors, it is more common to map and monitor salt marshes using 

satellite remote sensing images. Satellite remote sensors provide cost-efficient alternatives to 

intensive field surveys in monitoring and assessing coastal ecosystems and their dynamics at 

appropriate scales and resolutions (Mishra & Ghosh, 2015). Further, selecting an appropriate 

sensor for field studies requires an evaluation of sensor trade-offs. While, patchiness and fine 

scale of heterogeneity in salt marshes requires satellite data with high spatial resolution to map 

boundaries accurately, processes with high temporal variability such as tidal inundation, require 

high satellite return frequency. Thus, Landsat Thematic Mapper (TM) data, with spatial 

resolutions of 30 m and 16 d return frequency, are commonly used for salt marsh land cover 

mapping (Rundquist et al., 2001; Klemas, 2011). The overall goal of this thesis study is to 
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identify high quality salt marsh data with no tide or very low tide. Tidal inundation has high 

temporal variability and hence this study requires satellite images have high temporal resolution. 

NASA’s Moderate-resolution Imaging Spectroradiometer (MODIS) is appropriate for this study 

because of its high temporal resolution of 1 day. 250m and 500m MODIS data have recently 

been used to analyze the spatio-temporal trend of salt marsh biophysical characteristics such as 

canopy chlorophyll content, leaf area index, above- and below ground biomass, and gross 

primary productivity at a regional scale (Mishra & Ghosh, 2015). Tidal effect is one of the 

primary factors that causes unwarranted variability in salt marsh reflectance characteristics and 

introduces errors in remote sensing based biophysical models. Tide induced variability is 

particularly worse in coarse resolution datasets such as MODIS 250m data where it is not 

possible to visually detect the affected pixels or scenes. Studies dealing with flagging satellite 

data, in this case MODIS data, is non-existent. 

Remote sensing of salt marsh biophysical characteristics is challenging compared to 

terrestrial vegetation, such as boreal forest, peatlands, grasslands and crops because of water 

interference (Lorenzen & Jensen, 1988; Adam et al., 2010; Mishra & Ghosh, 2013). Water and 

moist soil attenuate the intensity of the near-infrared (NIR) in salt marsh, which increases the 

uncertainty in remote sensing based vegetation indices used for mapping salt marsh health and 

productivity. The water effect on the salt marsh vegetation is illustrated by two figures (Fig. 1 

and Fig. 2). As shown in Fig. 1, salt marshes are located in the western and eastern area of 

Sapelo Island, Georgia, USA while forests are located in the middle area of this island. The color 

of salt marsh vegetation in August (growing season) is supposed to be green in the true color 

image (R, G, B) and red in the false color image (NIR, R, G). However, salt marshes appeared 

purple rather than green in the true color image (Fig. 1a) and cyan instead of red in the false 
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color image (Fig. 1b) due to the attenuation of red and NIR reflectance by water respectively. 

Attenuation of near-infrared signals also makes common vegetation indices such as normalized 

difference vegetation index (NDVI) and wide dynamic range vegetation index (WDRVI) 

fluctuate highly for the salt marsh vegetation. NDVI is widely used for monitoring, analyzing, 

and mapping temporal and spatial distributions of vegetation (DeFries & Townshend, 1994). 

However, the near-infrared signal of salt marsh vegetation is very weak and hence NDVI 

preforms poorly across salt marshes. Instead, WDRVI, a vegetation index that enhances the 

dynamic range of the NDVI by applying a weighting parameter α to near-infrared reflectance, is 

used in salt marsh vegetation (Gitelson, 2004, Mishra & Ghosh, 2015). In past research, WDRVI 

α assigned to 0.1 resulted in the most obvious phenology patterns and monitored salt marsh 

vegetation with the greatest accuracy (Mishra & Ghosh, 2015). Therefore 0.1 was applied as the 

α level in this thesis study. Fig. 2 depicts the values of NIR reflectance, NDVI and WDRVI for a 

East-West profile of vegetation types across Sapelo Island. Values of NIR reflectance, NDVI and 

WDRVI all are much lower in salt marshes than forests because of attenuation of near-infrared 

signal by water (Fig. 2). Consequently, magnitude of traditional vegetation indices (NDVI and 

WDRVI) is diminished and can be misleading when used to monitor salt marsh health. 

Therefore, it is important to develop a method to remove flooded vegetation before using 

vegetation indices (NDVI and WDRVI) to monitor salt marsh biophysical characteristics. 
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Figure 1. Landsat 8 true color image (a) and false color (b) image of Sapelo Island, a barrier 

island located in coastal Georgia, USA.  
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Figure 2. Spatial patterns of NIR surface reflectance (a), NDVI (b), and WDRVI (c) across 

Sapelo Island, Georgia, USA. There is a transect line X in each of these three maps. The plot 

graphs under the maps are patterns of NIR reflectance (a), NDVI (b), and WDRVI (c) across a 

west to east gradient of the transect X. 

The purpose of this study is to present a novel approach to obtain MODIS data of 

identifying high quality salt marshes (no tide or very low tide), that are most suitable for 

estimating biophysical measures for coastal salt marshes.  An index for salt marshes, the tide 

adjusted wetland index (TAWI), was developed to achieve this goal. TAWI can be used to filter 

out flooded vegetation from MODIS daily products to avoid daily variability within salt marsh 

biophysical parameters that results from tidal fluctuations. My specific objectives are: 1) to flag 

flooded and non-flooded vegetation within the MODIS dataset, 2) to develop a statistical model 

of classifying these MODIS images as flooded and non-flooded vegetation, 3) to develop a novel 
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index, TAWI, to identify non-flooded vegetation based on the classification model, and finally 4) 

to apply the new index across a broad timespan (2000-2015) of MODIS cloud-free images and 

different salt marsh sites. In the future, this thesis will contribute to the development of novel 

approaches for estimating biophysical properties such as gross primary productivity of salt 

marshes using remote sensing techniques. 
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CHAPTER 2 

METHODS 

2.1 Study area 

2.1.1 Study site description 

The study site is located on the western side of the Sapelo Island, GA, USA (Fig. 3), in an 

area extensively characterized by the Georgia Coastal Ecosystems Long Term Ecological 

Research (GCE-LTER) program and occupied by the Sapelo Island National Estuarine Research 

Reserve. Sapelo Island is a barrier island located off the central Georgia coast of the southeastern 

United States. Sapelo Island is bounded on the east by the Atlantic Ocean and on the west by 

estuarine waters that comprise the Dolby and Altamaha Sounds and the Duplin River. Sapelo 

Island is made up of a total of 16,500 acres, of which, nearly 5,600 acres are tidal salt marsh 

(http://www.sapelonerr.org). Additionally, salt marshes within the study area experience 

semidiurnal lunar tides with large amplitudes (as much as 3 m) (Więski & Pennings, 2013). 

There is an in-situ eddy covariance (EC) tower (31° 26' 38.2" N, 81° 17' 1.0" W) within 

the study area, established by GCE-LTER program. The EC tower measures carbon dioxide, 

water and energy fluxes between the biosphere and the atmosphere. Currently more than 250 

eddy covariance sites are active around the world (Papale et al., 2006). Around the tower the 

dominant vegetation is short, medium and tall form Spartina alterniflora. There also are very 

small amounts of Juncus in the study area. S. alterniflora is a perennial deciduous salt tolerant 

salt marsh graminoid and maximum height averages 1-1.5 m tall. It has smooth and hollow 
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stems, which bear leaves up to 20-60 cm long and 1.5 cm wide at their base, and which are 

sharply tapered and bend down at their tips (Duncan & Duncan, 1987). 

Attached to the EC tower, there also is a PhenoCam, a digital camera that collects near 

surface remote-sensing imagery at half-hour time steps. The PhenoCam on Sapelo Island is part 

of a national network that is used to track vegetation phenology, in terms of seasonal changes in 

the greenness of the canopy (Richardson, el al., 2011). This is done by recording time-lapse 

images of a fixed scene over time and then using simple image analysis techniques to extract 

quantitative color information, red green and blue (RGB) values, from each image. Images from 

cameras are uploaded to the PhenoCam server every half an hour and thus they provides a near 

real-time data library of canopy phenology as well as ancillary data. In addition, this approach 

can be done at relatively low cost, with minimal personnel expense and without the need of 

human observers (Richardson et al., 2007). 
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Figure 3. Map of Sapelo Island, GA, USA. The red star represents the study site where the EC 

tower locates. The base map shows the land cover types on Sapelo Island, Georgia, USA. The 

insert in the top left is the overview map of the study area.  
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 2.1.2 Selecting MODIS study pixels 

As a first step in developing the TAWI, the vegetated marshes at the study site were 

necessary to be identified whether they were tidally inundated. The tidally classified images from 

the PhenoCam were used for this effort. The PhenoCam at the GCE-LTER has collected data 

from 2013-09-16 to the present (Fig. 4). The PhenoCam images for this thesis study were 

collected from 2013-09-16 to 2015-05-31. However, because of mechanical failure, PhenoCam 

data are lacking between 2014-07-16 and 2014-09-01. The PhenoCam images were used because 

of 1) easy accessibility to the PhenoCam library and 2) the high temporal resolution (every half-

hour) of PhenoCam data, providing relatively accurate information of tidal status.  

  

Figure 4. PhenoCam image captured at 11:30am on September 19th, 2013. 
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To select focal MODIS pixels for this study, pixels selected were ensured to cover an 

area of marsh that was both near to the Phenocam and sampled the majority of the marsh within 

the PhenoCam field-of-view. As shown in Fig. 5, the nearest MODIS pixel (MODIS pixel 1) 

contains the EC tower. Additionally, there is a creek in the top of the PhenoCam image (also 

presented in the Google Earth map, see Fig. 5). The area beyond the creek is too oblique in the 

PhenoCam view to extract useful data. Therefore, MODIS pixel 2 provided the best coverage of 

marshes between the creek and the EC tower. As a result, MODIS pixels 1 and 2 were selected to 

be focal study pixels. 

 

Figure 5. PhenoCam field of view and corresponding MODIS pixel footprints. The base map 

shows the Google Earth map of the study area. The red star is the location of the EC tower. The 

yellow polygons are six pixel footprints of MOD09GQ product. The red polygon region presents 
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the PhenoCam field of view. The blue line is a creek within the study area. The insert in the top 

left is the PhenoCam image showing the position of creek. 

2.2 Flagging flood status for MODIS pixels 

2.2.1 Filtering MODIS daily data to cloud-free images 

MODIS daily data was necessary to be filtered to cloud-free images in order to retain 

MODIS images best suited for tide effect analysis. The research pixels are located within the 

MODIS grid h11v05 (Fig. 6). Two MODIS products, MOD09GQ and MOD09GA, were used to 

identify cloud-free images. MOD09GQ is a surface reflectance product, which provides two 

channels of reflectance data at a 250m resolution in a daily gridded L2G product in the 

Sinusoidal projection. Within MOD09GQ, Band 1 corresponds to the red spectrum (620-670 nm) 

(hereafter the MODIS “red band”) and Band 2 corresponds to the near-infrared spectrum (841-

876 nm) (hereafter the MODIS “NIR band”) (Vermote et al., 2011). Another MODIS product, 

MOD09GA, provides information on cloudiness over a 1-km spatial resolution in a daily gridded 

L2G product in the Sinusoidal projection. It also provides important pixel quality and viewing 

geometry information for MODIS products, including an accurate cloud mask that can be used in 

conjunction with MOD09GQ products to flag cloudy pixels (Vermote et al., 2011). 
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Figure 6. MODIS grids map of the world. The study site (red star) is shown in the inset and is 

located in grid h11v05. 

The surface reflectance values of red and NIR bands of two focal study pixels were 

obtained from MOD09GQ dataset (hereafter the “spectral reflectance dataset”). Reflectance 

information for the red and NIR bands was stored in two different layers of spectral reflectance 

dataset. First, these two layers were extracted separately using their indexes via Python scripts 

and the original reflectance values of the study pixels were acquired based on their locations. 

Then, the real reflectance values were calculated by multiplying the original reflectance values 

by 0.0001 since they were stored by a scale factor of 0.0001 in the dataset. And finally, the 

average real reflectance value of two study pixels was applied as the reflectance value of study 

area for that sample date. As a result, the average red and NIR reflectance data of the study area 

was obtained for each day from 2000-02-24 to 2015-05-31. Since there was no MODIS surface 

reflectance products before 2000-02-24, the data collection period was from 2000-02-24 to 2015-

05-31. 
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Further, the cloud state information that was recorded in the “State_1km: Reflectance 

Data State” layer (hereafter the “cloud state layer”) within the MOD09GA dataset was used to 

filter out cloudy pixels from spectral reflectance dataset. The two MODIS datasets were overlaid 

and two spectral reflectance study pixels with a spatial resolution of 250m were located in the 

same pixel of the cloud state layer (1km spatial resolution). Thus, the cloud state of the cloud 

state layer overlapping with spectral reflectance pixel 1 (see Fig. 5) was considered as that of the 

whole study area. Then, the cloud mask was developed using the information contained in the 16 

packed quality bits found in the cloud state layer. The first three of the available 16 bits were 

applied to develop the cloud mask that excluded pixels with clouds and cloud shadows (Table 1). 

Consequently, all the cloudy pixels were masked out from spectral reflectance dataset.  

Table 1. MODIS surface reflectance QA science dataset bits used to mask out cloudy data. 

 Bit position Bit description Bit value accepted as cloud-free data 

0 and 1 Cloud state “00” (clear) 

2 Cloud shadow “0” (no cloud shadows) 

 

2.2.2 Flagging flooded and non-flooded pixels within the cloud-free MODIS spectral reflectance 

dataset 

In this thesis, a derived metric (called “water percentage”) from PhenoCam data was used 

to identify whether the vegetated marshes in the study pixels were tidally inundated. The metric 

was developed by collaborators in my working group (O'Connell & Alber, in preparation). Red 

green and blue (RGB) values were extracted from each available PhenoCam image. Each image 

pixel was classified based on the RGB color space using custom scripts in the R program for 

statistical analysis. This classification was used to derive weather conditions, tidal inundation 

and other ancillary data, including percent of vegetated marsh which was flooded (O'Connell and 
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Alber, unpublished data).  To derive this classification, PhenoCam images, which are archived as 

jpegs, were decompressed and digital numbers corresponding to the brightness levels in the red-

green-blue (RGB) color space were extracted. A CLARA (Clustering for LARge Applications) 

analysis (Kaufman & Rousseeuw, 2009) (package “cluster” in R) was applied to perform an 

unsupervised classification across representative PhenoCam images. From these, a library of 

color clusters for common objects, such as water vs. vegetation, was developed. This library was 

used to refine the unsupervised classification into a “smart classifier” that accounted for differing 

color characteristics of objects under bright vs. cloudy conditions.  

 Using the PhenoCam timestamps, MODIS fly over times were matched with their 

corresponding ground based observations. MOD11A1 is a MODIS/Terra land surface 

temperature and emissivity product. It is gridded in the sinusoidal projection and produced daily 

with a spatial resolution of 1 km. It also provides the MODIS day viewing time that is stored in 

the layer “Day_view_time” (hereafter the “view time layer”). The view time stored in this layer 

was the apparent solar time (AST), which was based on the sun's actual position in the sky 

(Kurths & Herzel, 1987). Thus, the AST needed to be transformed to local standard time (LST) 

the time format in PhenoCam data. In this step, the method proposed by Holbert (2007) was 

applied to calculate the LST based on AST. The formulas are as below: 

LST = AST - EoT - 4 (min/deg) * (LSTM - Long)                            (1) 

Where        LST is the local standard time;  

                  AST is the apparent solar time;  

                  Long is the local longitude at the position of interest; 

                  LSTM is the local longitude of standard time meridian,  

LSTM = 15° *（
𝐿𝑜𝑛𝑔

15°
）round to integer                                         (2) 
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                  EoT is the equation of time; 

                                  EoT = 9.87 sin(2D) - 7.53 cos(D) - 1.5 sin(D)                               (3)                    

                  Where    D is a transformation of the number of days since Jan 1 of the year (doy), 

D = (2𝜋/365) * (doy-81)                                                 (4) 

Next, PhenoCam-derived percent water was merged with the MODIS spectral reflectance 

dataset for each day. To accomplish this, it was necessary to know which PhenoCam image 

corresponded to Terra local view time. The orbit of MODIS platform Terra around the Earth is 

scheduled to pass from North to South across equator at about 10:30 am (Neteler, 2005). MODIS 

Terra usually views the earth’s surface between 10:00am and 12:00pm (local standard time). 

Therefore, it was used only that PhenoCam images corresponding to the time window from 

10:00am to 12:00pm. As a result, there were five relative time points with corresponding 

PhenoCam images (at 10:00am, 10:30am, 11:00am, 11:30am, and 12:00pm) in each day since 

the PhenoCam data were captured every half hour. For most MODIS pixels, view times could be 

determined (hereafter “pixels with view time”). Then, the water percentage of the nearest 

PhenoCam image acquisition that occurred when MODIS passed was used to represent that of 

the MODIS image. The water percentage of the earlier time point was used when the local view 

time had two nearest time points (such as 11:15am). However, several MODIS pixels did not 

have the view time information (stored as “not available”). The water percentage values of the 

five time points from the same day were used to determine the flood status of these pixels 

(hereafter called “pixels without view time”) as described in the next paragraph. As a result, the 

MODIS pixels had either one or five water percentage values for each day. 

Finally, the water percentage values of MODIS pixels were used to discriminate whether 

marsh vegetation within the pixels was flooded or not. A variable named flood status was created 
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to represent the flood status of the marsh vegetation. Flood status was either “not flooded” (flood 

status = 0), “flooded” (flood status = 1) or “unknown” (flood status = 2). The “unknown” status 

was necessary for pixels lacking of enough information to determine the flood status of the 

marsh vegetation. The next step was to set the rules to derive the values of flood status based on 

water percentage values. A very low cut-off water percentage value (2%) was used to define 

non-flooded condition to ensure the low uncertainty of dry marsh vegetation. There were visually 

seen water in the PhenoCam images with water percentage values larger than 6. As shown in Fig. 

7, if the water percentage was smaller than 2 (i.e., less than 2 % of PhenoCam pixels were 

classified as water), the vegetated marsh was not flooded (see Fig. 7a and 7b); if the water 

percentage was larger than 6, the vegetated marsh was flooded (Fig. 7e and 7f); but if the water 

percentage value was between 2 and 6, the vegetated marsh flood status was unknown (see Fig. 

7c and 7d). Therefore, for pixels with view time, the flood status values were set according to the 

above rules. But for pixels without view time, several rules were employed to assign a probable 

flood status. If the maximum water percentage between 10:00 am and 12:00 am (five time 

points) was smaller than 2, the flood status was assigned to 0 (not flooded); if the minimum 

water percentage within the time window was larger than 6, the flood status was assigned to 1 

(flooded). Otherwise, flood status was assigned to 2 (unknown). As a result, the MODIS data had 

the flood status metric for each day. For all subsequent analyses, observations with a flood status 

of “unknown” were omitted.  
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Figure 7. PhenoCam images with different water percentages as derived from classification of 

the RGB color space within each image. The percentage water of a and b were 0.27 and 1.92 

respectively (not flooded); the percentage water of c and d were 3.11 and 5.12 respectively 

(unknown); and the percentage water of e and f were 6.35 and 72.53 respectively (flooded). 

2.3 Developing a classifier to separate MODIS cloud-free images as flooded and non-

flooded 

In this section, logistic regression was used to develop a model which evaluated the 

probability that an observation could be classified as flooded. The dataset to build the model 
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consisted of cloud-free images with flood status of 0 or 1 from 2013-09-16 to 2014-12-31 

(hereafter called “training dataset”). After building the model, cross-validation was applied to 

this training dataset to assess how well the results of model would generalize to an independent 

data set. Then, cloud-free images with flood status of 0 or 1 from 2015-01-01 to 2015-05-31 

(hereafter called “testing dataset”) were used to test the model applicability over different time 

period. 

Logistic regression is a type of probabilistic statistical classification method. It measures 

the relationship between the categorical dependent variable and one or more independent 

variables, which are usually (but not necessarily) continuous, by estimating probabilities 

(Freedman, 2009). Put another way, logistic regression predicts a response variable from one or 

more predictor variables by using probability scores as the predicted values of the dependent 

variable (Walker & Ducan, 1967). The advantage of logistic regression is that the variables may 

be either continuous or discrete, or any combinations of both types and they do not necessarily 

have normal distributions. This contrasts with linear regression models, where model residuals 

must be normally distributed. In addition, in the case of linear discriminant analysis, a commonly 

used statistic classification model, the independent variables must have normal distributions 

(Atkinson & Massari, 1998), limiting its use for some kinds of data. In the present situation, the 

dependent variable is a binary variable representing whether the vegetated marsh is tidally 

flooded or not. Therefore, the logistic regression was used to build the classification model. 

The flood status was applied as response variable and surface reflectance of red and near-

infrared spectrums as predictors of the logistic regression classification model (Section 2.3.1). As 

Fig. 8 shown, there were phenology patterns of NDVI and WDRVI of cloud-free MODIS 

images. Therefore, it was necessary to check if the classification model was improved after 
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adding phenology variables to the model, capturing variation due to phenology and removing it 

from error terms. Hence, the model with phenology predictor for an entire year was developed in 

Section 2.3.2.  

 

Figure 8. NDVI (a) and WDRVI (b) values of MODIS cloud-free pixels acquired in section 2.2.1 

and rolling averages by eight days. 

2.3.1 Building the logistic regression model with predictors of red and NIR reflectance 

To build the classification model, a model selection function in R, called “step”, was used 

to do stepwise logistic regression first. This procedure preforms stepwise addition (when starting 

with the null model) or deletion (when starting with the full model) of terms from a list of 

candidates for inclusion. Selection of terms for deletion or inclusion is based on Alaike’s 

information criterion (AIC) (Hastie & Pregibon, 1992). The lower the AIC is, the better the 

model fit. Here, model selection started with the full model (i.e. all interaction terms included). 

The final best logistic regression model formula was as below:  
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flood status ~ 𝜌𝑟 + 𝜌𝑁𝐼𝑅                                               (5) 

Where flood status was the binary response variable, as defined in Section 2.2.2. 𝜌𝑟  was the 

surface reflectance of the MODIS red band and 𝜌𝑁𝐼𝑅 was the surface reflectance of the MODIS 

near-infrared band. 

After model building, the explained deviance was used to evaluate the goodness of model 

fit. Logistic regression models do not have quite the same properties as linear regression models 

such as R
2
. But analogous to R

2
, explained deviance (1-(residual deviance/null deviance)) is a 

good indicator of overall model fit (Braak & Tongeren, 1995). The larger the explained deviance 

is, the better the model fit.  

2.3.2 Building the logistic regression model with predictors of phenology patterns variable, red 

and NIR reflectance for an entire year 

In order to include phenology variable as a predictor of the model, it first should be 

described by a mathematical function. NDVI and WDRVI were used to derive the phenology 

patterns variable respectively. As shown in Fig. 8, phenology patterns are regular repeating 

curves. Such curves might be described mathematically using the cosine as a function of the day 

of year (Equation 6) (Matthiopoulos, 2013).  

f(doy) = a * cos (2 * π / TP * (doy - d0 )) + b                            (6) 

Where f(doy) was the variable that represented phonology patterns (Hereafter, it was named 

TNDVI if derived from NDVI patterns (Fig. 8a) or TWDRVI if derived from WDRVI patterns (Fig. 

8b)). doy was the day of year. TP was time period circle of cosine function and equaled the 

number of days of one year. d0 horizontally shifted the cosine peak to the day when NDVI 

(WDRVI) was the highest. b vertically shifted the cosine peak to the highest NDVI (WDRVI). a 

was the amplitude of cosine function.  
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Specifically, to derive these coefficients in Equation 6, rolling averages of NDVI (Fig. 

8a) and WDRVI (Fig. 8b) by eight days were calculated for MODIS cloud-free pixels in the 

dataset across 2000 to 2015 and the following calculations were based on rolling averages 

instead of original dataset. Then, the averages of top five maximal and minimal NDVI (WDRVI) 

of each year were calculated respectively, named maximal NDVI (WDRVI) and minimal NDVI 

(WDRVI). Also, the days when the top five maximal NDVI (WDRVI)s occurred were averaged 

for each year, named peak NDVI(WDRVI). Then, the averages of these six variables of 15 years 

were calculated as final maximal NDVI (WDRVI), minimal NDVI (WDRVI), and peak NDVI 

(WDRVI) respectively, which were used to derive the coefficients in Equation 6. a equaled half 

of difference of maximal and minimal NDVI (WDRVI). b equaled the difference of maximal 

NDVI (WDRVI) and corresponding a value. t0 equaled the peak NDVI (WDRVI). As a result, 

TNDVI and TWDRVI were calculated from Equation 6 for each MODIS images within the training 

and testing dataset. 

To build the logistic regression model with three predictors including red reflectance 

(𝜌𝑟), NIR reflectance (𝜌𝑁𝐼𝑅) and phenology variable (TNDVI or TWDRVI) for an entire year, stepwise 

logistic regression was ran in R to select the final best model formula (Equation 7). Then, the 

probability that an observation could be classified as flooded was predicted based on the best 

logistic regression model.  Also, it was necessary to set a cut-off probability value (called “cp”) 

to get the binary predicted categories (flooded or non-flooded). Here, sensitivity analysis was 

used to select the most appropriate cp value. Specifically, the range of cp was 0 to 1 and the 

incremental interval was 0.01 so that there were 100 cp values as candidates. The purpose of this 

thesis is to identify and filter out MODIS data when tidal influence is dominant in salt marsh 

vegetation. Thus, it is important that the cut-off be conservative for identifying dry marsh and 
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there should be low uncertainty that pixels classified as non-flooded have high correspondence 

with true observations. For flooded marsh classifications, uncertainty can be greater because the 

purpose of this analysis is to filter any marsh pixels that have some realistic probability of being 

flooded from the data. Therefore, the classification error that should be mostly reduced is the 

misclassification of true flooded pixels as non-flooded. Therefore, the selection of cp value was 

to maximize both the overall classification accuracy and non-flooded classification accuracy. 

Finally, the best cp was applied as cut-off probability to classify observations as flooded and 

non-flooded.  

flood status ~ 𝜌𝑟 + 𝜌𝑁𝐼𝑅 + TNDVI (or TWDRVI)                           (7) 

After the model building, cross-validation was used to evaluate the model. Cross-

validation is a model evaluation method that gives an indication of how well the model will 

perform when it is used to make new predictions for data it has not already seen (Efron, 1983). 

The purpose of cross-validation is to avoid overfitting problems of the model. Overfitting means 

a model has a perfect score in the training dataset but will fail to predict anything useful on yet-

unseen data (Kohavi, 1995). Since one of applications of this model is to do predict the flood 

status of MODIS cloud-free images before 2013, it was necessary to use cross-validation to 

evaluate the model. Specifically, the entire training dataset was divided into five subsets and the 

logistic regression classification model was repeated 100 times. Each time, one of the five 

subsets was used as test set and the other four subsets were put together to form a training set for 

cross-validation. After 100 times computing, it was calculated that average overall classification 

accuracy with a corresponding root mean square error (RMSE) and average non-flooded 

classification accuracy with a corresponding RMSE.  
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The classification model was applied to the testing dataset to test the model applicability 

over a different time period. First, the probability that MODIS images could be classified as 

flooded was predicted for the testing dataset. Then, the best cut-off probability (cp) was used to 

classify the dataset as non-flooded and flooded. Finally, a classification confusion table was 

made and overall classification accuracy and non-flooded classification accuracy were calculated 

by comparing the predicted results with the actual flood status that was derived from PhenoCam 

images. 

2.4 Developing a tide adjusted wetland index (TAWI) based on the results of logistic 

regression model 

The results of logistic regression model derived in Section 2.3.2 were used to develop 

TAWI that could be applied to identify the non-flooded data within cloud-free MODIS images. 

Although the logistic classification model can be used to predict flood status of MODIS images, 

it is not easy and straightforward to be practically performed if users are not familiar with this 

statistical method. Consequently, it was necessary to derive an index, TAWI, which could be 

calculated by a simple equation to simplify the model. 

The logistic function (Equation 8) was introduced to explain how to derive TAWI from 

the logistic regression model. The logistic function can take an input with any value from 

negative to positive infinity, whereas the output always takes values between zero and one and 

hence is interpretable as a probability (Zuur et al., 2009). TAWI equaled the probability of 

observations that could be classified as flooded (P(𝛾)). Then, if TAWI was smaller than the 

selected cut-off probability, the observation would be classified as non-flooded; Otherwise, if 

TAWI was larger than or equal to the cut-off probability, the observation would be classified as 

flooded. 
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TAWI = P(𝛾) = 
1

1+ 𝑒−𝛾                                                 (8) 

Where P(𝛾) is the probability of the observations that can be classified as the class coded by 1; 

𝛾 = β0  + β1 * V1 + β2 * V2 + … + βn * Vn                               (9) 

Where V1, V2,…, Vn are the independent variables in the logistic regression model; 

            β1, β2,...,βn are corresponding regression coefficients of variables; 

            β0 is the intercept of the logistic regression model. 

2.5 Applying tide adjusted wetland index (TAWI) to identify the non-flooded vegetation 

within MODIS cloud-free dataset 

 One of the significant applications of TAWI was to identify the non-flooded vegetation 

within MODIS cloud-free images of the study area from 2000 to 2015. First, TAWI values were 

calculated using Equation 8 and 9. Then, the MODIS dataset was classified as flooded and non-

flooded based on the cut-off probability derived in Section 2.3. As a result, the entire MODIS 

cloud-free images were filtered to the non-flooded dataset. To be clear, what I called the non-

flooded dataset in the following analysis was generated within MODIS cloud-free dataset. 

 Further, TAWI could be used to predict the flood status of satellite cloud-free images in a 

different place as well as broader area. But it requires satellite images have a high temporal 

resolution due to the high temporal variation of tide inundation. It also requires the places to be 

predicted have similar phenology patterns to the study site, such as the peak day, growing season 

and non-growing season. Thus, the flood status of three salt marsh sites (Table 2 and Fig. 9), in 

Georgia, South Carolina and North Carolina respectively which have similar phenology patterns 

to the study site, was predicted using TAWI that calculated by MODIS daily reflectance dataset 

from 2000 to 2015. These three salt marshes are all influenced by the tide effect to different 

degrees. The tide is highest in Georgia salt marshes and lowest in North Carolina salt marshes. 
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Table 2. The locations of three salt marshes that were predicted the flood status using TAWI 

Position No. Position name Latitude Longitude 

1 Pine Harbor, Sapelo River, GA 31.55N 81.37W 

2 Garden City Bridge, Main Creek, SC 33.58N 79.00W 

3 Southport, NC 33.91N 78.03W 

 

 

Figure 9. Map of three salt marsh sites. The stars represented the locations where the flood status 

was predicted using TAWI. The names and locations of these three sites were presented in Table 

2. 
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CHAPTER 3 

RESULTS  

3.1 MODIS images with flooded and non-flooded flags 

The MODIS daily surface reflectance products used for this analysis were from 2000-02-

24 to 2015-05-31. After applying the cloud mask, the average number of images remaining each 

year was 135.9 ±4.1 (mean ± S.E.) out of an average of 365.2 total images acquired per year 

(Fig. 10). Since the MODIS images of 2000 and 2015 didn’t cover the entire year, the average 

was acquired from 2001 to 2014. Across years, the cloud mask removed 62.8% ∓1.1% (mean ∓ 

S.E.) of MODIS images, leaving 37.2% ± 1.1% (mean ± S.E.) data for analysis (365.2 images 

total).  

 

Figure 10. The number (#) of MODIS images, the number (#) and percentage (%) of MODIS 

cloud-free images by year (2000-2015). The average # and % of cloud-free images were 135.9 ± 

4.1 (mean ± S.E.) and 37.2% ± 1.1% (mean ± S.E.) respectively for 2001-2014.  
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The MODIS could-free images (2013-09-16 to 2015-05-31) were flagged with three 

categories, non-flooded, flooded and unknown vegetated marsh using the metric water 

percentage derived from PhenoCam images. As a result, 64% of the MODIS cloud-free images 

were non-flooded and 15% were flooded (214 images total) (Fig. 11a). However, there were still 

21% unknown flooded status images, a greater category than the flooded images. There were 16 

flooded observations and 89 non-flooded observations in non-growing season (1/1-4/14 & 11/1-

12/31). And there were 16 flooded observations and 48 non-flooded observations in growing 

season (4/15-10/31). Thus, growing season has less non-flooded observations than non-growing 

season (Fig. 11b). 

As shown in the table of Fig. 11, the averages of red reflectance of non-flooded 

observations in growing season and non-growing season were 0.05 ± 0.02 (mean ± S.D.) and 

0.04 ± 0.01 (mean ± S.D.) respectively. The averages of red reflectance of flooded observations 

in growing season and non-growing season were 0.04 ± 0.02 (mean ± S.D.) and 0.04 ± 0.01 

(mean ± S.D.) respectively. The averages of near-infrared reflectance of non-flooded 

observations in growing season and non-growing season were 0.13 ± 0.04 (mean ± S.D.) and 

0.11 ± 0.03 (mean ± S.D.) respectively. The averages of near-infrared reflectance of flooded 

observations in growing season and non-growing season were 0.09 ± 0.03 (mean ± S.D.) and 

0.08 ± 0.03 (mean ± S.D.) respectively. The average near-infrared reflectance of non-flooded 

was significantly larger than flooded group in growing season, with a t value of 4.26 and p value 

of 0.000. Also, the average near-infrared reflectance of non-flooded was significantly larger than 

flooded group in non-growing season, with a t value of 3.34 and p value of 0.003. However, the 

average of red reflectance of non-flooded observations was not significantly different from that 

of flooded in growing season or non-growing season with p values larger than 0.05. 
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Figure 11. (a) The number and percentage of flooded, non-flooded and unknown flood status 

MODIS cloud-free images classified via PhenoCam derived flood metrics across the time period 

of 2013-09-16 to 2015-05-31. (b) The number of flooded and non-flooded MODIS cloud-free 

images by growing and non-growing season. The insert table was mean and standard deviation 

(S.D.) of red and near-infrared surface reflectance values by flood status and time periods. 

3.2 The classifier separating MODIS cloud-free images as flooded vs. non-flooded 

3.2.1 Results of logistic regression model with predictors of red and NIR reflectance 

The MODIS cloud-free images were classified into two categories, flooded and non-

flooded based on the logistic regression classification model with predictors of red and NIR 

reflectance. This model explained 21.7 % of the variation in flood status of the vegetated marsh 
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(explained deviance = 21.7%). The logistic regression coefficients give the change in the log 

odds of the outcome for one unit increase in the predictor variable. Here, the coefficients of two 

predictors of the model were 54.0 and -54.3 for red and NIR reflectance respectively, indicating 

the log odds of probability that a pixel was flooded increased by 54.0 for one unit change in red 

reflectance and decreased by 54.3 for one unit change in near-infrared reflectance (Table 2). As 

mentioned before, the model predicted the probability that an observation could be classified as 

flooded. Hence, the red reflectance had a positive relationship with the probability of flooded 

while the near-infrared reflectance had a negative one.   

Table 3. Summary of logistic regression classification model with predictors of red and NIR 

reflectance for predicting the probability of MODIS image as flooded.  

Predictor Coefficient Standard error Z value P value 

Intercept 1.3 0.9 1.4 0.148 

ρr 54.0 22.3 2.4 0.015* 

ρ
NIR

 -54.3 13.9 -3.9 0.000*** 

a
Explained deviance = 1 – (residual deviance/null deviance) = 1 – 93.5/119.4 = 21.7% 

b
* p<0.05; ** p<0.01; *** p<0.001. 

3.2.2 Results of logistic regression model with predictors of red, NIR reflectance and phenology 

variable (TnNDVI or TWDRVI) 

As mentioned in Section 2.3.2, TNDVI and TWDRVI were two phenology variables deriving 

from NDVI and WDRVI patterns respectively. The coefficients of TNDVI were 0.11 for a, 0.42 for 

b, 365 for TP and 220 for d0 (Equation 6). The coefficients of TWDRVI were 0.12 for a, -0.56 for b, 

365 for TP and 218 for d0 (Equation 6). The peak days d0 of two phenology variables were both 

in August (220: August 8; 218: August 6). The logistic regression classification model with the 

phenology patterns predictor derived by NDVI patterns (hereafter called “LRMNDVI”) explained 
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29.6% of the variation in flood status of the vegetated marsh (explained deviance = 29.6%). The 

coefficients of three predictors of the model were 63.9 for red reflectance, -66.9 for NIR 

reflectance and 13.3 for TNDVI respectively, indicating the log odds of probability that a pixel was 

flooded increased by 63.9 for one unit change in red reflectance, decreased by 66.9 for one unit 

change in near-infrared reflectance and increased by 13.3 for one unit change in TNDVI (Table 4). 

On the other hand, the logistic regression classification model with the phenology patterns 

predictor derived by WDRVI patterns (hereafter called “LRMWDRVI”) also explained 29.6% of the 

variation in flood status of the vegetated marsh (explained deviance = 29.6%). The coefficients 

of three predictors of the model were 63.7 for red reflectance, -67.1 for NIR reflectance and 12.3 

for TWDRVI respectively, indicating the log odds of probability that a pixel was flooded increased 

by 63.7 for one unit change in red reflectance, decreased by 67.1 for one unit change in near-

infrared reflectance and increased by 12.3 for one unit change in TWDRVI (Table 4). Hence, the red 

reflectance and phenology patterns variable had a positive relationship with the probability of 

flooded while the near-infrared reflectance had a negative one for both LRMNDVI and LRMWDRVI.   

Table 4. Summary of logistic regression classification model, LRMNDVI and LRMWDRVI, for 

predicting the probability of MODIS image as flooded.  

Model Predictor Coefficient Standard error Z value P value 

LRMNDVI Intercept -3.3 1.8 -1.8 0.066  

 ρr  63.9 22.5 2.8 0.005 ** 

 ρNIR -66.9 16.2 -4.1 0.000 *** 

 TNDVI 13.3 4.6 2.9 0.004 ** 

LRMWDRVI Intercept 9.2 2.9 3.1 0.002 ** 

 ρr  63.7 22.6 2.8 0.005 ** 

 ρNIR -67.1 16.2 -4.1 0.000 *** 
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 TWDRVI 12.3 4.3 2.9 0.004 ** 

 

 

a
LRMNDVI Explained deviance=1-(residual deviance/null deviance)=1-84.0/119.4=29.6% 

b
LRMWDRVI Explained deviance=1-(residual deviance/null deviance)=1-84.0/119.4=29.6% 

c
* p<0.05; ** p<0.01; *** p<0.001. 

The overall accuracy of classification first increased to almost 90% and then fluctuated 

between 80% and 90% with the increasing of cut-off probability (cp) (Fig. 12). Instead, the non-

flooded classification accuracy decreased with the increasing of cp and it was between 80% and 

100%. Hence, the two accuracies could not be maximized at the same time and the appropriate 

balance point should be the best cp. Here, overall classification accuracy was ensured larger than 

80% and then selected cp for LRMNDVI (LRMWDRVI) that had the largest non-flooded classification 

accuracy. As a result, the best cp for LRMNDVI was 0.21, with the overall accuracy of 84.0% and 

non-flooded classification accuracy of 95.6%. And the best cp for LRMWDRVI was also 0.21, with 

the overall accuracy of 83.2% and non-flooded classification accuracy of 95.5%.  
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Figure 12. The overall and non-flooded classification accuracy based on the results of the logistic 

regression model for an entire year, (a) LRMNDVI and (b) LRMWDRVI. These patterns change along 

with an increase in cut-off probability (“cp”) for classifying observations as flooded. The best cp 

was (a) 0.21, with the overall accuracy of 84.0% and non-flooded accuracy of 95.6%; (b) 0.21, 

with the overall accuracy of 83.2% and non-flooded accuracy of 95.5%. 

Based on the best cp for LRMNDVI, 86 non-flooded and 19 flooded observations were 

classified correctly (Table 5). But there were 4 flooded observations misclassified as non-flooded 

observations and 16 non-flooded observations were misclassified as flooded. Five-fold cross 

validation showed the average overall classification accuracy was 77.0% ± 8.0% (mean ± 

RMSE) and non-flooded classification accuracy was 91.7% ± 6.7% (mean ± RMSE). Based on 

the best cp for LRMWDRVI, 85 non-flooded and 19 flooded observations were classified correctly 

(Table 5). But there were 4 flooded observations misclassified as non-flooded observations and 
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17 non-flooded observations were misclassified as flooded. Five-fold cross validation showed 

the average overall classification accuracy was 77.3% ± 8.0% (mean ± RMSE) and average non-

flooded classification accuracy was 91.8% ± 6.4% (mean ± RMSE).  

Table 5. The classification confusion table resulting from the logistic regression model, LRMNDVI 

and LRMWDRVI, run across the training data. 

 

 Predicted 

 
Model Observed Non-flooded Flooded Overall 

LRMNDVI Non-flooded 86 16 

 

 

Flooded 4 19 

 

 

Accuracy 95.6% 54.2% 84.0% 

LRMWDRVI Non-flooded 85 17 

 

 

Flooded 4 19 

 

 

Accuracy 95.5% 52.8% 83.2% 

a
LRMNDVI: 5-fold Cross validation results: average overall accuracy was 77.0% and RMSE was 

8.0%.  Average non-flooded accuracy was 91.7% and RMSE is 6.7%. 

b
LRMWDRVI: 5-fold Cross validation results: average overall accuracy was 77.3% and RMSE was 

8.0%.  Average non-flooded accuracy was 91.8% and RMSE is 6.4%. 

The logistic regression classification models were applied to the testing dataset. As a 

result, the overall classification accuracy was 86.4% and non-flooded classification accuracy was 

87.2% for LRMNDVI (Table 6). The overall classification accuracy was 86.4% and non-flooded 

classification accuracy was 87.2% for LRMWDRVI (Table 6). 
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Table 6. The classification confusion table resulting from the logistic regression model, LRMNDVI 

and LRMWDRVI, run across the testing data. 

  Predicted 

 
Model Observed Non-flooded Flooded Overall 

LRMNDVI 

 

Non-flooded 34 1 

 

 

Flooded 5 4 

 

 

Accuracy 87.2% 80.0% 86.4% 

LRMWDRVI 

 

Non-flooded 34 1 

 

 

Flooded 5 4 

 

 

Accuracy 87.2% 80.0% 86.4% 

 

As shown in Table 5 and 6, there were 4 flooded observations in the training dataset and 

5 flooded observations in the testing dataset misclassified as non-flooded using LRMNDVI or 

LRMWDRVI. And the 9 error observations from LRMNDVI were the same as those from LRMWDRVI. 

These misclassified observations would reduce the quality of MODIS non-flooded products. 

Therefore, it was necessary to understand the cause of misclassification (Table 7 and Fig. 13). 

Table 7. The red, NIR reflectance and percentage (%) water of flooded observations that were 

misclassified as non-flooded based on LRMNDVI or LRMWDRVI. 

Date 𝝆𝒓 𝝆𝑵𝑰𝑹 % Water Image No. in Fig. 13 

2013-11-04 0.05 0.12 47.6 a 

2012-12-06 0.05 0.13 8.1 b 

2014-05-17 0.03 0.10 69.9 c 

2014-11-07 0.05 0.13 27.4 d 
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2015-02-07 0.05 0.08 8.2 e 

2015-02-20 0.04 0.09 63.7 f 

2015-04-21 0.05 0.11 13.1 g 

2015-04-23 0.05 0.15 6.3 h 

2015-05-31 0.03 0.09 8.9 i 

 

 

Figure 13. PhenoCam images of flooded observations that were misclassified as non-flooded. 

Image number a to i are related to the number in Table 7. 
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3.3 The tide adjusted wetland index (TAWI) for identifying the non-flooded images within 

MODIS cloud-free dataset. 

For LRMNDVI, the variables (Vn) of the model were 𝜌𝑟, 𝜌𝑛𝑖𝑟, and TNDVI and the coefficients 

(βn) of the variables were 63.9, -66.9 and 13.3 respectively. The intercept (β0) of LRMNDVI was -

3.3 (Equation 9). For LRMWDRVI, the variables (Vn) of the model were 𝜌𝑟, 𝜌𝑛𝑖𝑟, and TWDRVI and the 

coefficients (βn) of the variables were 63.7, -67.1 and 12.3 respectively. The intercept (β0) of 

LRMWDRVI was 9.2 (Equation 9). Consequently, the TAWI could be calculated by the surface 

reflectance of red (𝜌𝑟) and NIR (𝜌𝑁𝐼𝑅) and the day of year (doy) according to the Equations 6, 8 

and 9. The resulting TAWI calculation equation is as below (Equation 10 and 11). And the cut-

off values of TAWINDVI and TAWIWDRVI were both 0.21. 

𝑇𝐴𝑊𝐼𝑛𝑑𝑣𝑖 =
1

1+ 𝑒−63.9 ∗ 𝜌𝑟 + 66.9 ∗ 𝜌𝑁𝐼𝑅 − 1.5 ∗ cos(0.02∗𝑑𝑜𝑦 – 3.7) − 2.3
                    (10) 

𝑇𝐴𝑊𝐼𝑤𝑑𝑟𝑣𝑖 =
1

1+ 𝑒−63.7 ∗ 𝜌𝑟 + 67.1 ∗ 𝜌𝑁𝐼𝑅 − 1.5 ∗ cos(0.02∗𝑑𝑜𝑦 – 3.7) − 2.3
                   (11) 

Where TAWINDVI and TAWIWDRVI were the tide adjusted wetland index derived by LRMNDVI and 

LRMWDRVI respectively. 𝜌𝑟 is the surface reflectance of the MODIS red band. 𝜌𝑁𝐼𝑅 is the surface 

reflectance of the MODIS NIR band; and doy is the day of year. 

3.4 The application of tide adjusted wetland index (TAWI) in generating the MODIS non-

flooded products of 2000-2015 

The NDVI rolling average (by eight days) plot (Fig. 14a) of non-flooded MODIS images 

(post-TAWI) in the study site was smoother and had more obvious phenology patterns than 

MODIS cloud-free images (pre-TAWI). The WDRVI rolling average (by eight days) plot (Fig. 

14b) had similar patterns to NDVI. The phenology patterns were more fluctuated from 2006 than 

previous years, especially in 2011 and 2012.  
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Figure 14. NDVI (a) and WDRVI (b) rolling averages (by eight days) of MODIS cloud-free 

pixels (pre-TAWI) and non-flooded pixels predicted by the TAWI (post-TAWI) in the study site 

(see Fig. 3). 

For three salt marshes in Georgia, South Carolina and North Carolina, the NDVI rolling 

average (by eight days) plots (Fig. 15a, 16a and 17a) of non-flooded MODIS images (post-

TAWI) were smoother and had more obvious phenology patterns than MODIS cloud-free images 

(pre-TAWI) respectively. The WDRVI rolling average (by eight days) plots (Fig. 15b, 16b, and 

17b) had similar patterns to NDVI. It demonstrated that TAWI could identify non-flooded 

observations for these three salt marshes. In addition, the phenology patterns were more 

fluctuated from 2006 than previous years for the three sites. The phenology patterns of salt marsh 

in Georgia were the most fluctuated, followed by South Carolina, and then North Carolina. 
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Figure 15. NDVI (a) and WDRVI (b) rolling averages (by eight days) of MODIS cloud-free 

pixels (pre-TAWI) and non-flooded pixels predicted by the TAWI (post-TAWI) in Pine Harbor, 

Sapelo River, Georgia, USA. 
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Figure 16. NDVI (a) and WDRVI (b) rolling averages (by eight days) of MODIS cloud-free 

pixels (pre-TAWI) and non-flooded pixels predicted by the TAWI (post-TAWI) in Garden City 

Bridge, Main Creek, South Carolina, USA. 
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Figure 17. NDVI (a) and WDRVI (b) rolling averages (by eight days) of MODIS cloud-free 

pixels (pre-TAWI) and non-flooded pixels predicted by the TAWI (post-TAWI) in Southport, 

North Carolina, USA. 
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CHAPTER 4 

DISCUSSIONS 

4.1 Pre-classification: flagging flooded and non-flooded MODIS pixels 

 The cloud mask removed 62.8% of MODIS images, leaving 37.2% cloud-free data for 

analysis across 2000-2015. Cloudy days are common along the Georgia coast due to rain or fog 

occurrences. Among cloud-free MODIS images from 2013-09-16 to 2015-05-31 (214 images 

total), 64% were flagged as non-flooded, 15% were flagged as flooded and 21% were unknown 

flood status. The unknown flood status images accounted for a larger proportion than flooded 

images, due to the strict rules flagging images, ensuring that the flags were as accurate as 

possible. Additionally, a mechanical failure caused the PhenoCam to go off line from 2014-07-

16 to 2014-09-01 and all images during that time were classified as unknown.  

 There was no significant difference in average red reflectance of non-flooded and flooded 

observations in both growing season and non-growing season. The red signals of non-flooded 

and flooded vegetation are both very weak. However, the average near-infrared reflectance of 

non-flooded observations was significantly larger than those of flooded observations in both the 

growing season and non-growing season. Others have found that the near-infrared signal of 

flooded vegetation is reduced by the water from tide while that of non-flooded vegetation is still 

strong because of vegetation properties (Lorenzen & Jensen, 1988). 

There were some limitations on matching MODIS data and PhenoCam images spatially 

and temporally. Although the selected two MODIS pixels covered an area of marsh that was both 

near to the PhenoCam and sampled the majority of the marsh within the PhenoCam field-of 
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view, these two pixels also covered a small area of forest in the bottom right of pixel 2. As a 

result, the value of near-infrared reflectance of these two pixels might be higher than that of salt 

marsh vegetation. Further, the water percentage of the nearest PhenoCam image acquisition that 

occurred when MODIS passed was used to represent that of the MODIS image, but tidal 

variation can be great, even within several minutes. Also, there was limitation on defining the 

flood status of MODIS pixels based on the water percentage values. Visual inspection was used 

in this step, which requires prior knowledge and expertise. However, a very low cut-off water 

percentage value (2%) was used to define non-flooded pixels, which would reduce the 

uncertainty of the flood status of dry marsh. Obvious water appeared in all of the PhenoCam 

images with water percentage values larger than 6, which would reduce the uncertainty of the 

flood status of flooded marsh. 

4.2 Classification: evaluation of logistic regression models and TAWI identifying non-

flooded vegetated marsh  

 The logistic regression model without the phenology predictor explained 21.7% of the 

variation in flood status of the vegetated marsh. After adding the phenology predictor, the model 

could explain 29.6% of the variation using either TNDVI or TWDRVI (phenology variables derived 

from NDVI and WDRVI phenology patterns respectively). Therefore, the logistic regression 

model was improved by adding predictors that corresponded to change in reflectance over time. 

The reason is that the reflectance patterns for non-flooded and flooded pixels changed over time. 

The phenology pattern of non-flooded pixels is because of the vegetation growth and death over 

time. Although the vegetation in flooded pixels is influenced by water, there is still weak 

vegetation signal remaining resulting in the phenology patterns of reflectance.  
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Admittedly, the explained deviance of the improved model was only 29.6%, which 

demonstrated the model did not fit very well. The deviance is part of because of the 

heterogeneities of MODIS pixels consists of salt marsh vegetation, forest and creek (see Fig. 5). 

In addition, most areas of salt marsh are dormant, with little or no aboveground live vegetation 

remaining during non-growing season (Hammer, 1989). Thus, the spectral signals of vegetation 

may be too weak to be distinguished from other cover types, which reduced the explained 

deviance of the model. However, the overall classification accuracy and non-flooded 

classification accuracy were high, larger than 80% and 95% respectively. In summary, the model 

could classify the MODIS pixels as flooded and non-flooded accurately although had a relatively 

low fitness degree. 

 There were 9 flooded observations misclassified as non-flooded observations, which 

could reduce the quality of MODIS data of identifying the non-flooded vegetated marsh (Table 

7). Several explanations may have contributed to the misclassification. For image a, b and d (Fig. 

13), these were flooded non-growing season images. However, these three images had higher 

NIR reflectance values (larger than 0.12) than those of other flooded observations during the 

non-growing season (Fig. 18). The logistic regression model suggested that higher NIR 

reflectance indicates non-flooded vegetation. Thus, perhaps the atmospheric correction produced 

incorrect NIR surface reflectance values. Alternatively, perhaps algae and other microorganisms 

in the water lead to a high NIR reflectance for these three observations (Han & Rundquist, 1997). 

For images c, e and f (Fig. 13), the red and near-infrared reflectance values were consistent with 

the average red and near-infrared reflectance of corresponding groups (Fig. 11). Thus, it may 

result from the model classification error. For images g, h and I (Fig. 13), the misclassification 

may be the true values of these images appear non-flooded. There is mist visible on the lens, 
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which might have influenced the PhenoCam algorithms to give an incorrect water percentage 

values for these three images. In summary, the TAWIs performed very well on identifying the 

non-flooded observations within cloud-free MODIS images since there were only three flooded 

observations were misclassified as non-flooded due to the model classification error.  

 

Figure 18. Near-infrared reflectance (NIR) values of flooded observations of non-growing 

season. The three points above the red line were outliers with high NIR reflectance. 

4.3 Post-classification: application of tide adjusted wetland index (TAWI) in long time 

period and different salt marsh sites 

Overall phenology derived for 15 years pre- and post-TAWI showed that post-TAWI 

phenology was able to remove the noise due to tide influence. The phenology patterns were more 

fluctuated from 2006 than previous years for the three salt marsh sites. Perhaps, the sea level 

rising leads to more and more flooded days over year (Berry & BenDor, 2015). In addition, 
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TAWI was applied to three independent sites in Georgia, South Carolina, and North Carolina and 

produced similar results. The phenology pattern of salt marsh in Georgia was the most fluctuated, 

followed by South Carolina, and then North Carolina. TAWI worked best in areas where tide 

influence was the worst (Georgia). However, there was restriction on applying TAWI to salt 

marsh sites in different places. TAWI is calculated by red, NIR reflectance and phenology 

patterns variable. The phenology patterns changed over different places, such as peak day, 

growing season and non-growing season. Thus, the TAWI derived from Georgia phenology only 

can be used in the places where the phenology is similar to Georgia, such as South Carolina and 

North Carolina. In the future, the phenology-adjusted parameters will be added to TAWI 

equations to increase the applicability of TAWI in the salt marshes which have different 

phenology patterns to Georgia, such as Louisiana.  
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CHAPTER 5 

CONCLUSIONS 

 This research presented a novel index, TAWI (tide adjusted wetland index) for 

identifying and eliminating tide affected salt marsh images from temporally dense and spatially 

coarse MODIS data. TAWI can be used to filter out flooded vegetation from MODIS daily 

products to avoid daily variability within salt marsh biophysical parameters due to tidal 

fluctuations. Incorporating the phenology variable to the logistic regression model improved the 

classification results, explaining the variation of vegetated marsh better. Overall phenology 

derived for 15 years pre- and post-TAWI showed that post-TAWI phenology was able to remove 

the noise due to tide influence. TAWI was applied to multiple independent salt marsh sites in 

Georgia, South Carolina and North Carolina and produced similar results. TAWI works best in 

areas where tide influence is the worst (such as Georgia). Eliminating flooded data from salt 

marsh phenology using TAWI will provide accurate remote estimation for numerous biophysical 

parameters including chlorophyll content, above and below ground biomass, and gross primary 

productivity which are the proxy for salt marsh health and productivity.    

One of the challenges of this study was to spatially match PhenoCam images with 

relatively low spatial resolution MODIS data (250m). There are upcoming satellite missions 

those would be highly suitable for furthering the analysis presented in this study.  For example, 

Sentinel-2, the European wide-swath, high-resolution, multi-spectral imaging mission with a 

spatial resolution of 10m in visible and short-wave infrared bands, which may produce higher 

explained deviance than MODIS data (Drusch, 2012).  However, Sentinel-2 provides a revisit 



 

 

49 

time of 5 days at the equator in cloud-free conditions (Drusch, 2012), which may not suit the tide 

variation well. In addition, the logistic regression model based on red and near-infrared 

reflectance may not explain all the variations of salt marsh vegetation. In the future, more bands 

should be included to develop the logistic regression classification model, such as blue, thermal 

band or other narrow bands. Therefore, NASA’s upcoming hyperspectral sensor such as 

Hyperspectral Infrared Imager (HyspIRI) and GEOstationary Coastal and Air Pollution Events 

(GEO-CAPE) data should also be useful and may improve the classification result. 
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