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Aquatic vegetation plays an important role in the ecological interactions and
processes within a water body. However, the presence of the invasive exotic aquatic
plant species, waterhyacinth [Eichhornia crassipes (Mart.) Solms], negatively affects
those interactions as well as interfering with water use for recreation and navigation. An
implemented management plan for waterhyacinth control relies on the use of herbicides.
Efficacy is commonly assessed using visual injury and control ratings as well as
estimating biomass. The problem is that those approaches are labor intensive only
assessing single points throughout the entire water body. Therefore, technology like
remote sensing, which is the focus of this research, is recommended as an additional tool
to assess implemented management plans.
Studies were conducted in a mesocosm research facility to evaluate the
relationship between simulated spectral bands 3, 4, 5, and 7 Landsat 5 TM and
waterhyacinth treated with the herbicides imazapyr and glyphosate. Results indicate that

injury is better detected and predicted with band 4 and that relationship is negative when
either herbicide was used. However, prediction is better when plants have developed
sufficient injury to influence the spectral response of band 4.
In the second study, the biomass of waterhyacinth was estimated using the
Normalized Difference Vegetation Index (NDVI) using simulated data from Landsat 5
TM. This study was conducted over natural populations of waterhyacinth in Lakes
Columbus and Aberdeen, MS over two growing seasons. Results indicate that the use of
NDVI alone is a weak predictor of biomass; however, its combination with morphometric
parameters like leaf area index enhanced predictive capabilities.
In order to assess field herbicide treatments for waterhyacinth control and its
consequent impact on native aquatic vegetation, lake-wide surveys were performed in
Lake Columbus, MS using a point-intercept method. The herbicide assessed was 2,4-D
which was applied aerially and by boats. Point-intercept surveys in a 400 by 400 grid of
points aided with global positioning system (GPS) were performed before and after
herbicide treatments. Obtained results indicate that the frequency of occurrence of
waterhyacinth significantly decreased after herbicide treatments which consequently led
to the reestablishment of native aquatic vegetation on the system.
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CHAPTER I
INTRODUCTION

Aquatic plants play an important role in the ecological function of water bodies
worldwide that consequently affect our most necessary natural resource, water. For
instance, aquatic plants are used as a wildlife food source (Wersal et al. 2005) and
provide habitat structure for fish (Ferrer-Montaño and Dibble 2002). However, when
invasive aquatic plants are introduced to a water body they may become a nuisance,
limiting water use for recreation (Penfound and Earle 1948) and reducing biodiversity
(Toft et al. 2003). According to the United States (US) President Executive Order
#13112 from 1999, an invasive species is defined as “an alien species whose introduction
does or is likely to cause economic or environmental harm or harm to human health”
(Clinton 1999). Based on this, many aquatic plants have been categorized as invasive
and listed under federal or state noxious weeds lists in the US.
The introduction of invasive aquatic plants to water bodies can lead to the
disruption of the ecosystem processes and human uses of water. Pimentel et al. (2005)
estimated up to $110M per year for the U.S. in losses, damages, and management costs of
invasive aquatic plants. These costs can be minimized by implementing monitoring
programs that accurately assess the presence and spread of invasive aquatic plant species
within the water body. Ground-truth surveys are commonly used to monitor aquatic
1

populations. These surveys are expensive because they are very time consuming and
labor intensive. The time and expense of these surveys can be reduced by using available
technologies like remote sensing. This technology can be a useful tool in the assessment
and monitoring of aquatic plant populations through minimizing survey effort and cost.

Waterhyacinth [Eichhornia crassipes (Mart.) Solms]
Waterhyacinth is an exotic free-floating aquatic plant of the Pontederiaceae
family (Godfrey and Wooten 1979). Its native range extends to tropical and subtropical
regions of South America, specifically Brazil, and it has been widely introduced
throughout the continents of Africa, Australia, Asia, Europe, and North America (Holm
et al. 1991). It was first introduced intentionally into the U.S. in 1884 through the World
Exposition in New Orleans, LA (Wunderlich 1962). Since its introduction into the US,
waterhyacinth has spread to AL, AR, AZ, CA, DE, FL, GA, IL, KS, KY, LA, MD, MO,
MS, NC, NJ, NY, OR, SC, TN, TX, and VA (USGS 2008). It is also reported in the
tropical islands of Hawaii and Puerto Rico (USGS 2008). Reproduction of waterhyacinth
is predominantly asexual where offsets (daughter plants) are produced by parent plants.
Asexual reproduction effectively doubles the number of plants within 12.5 d (Penfound
and Earle 1948) increasing dry biomass at a rate of 1.2% d -1 (Center and Spencer 1981).
During summer months, peak biomass can reach a maximum of 2.5 kg m-2 (Center and
Spencer 1981, Knipling et al. 1970) covering the water surface and shading out
submersed aquatic vegetation like coontail (Ceratophyllum demersum L.) (Penfound and
Earle 1948).

2

Consequently, worldwide economic losses and environmental impacts are
common with the presence of waterhyacinth in a water body due to the combination of
the massive floating mat produced and rapid growth rate. Large mats of waterhyacinth
impede the recreational use of rivers and lakes (fishing, swimming and boat traffic).
Waterhyacinth can also interfere with hydroelectric power generation, increase the
potential for flooding, reduce phytoplankton production, and alter ecosystem properties
(Toft et al. 2003, McVea and Boyd 1975). In Puerto Rico, waterhyacinth is considered a
problem in the operation of hydroelectric plants, pumping facilities for aqueducts, and
sewer operations (Rushing 1974). Insect vectors for human diseases like mosquitoes
have been shown to use waterhyacinth as breeding habitat (Penfound and Earle 1948).
The management of waterhyacinth usually relies on the use of chemicals such as the
herbicides 2, 4-D (Mossler and Langeland 2006), glyphosate (Van et al. 1986) and diquat
(Langeland et al. 2002). Biological control using entomological agents such as
Neochetina bruchi and N. eichhorniae has been recommended as an effective measure in
long-term control when combined with herbicides (Center et al. 1999). Other control
measures are suggested, but their use is often limited due to non-selectivity and high
costs (Madsen 2000). For the above reasons, waterhyacinth is considered one of the
“world’s worst weeds” (Holm et al. 1991).

3

Remote Sensing

General Concept
Remote sensing is a technology for acquiring information from a target without
physical contact. Reflected energy at a specific wavelength from a geographic surface
(e.g. plant stand) is acquired and processed by either passive or active sensors carried in
aircraft (aerial remote sensing) or satellites (space remote sensing) to construct images
over a target area. The difference between the two types of sensors is the origin of the
energy source measured. Passive sensors measure energy reflected from the target that
was originally irradiated by the sun. However, active sensors originate their own energy
source at a specific wavelength sending out a beam that hits the target. The response is
then measured back in the sensor. Only passive sensors are covered on this document.
An image is a representation of a specific geographic space scanned by a sensor
and presented in a uniform grid arrangement called raster format. The units of this grid
of cells are known as pixels. Each pixel contains a digital number which corresponds to
the intensity of energy reflected back to the sensor from the target along different regions
of the electromagnetic spectrum. This response is called radiometric resolution. Pixels
have a specific ground area where the information was collected which is known as
spatial resolution. Most of the available passive sensors construct images based on the
reflected energy in the visible (400-700 nm) and near-infrared (700-1300 nm) regions of
the electromagnetic spectrum. Within the visible spectral region, energy is measure in
the blue, green and red regions which are useful in plant applications. These types of
passive sensors are called multispectral where only a few spectral regions on the
4

electromagnetic spectrum are considered. However, new available passive sensors,
known as hyperspectral, consider more spectral regions which potentially allows for
extracting more information from the target. For the purpose of sensor description, a
spectral region where the reflected energy is measured is referred to as spectral bands. In
order to extract valuable information collected by multispectral or hyperspectral sensors
and make an intelligent interpretation of an image, it is important to understand how the
reflected energy of a specific target, on this case plants, varies over time as well as under
growth stress.

Spectral Characteristics of Aquatic Plant Species
Typically, energy in the red (650-700 nm) and mid-infrared (1,300-3,000 nm)
regions are absorbed by chlorophyll molecules and water in plants, respectively (Jensen
2000). However, when plants are healthy, energy is highly reflected by internal leaf
structures (e.g. spongy mesophyll cells) in the green (500-550 nm) and near-infrared
(700-1300 nm) regions (Jensen 2000). In aquatic plant species, the surrounding aquatic
habitat where they grow represents a limiting factor due to the high absorbance of energy
by water as wavelength increases (Lehmann and Lachavanne 1997, Peñuelas et al. 1993).
For instance, energy in the near-infrared region is more likely to be absorbed by water
than energy reflected in the visible region. Consequently, energy reflectance from an
aquatic plant stand is related to the vegetation cover – water background ratio (Artigas
and Yang 2006, Best et al. 1981). Therefore, in aquatic habitats knowing the spectral
response of aquatic plant species represents vital information for image analysis.
Spectral information from target plant species can be acquired using handheld
5

spectroradiometers that measure reflectance directly in the field. Available
spectroradiometers can either measure reflectance in a few bands (multispectral) or many
bands (hyperspectral). Most of the spectral data available obtained from aquatic plant
species has used handheld multispectral spectroradiometers measuring reflectance in the
visible, near and mid infrared regions (Everitt et al. 2002, 2000).
In general, plant reflectance is affected by growth form (submersed, floating, and
emerged), plant pigment content, stress due to water loss, insect or herbicide damage as
well as phenological stage of the plant (Vis et al. 2003, Peñuelas et al. 1993). According
to Everitt and others (2000), the floating aquatic plant waterhyacinth exhibits
significantly higher near-infrared reflectance than the submersed aquatic plant hydrilla
[Hydrilla verticillata (L.F.) Royle]. Similarly, emergent aquatic plants such as
alligatorweed [Alternanthera philoxeroides (Mart.) Griseb.], common cattail (Typha
latifolia L.), primrose [Ludwigia palustris (L.) Ell.], and smartweed (Polygonum
lapathifolium L.) will also have higher near-infrared reflectance as well as lower red
reflectance (630-690 nm) than the submersed species coontail (Everitt et al. 2002,
Peñuelas et al. 1993). The reason is that floating and emergent aquatic plants have more
canopy exposure over the water than submersed plants. Therefore, submersed aquatic
vegetation will be the most difficult growth form to evaluate with remote sensing
applications due to the absorption of light by water. Vis and others (2003) concluded that
remote sensing is the least accurate method to study submersed aquatic vegetation. For
instance, submersed species like hydrilla are usually reported to have low near-infrared
reflectance (760-900 nm) due to its open canopy and the large amount of plant density
under water (Everitt et al. 2000).
6

Similar to plant growth form, chlorophyll concentrations play an important role
for aquatic vegetation population assessment. Aquatic plants with dark green leaves
(high chlorophyll concentration) such as waterhyacinth and hydrilla reflected
significantly less green light (520-600 nm) and absorbed more red light (630-690 nm)
than light green and brown foliage aquatic plants (lower chlorophyll concentration) such
as American lotus and giant salvinia (Salvinia molesta D. S. Mitchell) (Everitt et al.
2002). Changes in the concentration of plant pigments are also related to plant stress (e.
g. herbicide injury) which may directly influence reflectance among plant species. It is
reported that when plants are under stress conditions, chlorophyll concentrations decline
in the same fashion as reflectance in the visible and infrared regions (Carter and Knapp
2001, Carter 1993). In aquatic plants like giant salvinia, stress due to severe insect
damage is reported to decrease near-infrared reflectance (Everitt et al. 2005). On the
other hand, when aquatic plants such as waterhyacinth and yellow cowlily [Nuphar
luteum (L.) Sibth. & Sm.] are taken out of the water, the mid-infrared region (> 1300 nm)
is more sensitive to this type of stress (Carter 1991). In terrestrial plants, changes in red
and near-infrared reflectance are reported to be useful in the detection of herbicide injury
(Henry et al. 2004; Thelen et al. 2004), but in aquatic plant species the effect of herbicide
on light reflectance have not been evaluated.
The phenology and seasonal biomass changes of waterhyacinth have been studied
(Center and Spencer 1981); however, the detection of these changes with remote sensing
has not been widely studied. Near-infrared has been suggested to be useful in
distinguishing phenological stages in aquatic plants (Best et al. 1981). The reason is
because as the plant reaches maturity, air spaces in the spongy mesophyll increase which
7

consequently increases reflectance in the near-infrared region (Gausman 1974).
Following those basic concepts, recent studies conducted with giant salvinia showed that
when plants senesced, near-infrared reflectance was significantly lower than healthy
green plants (Everit et al. 2002, 2005). The cause of this change is the discoloration of
plant tissue due to stress (Best et al. 1981) and the lack of plant pigments like chlorophyll
(Gates et al. 1965) during the senescence process. Although it is well known in the
literature how light interacts with vegetation, continuous data is lacking, which is very
important to remote sensing applications.
Likewise, very little previous knowledge exists for the use of hyperspectral data
for aquatic plant species. It is reported that hyperspectral data is useful to distinguish
among floating and emergent aquatic plant species (Mathur 2006, Artigas and Yang
2006). According to Jakubauskas et al. (2000), spatterdock (Nuphar polysepalum
Engelm.) cover greater than 78% forms a “classic vegetation spectral response curve”
with high reflectance in near-infrared region and strong absorption in blue and red
regions when hyperspectral data is used. Water quality characteristics in lakes have also
been studied using a hyperspectral sensor (Menken et al. 2006).

Remote Sensing in Aquatic Habitats
Space and aerial remote sensing (satellite and aircraft imagery) are some available
tools suggested to acquire data from an entire water body (Lehmann and Lachavanne
1997; Madsen and Bloomfield 1993). Lehmann and Lachavanne (1997) concluded that
aerial remote sensing has a better spatial resolution on aquatic vegetation and noted that

8

further studies should be conducted to evaluate space remote sensing as well as to study
the spectral characteristics of aquatic plants.
In general, images provide information on the target area to facilitate the
assessment of aquatic plant distributions, monitor inaccessible areas, detect seasonal
biomass changes, and evaluate the priority of infested areas for control efforts (Madsen
and Bloomfield 1993, Everitt et al. 2002, Jakubauskas et al. 2002). Sampling time and
effort may be reduced when remote sensing is used (Jakubauskas et al. 2002). Aerial
remote sensing using color infrared and panchromatic photographs has been used in
wetland mapping (Maheu-Giroux and de Blois 2005) with limitations of continuous data
archives and higher costs. This problem may be solved with the use of space remote
sensing which provides imagery records over time allowing for the tracking of the
invasiveness of target plants. Satellites launched by NASA such as Landsat, Terra, and
Aqua carry useful multispectral sensors for large-scale remote sensing applications.
Multispectral sensors carried in Landsat 5 and 7 such as thematic mapper (TM) and
enhance thematic mapper plus (ETM+) provide higher spatial resolution (pixels of 30
meter or less) than Terra or Aqua. The multispectral sensor TM onboard Landsat 5 has
provided continuous imagery of the earth’s surface since 1982 by scanning the earth
every 16 days. Since then, Landsat 5 TM has been the only currently working sensor that
provides multispectral imagery in 7 spectral bands including the visible and infrared
regions. Each image is 31,571 km2 of scene size with a radiometric resolution of 8-bit.
This means that the intensity of the spectral response at the sensor from each pixel at a
specific band is recorded within brightness values ranging from 0 to 255. Pixel values
can be manipulated and analyzed to extract useful information from the target area. One
9

way to extract information from the target area is by creating image products using a
combination of spectral bands. The combination of spectral bands also known as
vegetation indices in plant applications may provide plant growth change information.
The normalized difference vegetation index (NDVI) is a well known index developed in
the 1970’s which provides information about seasonal biomass of vegetation over a time
period (Rouse et al. 1973). The NDVI combines the sum and the difference of the red
and near-infrared (NIR) spectral bands into a ratio. In aquatic habitats, there is a lack of
information describing the performance of the NDVI derived from Landsat TM in
relation to aquatic plant biomass, although attempts have been performed using other
available multispectral sensors with lower spatial resolution (Peñuelas et al. 1993). Some
currently inoperable Landsat sensors, such as the multispectral scanner system (MSS),
have been used in aquatic vegetation mapping in the past, and have been recommended
for multitemporal studies over large areas (Raitala et al. 1985). According to Raitala and
Lampinen (1985), satellite imagery acquired from Landsat can be used to map the
distribution of aquatic vegetation in large areas. In Africa, Landsat satellite imagery has
been used to track the distribution and spread of waterhyacinth over a twelve year period
(Albright et al. 2004). Likewise, handheld multispectral sensors have been used to study
how spectral characteristics differ among aquatic plant species including waterhyacinth
(Everitt et al. 2002). However, spectral response by individual aquatic plant species
simulating onboard satellite sensors has not been investigated, which is very important to
image interpretation.
The development of distribution maps over large aquatic plant communities is a
useful tool in developing an integrated invasive aquatic plant management plan. Areas of
10

infestation by invasive aquatic plants can be delineated and measured allowing for sitespecific control efforts and tracking plant invasiveness over threatened habitats. Target
and non-target areas can be separated allowing for accurate follow up control efforts, thus
avoiding revisiting areas with adequate control. Although remote sensing has some
limiting factors for aquatic environment assessment, it is evident that it can be accurately
used to acquire data for the purpose of mapping and detecting changes in an aquatic
environment over time.
The goal of this research was to document the feasibility of using remote sensing
to detect herbicide phytotoxicity and monitor seasonal biomass changes of waterhyacinth.
Chapters 2 and 3 used ground-truth remote sensing data collected with a handheld
hyperspectral sensor and then transformed into Landsat 5 TM data. In chapter 2, the
detection of herbicide phytotoxicity to waterhyacinth was documented using simulated
spectral bands 3, 4, 5, and 7 from Landsat 5 TM. This study was conducted in an outdoor
mesocosm facility where waterhyacinth was treated with the herbicides imazapyr and
glyphosate during two growing seasons. The goal of this study was to elucidate useful
spectral band(s) to detect and predict herbicide injury on waterhyacinth. In chapter 3, the
detection of seasonal biomass of waterhyacinth was documented using calculated NDVI
derived from simulated spectral bands. This study was conducted in three natural
populations of waterhyacinth growing in Lake Columbus and Aberdeen, MS during the
2005 and 2006 growing seasons. Monthly biomass of waterhyacinth was collected along
with remote sensing data over the plant canopy. This data was used to obtain NDVI
values when combining bands 3 and 4 of the Landsat 5 TM simulated dataset. The goal
of this study was to evaluate remote sensing as a tool to predict waterhyacinth biomass.
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Lake managers interested in using remote sensing may use this approach to develop lakewide management plans and vegetation assessments. Following the same line of thought,
chapter 4 provides information about additional tools to assess management practices for
invasive aquatic plant control. In this chapter, point-intercept surveys were used to assess
herbicide efficacy on waterhyacinth as well as exotic and native vegetation changes in
Lake Columbus, MS. The approach for this assessment was to survey the lake before and
after herbicide treatments and document the frequency of occurrence of aquatic plant
species. The importance of this chapter is that lake-wide surveys using the pointintercept method can also be further used for accuracy assessments of classified maps
developed from Landsat 5 TM imagery. Treated areas categorized in the classified maps
may be verified with point-intercept survey data to assess accuracy, because pointintercept data integrates information of geographic locations and aquatic plant species
present.
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CHAPTER II
DETECTION OF HERBICIDE INJURY ON WATERHYACINTH [Eichhornia
crassipes (Mart.) Solms] USING REMOTE SENSING

Abstract
Many large-scale nuisance aquatic plant control programs are based on herbicide
applications. Implementation of large-scale control programs requires accurate detection
of herbicide injury in order to determine efficacy. Studies were conducted in the fall and
summer of 2006 and 2007 at the R.R. Foil Plant Research Facility mesocosm tank
facility, Mississippi State University, to detect and predict herbicide injury on
waterhyacinth treated with four different rates of imazapyr and glyphosate. Both
herbicides were applied separately at recommended rates (0.6 and 3.4 kg ae / ha,
respectively) and 3 rates lower than recommended using a CO2 backpack sprayer. Injury
was visually estimated using a phytotoxicity rating scale, and reflectance measurements
were collected using a handheld hyperspectral sensor. Reflectance measurements were
then transformed into a Landsat 5 TM simulated data set to obtain pixel values for each
spectral band. Statistical analysis was performed to determine if a correlation exists
between bands 3, 4, 5, and 7 and phytotoxicity ratings. Simulated data from Landsat 5
TM indicate that band 4 is the most useful band that detects and predicts herbicide injury
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of waterhyacinth affected by glyphosate and imazapyr. However, the predictability of
herbicide injury is better when plants have developed sufficient symptomology.
Nomenclature: Glyphosate, imazapyr, waterhyacinth, Eichhornia crassipes (Mart.)
Solms, EICCR.
Key words: Reflectance, spectral bands, phytotoxicity, invasive plant, aquatic plant
management.

Introduction
Waterhyacinth is an exotic free-floating aquatic plant and a monocot belonging to
the Pontederiaceae family (Godfrey and Wooten 1979). The native range of
waterhyacinth extends to tropical and subtropical regions of South America, and it was
introduced into United States (US) in 1884 (Wunderlich 1962). Reproduction of
waterhyacinth is predominantly vegetative, by which it effectively doubles the number of
plants every 12.5 d (Penfound and Earle 1948) and increases dry biomass at a rate of
1.2%/d (Center and Spencer 1981). The massive floating plant mats produced at this
rapid growth rate and the species’ relation to worldwide economic losses and
environmental impacts have led to waterhyacinth being considered one of the “world’s
worst weeds” (Holm et al. 1991). For instance, the presence of waterhyacinth in a water
body limits water use for recreation, hydroelectric power generation, as well as reducing
phytoplankton production and oxygen mixing in the water column (Toft et al. 2003,
Honnell et al. 1993, McVea and Boyd 1975).
Management of waterhyacinth is usually dependent on the use of herbicides such
as diquat (Langeland et al. 2002), glyphosate (Van et al. 1986), and 2,4-D (Joyce and
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Haller 1984) to control its biomass and prevent its spread. For instance, diquat rapidly
reduces plant tissue within 3 d, controlling more than 85% of the plant stand (Langeland
et al. 2002). Likewise, glyphosate and 2, 4-D are reported to reduce populations of
waterhyacinth to “non-problematic levels” achieving more than 85% control in 14 d or
less (Van et al. 1986, Joyce and Haller 1984). According to anecdotal evidence, new
herbicides like imazapyr have also effectively control waterhyacinth, although no studies
have been published to date.
Plants commonly exhibit some phytotoxicity before mortality due to herbicide
treatments. Phytotoxicity is the herbicide symptomology (e. g., chlorosis) that
susceptible plants species exhibit in response to herbicide injury. In weed science
applications, this response can be integrated into rating scales (Willard 1958) to measure
the efficacy of a particular herbicide. Rating scales are subjective (Willard 1958) since
they are based in visual estimations of herbicide injury and may vary between observers.
However, it provides numerical data necessary to statistically evaluate the efficacy of the
herbicide used.
With large scale applications, monitoring programs rely on the evaluation of
herbicide efficacy by assessing many random single points throughout the plant stand.
One limitation of this approach is that it is very labor intensive to perform extensive
surveys to monitor the efficacy of herbicide treatments. Secondly, points not surveyed
cannot be included in the assessment, limiting the accuracy of the results. This problem
may be overcome with the use of remote sensing tools that can reduce sampling time and
effort (Jakubauskas et al. 2002).
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Most of the available sensors used in remote sensing applications (e. g., Landsat 5
TM) construct images based on the visible (400-700 nm) as well as near- and midinfrared (700-900; 1550-1750; 2000-2350 nm) spectral regions (Jensen 2000). Energy in
these spectral regions or bands is either absorbed or reflected by vegetation. This
absorption or reflectance data can be used in many weed management applications. For
instance, in terrestrial plants, changes in red and near-infrared reflectance are reported to
be useful in the detection of herbicide injury (Henry et al. 2004, Thelen et al. 2004, Carter
1993, Adcock et al. 1990). Primarily, energy in the red (650-700 nm) and mid-infrared
(1,300-3,000 nm) regions is absorbed by chlorophyll molecules and water in plants,
respectively. Alternatively, it is reflected by internal leaf structures (e. g. spongy
mesophyll cells) in the green (500-550 nm) and near-infrared (700-1300 nm) regions
(Jensen 2000).
Since herbicides have the capacity to alter the physiological status of the plant (e.
g., loss of plant pigments), it is expected that the spectral characteristics will also be
altered. In aquatic plant species, most studies have focused on species differentiation
using reflectance (Best et al. 1981, Everitt et al. 2002) without considering spectral
responses to stressors like herbicide injury.
Assessing herbicide injury in aquatic plants using remote sensing is difficult
because most available data have compared herbicide injury ratings to temporal changes
of energy reflectance using terrestrial plants as targets (Adcock et al. 1990). Conversely,
studies of aquatic plants lack temporal data (Everitt et al. 2002) and have only assessed
plant stress at leaf level (Carter 1991) instead of canopy level. Measuring the spectral
response at canopy level is important when working with aquatic species due to the direct
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influence of the ratio of vegetation cover to water background (Best et al. 1981, Lehmann
and Lachavanne 1997, Peñuelas et al. 1993) and its relation to changes in canopy
complexity over the growing season (Madsen 1993). Therefore, it is important to fully
understand how the spectral response changes over time when aquatic plants are exposed
to herbicides.
In this experiment, simulated data from Landsat 5 Thematic Mapper (TM) was
used to investigate spectral changes due herbicide injury using waterhyacinth as the target
species. The TM sensor was selected because it has provided continuous imagery of the
earth’s surface since 1982, providing multispectral imagery in 7 spectral bands including
the visible and infrared region. The spectral band range of Landsat 5 TM is depicted in
Table 2.1.
The objectives of this study were to 1) investigate the relationship between
spectral bands 3, 4, 5, and 7 from Landsat 5 TM sensor and visual phytotoxicity ratings
of waterhyacinth treated with glyphosate and imazapyr. The best relationship between
these two variables led to achieve the next objective of 2) using the best spectral band(s)
to detect and predict herbicide injury on waterhyacinth affected by glyphosate and
imazapyr. The goal of this research was to determine if remote sensing can be used to
monitor herbicide injury and predict ultimate mortality of waterhyacinth treated with
slow-acting herbicides such as imazapyr and glyphosate. Hence, further
recommendations may be developed for large scale herbicide treatment assessments to
minimize survey time.
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Materials and Methods

Field Experiment
An outdoor mesocosm study was conducted during the fall season of 2006 and
repeated the following year in the summer season of 2007 at the R.R. Foil Plant Science
Research Center, Mississippi State University, Starkville, MS (latitude: 33.474933 N,
longitude: -88.773577 W, elevation 104 m). The study was conducted in 378 L tanks that
were 63 cm deep, 132 cm long and 78 cm wide. Water volume was maintained at 300 L
in each tank and aeration was supplied using a regenerative air blower to promote water
circulation. Tanks were arranged in a completely randomized design to evaluate 8
herbicide treatments plus an untreated reference. Each treatment was replicated in 4
tanks. Waterhyacinth was grown in each tank for 4 weeks prior to herbicide application
until plants covered the water surface. Water was amended with fertilizer 1 at a rate of 60
mg / L every 3 weeks to prevent nutrient deficiency.
Herbicides evaluated were the isopropylamine salt of imazapyr and the
isopropylamine salt of glyphosate. Imazapyr was applied at rates of 0.6, 0.3, 0.15, and
0.07 kg ae / ha, whereas, glyphosate was applied at 3.4, 1.7, 0.8, and 0.4 kg ae / ha. Rates
applied correspond to the maximum recommended rate (X) and 3 rates lower (0.50X,
0.25X, and 0.125X). A non-ionic surfactant was added (glyphosate 0.50 % v/v, imazapyr
0.25% v/v) to each spray mixture. Treatments were applied using a CO2 pressurized
backpack sprayer and a single nozzle boom. The spray apparatus was calibrated to
deliver 187 L / ha over plant canopy at a constant speed and pressure of 3.2 km/h and 276

1

Miracle-Gro (24-8-16). Scotts Miracle-Gro Company, 14111 Scottslawn Road, Marysville, OH, USA.
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kPa respectively. An even flat fan nozzle (Teejet 8002E) was used to obtain plant
coverage during herbicide application. A protective barrier was placed around each tank
during herbicide application to prevent drift and off target injury.

Data Collection

Temporal Phytotoxicity, Percent Control, and Chlorophyll
Herbicide injury was measured using a phytotoxicity rating scale weekly for 6
weeks after treatment (WAT) (Nelson et al. 2001) (Table 2.2). The scale rates visible
injury from 1 (no visible injury) to 9 (destruction of the plant). Information at each
category or rank in the scale details and describes common visual symptoms exhibited by
injured plants such as chlorosis and necrosis in combination with an estimated percentage
of plant tissue affected. Herbicide injury was also assessed using percent control visual
ratings and chlorophyll concentration. Percent control was determined at 10 percent
increments whereas; chlorophyll concentration was estimated from the first true leaf of a
random plant in each treatment using a handheld chlorophyll meter 2 every week (Spencer
et al. 2007). The purpose of collecting data of percent control and chlorophyll
concentration was to evaluate the performance of the phytotoxicity rating scale.

2

Minolta SPAD 502 DL Meter. Spectrum Technologies, Inc. 12360 South Industrial Dr., East - Plainfield,
IL, USA.
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Temporal Spectral Responses
Spectral data were obtained weekly from each treatment using a handheld
hyperspectral sensor 3. This sensor measures reflectance in 2151 spectral bands between
350 nm and 2500 nm with a 1.4 nm bandwidth at a field of view (FOV) of 25°. A total of
25 spectral signatures were collected randomly from each treatment using the bare fiber
of the sensor. The sensor was held at nadir (0.3 m) over plant canopy throughout data
collection to obtain signatures from an area of 137 cm² for each signature. Data were
collected at noon (± 1 h) on cloudless days using sunlight as the energy source.
Hyperspectral signatures from plants that collapsed to the bottom of the tank due
herbicide effects were recorded as zero or no spectral response.

Landsat 5 TM Data Simulation
All hyperspectral signatures for each treatment across all weeks were transformed
to simulate a Landsat 5 TM multispectral data set. The transformation was performed
using a mathematical code developed in MatLab software (Mathworks 2007) that applies
a spectral filter to the hyperspectral data reducing the number of bands into bands number
1, 2, 3, 4, 5, and 7 of Landsat 5 TM. A transformation matrix was constructed in MatLab
with each column containing weights of the spectral filters in an orthogonal manner to
create the relative spectral response for each spectral band (NASA 2008). The thermal
band (Band 6) was not extracted because its use is more related to temperature emitted by
the surface area and not plant healthiness. The shorter wavelengths bands 1 and 2 were
not considered in the analysis due to atmospheric attenuation which may affect their use
3

ASD Spectroradiometer, Field Spec Pro® model FR. Analytical Spectral Devices, Inc. 5335 Sterling
Drive, Boulder, CO, USA.
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in plant applications. The resulted simulated data set contained pixel values for each
band on a scale of zero to 255 because Landsat 5 TM has a radiometric resolution of 8
bits (28 = 256, range = 0 to 255).

Data Analysis
All the statistical analysis were performed using SAS software at a significance
level of 0.05 (SAS 2003). The performance of the phytotoxicity scale was evaluated
using PROC CORR were rankings obtained from the scale were correlated to percent
control ratings and chlorophyll measurements.
Spectral band and phytotoxicity data were pooled across years according to each
response variable measured. Each band was correlated to phytotoxicity ratings using
linear regression analysis (PROC REG) to elucidate which spectral band(s) is the best to
monitor herbicide injury. The best spectral band(s) was submitted to regression analysis
for every WAT to develop and select the equation used to predict herbicide phytotoxicity
for each herbicide. The selection was based on the highest yielded r2 along WAT.
Predicted and observed phytotoxicity values were regressed to evaluate their relationship.
The best spectral band(s) and phytotoxicity values were also analyzed using a
one-way analysis of variance where significant difference between treatment means at 1,
3 and 6 WAT were determined using a Fisher’s protected LSD test. This analysis led to
differentiate between non-injured and injured plants using remote sensing and visual
phytotoxicity estimations.
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Results
Estimated chlorophyll concentration and percent control visual ratings were
significantly correlated (p < 0.01) to phytotoxicity ratings over the entire study for both
herbicides, yielding Pearson’s correlation coefficients higher than 0.88 (Table 2.3, 2.4).
Phytotoxicity was negatively correlated to chlorophyll, whereas the relationship was
positive with percent control ratings. Therefore, results obtained with the phytotoxicity
scale are considered well performed and applicable for the analysis.
Among all 4 bands evaluated to detect herbicide injury on waterhyacinth, only
bands 4 and 5 were significantly correlated (p < 0.05) to phytotoxicity ratings across all 6
weeks (Figure 2.1). A stronger relationship for both herbicides (r2 of 0.40 and 0.56 for
glyphosate and imazapyr respectively) was obtained when band 4 was used. This
relationship explains more variation in the data set than those obtained for band 5 (Figure
2.1). Therefore, band 4 was considered as the best spectral band that responds to changes
in phytotoxicity.
The relationship between band 4 and phytotoxicity was negative where as pixel
values decreases, phytotoxicity ratings increases when either herbicide was used in both
years across all 6 WAT (Figure 2.1). However, the strongest relationship between these
two variables was found at 2 WAT (r2 of 0.75 and 0.90 for glyphosate and imazapyr
respectively) (Figures 2.2 and 2.3). After 2 WAT, the relationship between these two
variables decreased regardless of the herbicide used.
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Herbicide Injury Detection
In general, as herbicide rate of glyphosate and imazapyr increases, phytotoxicity
increases significantly (p < 0.05) which corresponds to lower pixel values for band 4
(Table 2.5, 2.6). Significant differences vary according to herbicide rate used with
respect to WAT and season.
There was a significant difference (p < 0.05) between non-treated and treated
plants at 1, 3, and 6 WAT for both seasons when glyphosate was used according to
phytotoxicity ratings (Table 2.5). However, the detection of herbicide injury was only
possible at 1 WAT in the summer treatment and at 3 and 6 WAT in the fall treatment
according to pixel value of band 4.
When imazapyr was used, phytotoxicity ratings were able to significantly
distinguish treated from non-treated plants at 1, 3, and 6 WAT in the summer treatment
and at 3 and 6 WAT in the fall treatment (Table 2.6). Contrary to glyphosate injury
(Table 2.5), pixel values of band 4 from injured plants were significantly different than
non-injured plants at 3 and 6 WAT in the summer treatment. In the fall treatment, the
detection was only possible at 6 WAT when imazapyr was used.

Herbicide Injury Prediction
Since the strongest relationship between phytotoxicity ratings and pixel values of
band 4 occurred at 2 WAT in both herbicides, only the developed linear equations
obtained from this relationship at that time (Figure 2.2, 2.3) were used to predict its
corresponding herbicide injury in the following weeks. The following formulas which
are also depicted in Figures 2.2 and 2.3 were used to predict herbicide injury:
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Predicted glyphosate injury = 13.95 – 0.20 (pixel value band 4)

(1)

Predicted imazapyr injury = 14.90 – 0.25 (pixel value band 4)

(2)

The relationship between predicted and observed phytotoxicity values at 3, 4, 5,
and 6 WAT for both herbicides was linear and significant (p < 0.05) yielding r2 of 0.39
and 0.46 for glyphosate and imazapyr, respectively (Figure 2.4). Therefore, the
predictability of phytotoxicity was possible with the use of equation 1 and 2 for each
corresponding herbicide. On the other hand, up to 75% of the total predicted values for
both herbicide fall within the phytotoxicity scale range of 1 to 9. However, when the
observed phytotoxicity rating is low (< 2), predicted phytotoxicity is likely to either over
or under estimate them (Figure 2.4).
The likelihood that using equations 1 and 2 which were developed from the
relationship between phytotoxicity and pixel values of band 4 at 2 WAT are capable to
predict injury in the following WAT were also visualized by plotting pixel values of band
4 at 2 WAT against phytotoxicity ratings made at 6 WAT (Figure 2.5). Results from the
scatter plot (Figure 2.5) showed that the tendency of this relationship is negative which
means that high pixel values at 2 WAT correspond to low phytotoxicity ratings at 6
WAT. The tendency follows the established relationship between these two variables on
previous analysis (Figure 2.1).
In addition, a threshold was set at pixel value of 45 for each herbicide to separate
high phytotoxicity (= 9) from lesser phytotoxicity (< 9) (Figure 2.5) by 6 WAT when
using pixel values of band 4 as early as 2 WAT. The establishment of this threshold
helped to visualize the fate of an injured waterhyacinth at 6 WAT using just pixel values
of band 4 at 2 WAT which were also used in the development of equation 1 and 2.
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Considering this threshold, maximum phytotoxicity and therefore complete mortality of
the plant stand (phytotoxicity between 8 and 9) are achieved at 6 WAT when pixel values
of band 4 are lower than 45 when either herbicide is used.

Discussion

Band 4 and Herbicide Phytotoxicity
Band 4 is the only spectral band from Landsat 5 TM that consistently differentiate
non-injured from injured plants as well as successfully predict phytotoxicity when
glyphosate and imazapyr are used on waterhyacinth. The relationship between band 4
and phytotoxicity is linear and negative. Adcock and others (1990) observed a similar
relationship between near-infrared (800 nm) and phytotoxicity when soybean (Glycine
max L.) is treated with the herbicide paraquat. A possible explanation for the relationship
between band 4 and phytotoxicity is attributed to a progressive dead plant tissue presence
due to pigment and cell integrity loss in response to an herbicide effect. However this
effect may or may not be limited to an energy loss due to lack of plant canopy as damage
progresses.
Commonly, when plants are injured with herbicides, discoloration of plant tissues
appears progressing from yellowing to browning and necrosis (black, death tissue)
(Senseman 2007). For instance, when the herbicide imazapyr is used on susceptible
plants, phytotoxicity gradually proceeds from foliar chlorosis to necrosis (Senseman
2007). Similarly, when glyphosate is used on waterhyacinth, the progress and eventual
destruction of the plant stand is also gradual where phytotoxicity proceeds from wilting
and yellowing to browning and necrosis (Van et al. 1986). Discoloration cause that
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energy in the infrared region (Band 4) be absorbed (Gausman 1974) due the alteration of
plant cell integrity and pigment content (Murtha 1978). Consequently, pixel values of
band 4 decreases as injury progresses. A similar relationship was observed between
visual disease ratings and a near-infrared (800 nm) band when a fungicide was applied to
control a fungal disease in peanut (Arachis hypogaea L.) (Nutter et al. 1990).
According to our results, band 4 explained between 40 and 56 % of the variation
of phytotoxicity due to the progress of herbicide injury (e. g. yellowing to necrosis).
Although the relationship was significant, energy loss due to lack of plant canopy could
potentially be a factor in altering the spectral response of band 4, limiting its relationship
with phytotoxicity ratings. It is observed that the relationship between band 4 and
phytotoxicity becomes weaker as injury progresses in the following weeks (Figure 2.3,
2.3) attributable to a decrease of the ratio of vegetation cover to water background (Best
et al. 1981), which consequently limits the reflectance on this band. Injured
waterhyacinth plants were observed to sink at the bottom of the tank by 2 WAT which
increased exposed water surface area.
Another potential reason of having just 40 to 56% of the variation explained could
be that the spectral response of band 4 varies with the presence of dry or wet death tissue.
For instance, if plant tissues are dead but air-dried, reflectance in band 4 is higher than if
they were dead but still wet (Murtha 1978, Gausman 1974). In our studies, dead dry and
wet plant tissue were not differentiated at the time of data collection which may have
affected the variation of band 4 for the same phytotoxicity rating.
Despite these limitations, band 4 can be potentially used to detect herbicide injury
and differentiate them from non-injured from injured plants which is comparable to
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phytotoxicity visual ratings (Table 2.5, 2.6). The detection of injury is possible if the
herbicide used can cause foliar damage in terms of chlorosis and necrosis (Adcock et al.
1990) as imazapyr and glyphosate does in susceptible plants; although others have
reported that near-infrared is useful to detect injury produced by the herbicide dicamba
(Hickman et al. 1991).

Predicting Herbicide Injury
Herbicide injury was predicted based on obtained values from equation 1 and 2
for each herbicide and compared to observed values for the same WAT (Figure 2.4).
According to this relationship, it is observed that injury prediction is more sensitive when
phytotoxicity ratings are greater than 2. Under or over estimation may occur if
phytotoxicity is lower than 2 which corresponded to untreated plants as well as low rates
of glyphosate and imazapyr. Hickman and others (1991) found similar limitations when
herbicide injury is low, but recommends the use of near-infrared reflectance if the injury
is moderate to severe. It has been reported that near-infrared is sensitive if the stress is
sufficient to cause a severe damage to the leaf (Carter 1993). In addition, Murtha (1978)
established that when the damage is “chronic” (yellowing), near-infrared reflectance may
or may not change. Based on this information and since the phytotoxicity rating scale
used in our study uses visual description of the plant based of color, it is possible that
untreated plants were responding to a different stressor (e. g. nutrient deficiency) other
than the herbicide while visual ratings remained the same. Therefore, herbicide injury
has to be developed enough to influence band 4 changes. Other factors such as the
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presence of flowers and leaf angle due the seasonality (Madsen 1993) may have limited
the predictability of low phytotoxicity plants.
In addition, pixel values of band 4 collected at 2 WAT can potentially describe
the fate of injured plants at 6 WAT (Figure 2.5). The relationship shows that within the
first 2 WAT, plants have developed enough injury to influence band 4 sufficiently to
predict phytotoxicity at 6 WAT. The predictability of herbicide injury at 6 WAT was
based on establishing a threshold at 45 of the pixel value of band 4. Therefore, plants
with a pixel value below 45 will have a phytotoxicity rating of 9 (dead) by 6 WAT, while
those with a pixel value above 45 at 2 WAT may survive herbicide exposure.

Management Implications
Remote sensing using a simulated band 4 of Landsat 5 TM was useful to detect
and predict herbicide injury on waterhyacinth affected with glyphosate and imazapyr and
is recommended as a tool in a management plan to assess herbicide efficacy. It is clear
that while herbicide injury increases, band 4 pixel values decreases.
In terms of management, the use of remote sensing may improve a lake-wide
herbicide application and efficacy assessment which is necessary in a management plan
of a lake. The improvement may be achieved by using results from this study
accordingly. The following description hypothetically refers to Landsat 5 TM imagery as
the remote sensing tool. Based on the spectral response of band 4, results may guide the
image analyst to identify and differentiate target treated areas from non-treated areas in
an image. Once identified, the classified treated areas can be analyzed in terms of area
coverage and spread by the target plant treated. Within the same treated areas,
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estimations of herbicide injury severity or ultimate control may be performed using band
4 values into equations 1 and 2 developed for glyphosate and imazapyr. The outcome
needs to be compared to the phytototoxicity rating scale (Table 2.2) in order to estimate
herbicide injury. By knowing the estimate phytotoxicity rating of plants within treated
areas, it may help to elucidate which areas need to be revisited to apply herbicide again
and assure ultimate control.
Another application of the relationship between band 4 and phytotoxicity could be
the identification of areas affected by drift or off-target herbicide application. Although
this relationship was developed using waterhyacinth as the target species, it is suggested
that the data could be extended to other floating as well as emergent aquatic species. The
reason is because our results were obtained from the canopy of an aquatic floating plant
grown in an aquatic environment which simulates a real lake-wide herbicide application.
In addition, changes in near-infrared reflectance are based on the alteration of cell
integrity due herbicide treatments and not the aquatic plant species per se.
In terms of herbicide injury prediction after 2 WAT, estimations can be made
using either equation 1 and 2 or setting a threshold at 45 pixel value for band 4.
Predicted phytotoxicity less than 2 is not considered accurate and results may be under or
overestimating herbicide injury. If the threshold of 45 is set to classify an image, the
predicted herbicide injury at 6 WAT will be described based on the following: 1) band 4
< 45 indicates severe injury (phytotoxicity value = 8-9) and 2) band 4 > 45 indicates
slight to moderate injury (phytotoxicity value = 1-7). The implications for active
management may be that plants with a pixel value below 45 do not need to be retreated,
while those with a pixel value above 45 should be retreated as a precautionary measure.
33

Further Recommendations
According to Hickman et al. (1991) data collected with handheld devices are as
sensitive as aerial photography. Therefore, results from this study could potentially be
extended to sensors with equivalent spectral resolution as Landsat 5 TM such as Landsat
7 Enhance Thematic Mapper and the Surrey Linear Imager (SLIM6). Both of these
sensors are currently operable providing multispectral imaging from space.
The present study used only simulated data from Landsat 5 TM obtained at
canopy level and not from space which may be attenuated by the atmosphere. Developed
linear equations from this study should be tested using real Landsat 5 TM data acquired
from natural populations of waterhyacinth treated with glyphosate and imazapyr. Results
may validate the performance of developed equations obtained on this study to detect
herbicide phytotoxicity. A successful validation and accurate performance of these linear
equations may be extended to further assess phytotoxicity in non-target plants leading to
the documentation of herbicide drift or off-target effects from herbicide applications.
If imagery is not an option in the lake management plan, new handheld devices
that measures near-infrared on plants could potentially be used to estimate herbicide
injury. Although its use has been documented to detect herbicide injury in soybean
(Thelen et al. 2004), in aquatic plants species this has not been evaluated.
In addition to the previous discussion, further research is needed to investigate the
use of other spectral bands that were not considered on this study. For instance, the red
edge spectral region (695 – 725nm) has been recently reported to be sensitive to plant
stress (Carter and Knapp 2001). Results may help to elucidate a better spectral band(s)
than band 4 from Landsat 5 TM to detect herbicide injury or other plant stressors.
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Likewise, information may help in the development of new sensors useful in plant
applications.
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Table 2.1 Spectral band ranges and their respect spatial resolution or pixel size used by
TM sensor onboard Landsat 5.
Band #

Spectral Resolution (nm)

Spatial Resolution (m)

1 (blue)

450-520

30

2 (green)

520-600

30

3 (red)

630-690

30

4 (near-infrared)

760-900

30

5 (mid-infrared)

1,550-1,750

30

10,400-12,500

120

2,080-2,350

30

6 (thermal)
7 (mid-infrared)

Table 2.2 Phytotoxicity rating scale used to assess herbicide injury in waterhyacinth.
Adapted from Nelson et al. (2001).
Rating
Description
1
No visible effect; green, healthy tissues; no herbicide damage; identical
to check (control)
2
Very mild symptoms; slight color change (mild yellowing or browning);
plants will recover
3
Mild symptoms; off color plant tissues; more severe discoloration than
#2 rating
4
Clear symptoms; probably won’t result in plant death
5
Clear symptoms; possible permanent damage to plant tissues; will result
in decrease biomass
6
Distinct damage on 25% of plant tissues (but less than 50%)
7
Severe damage on 50% of plant tissues (but less than 75%)
8
Very severe damage; 75% of tissues affected (but less than 100%)
9
Necrotic, collapsing tissues; damage on 100% of plants; total destruction
of plant stand
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Table 2.3 Correlation matrix with Pearson’s correlation coefficients (r) for response
variables evaluated over waterhyacinth plants treated with glyphosate.
Values in parenthesis less than 0.05 indicate a significant correlation.
Variables
Phytotoxicity

Phytotoxicity
1.00

Chlorophyll

Chlorophyll
-0.90

% Control
0.88

(<0.01)

(< 0.01)

1.00

-0.91
(<0.01)

% Control

1.00

Table 2.4 Correlation matrix with Pearson’s correlation coefficients (r) for response
variables evaluated over waterhyacinth plants treated with imazapyr. Values
in parenthesis less than 0.05 indicate a significant correlation.
Variables
Phytotoxicity

Phytotoxicity
1.00

Chlorophyll

Chlorophyll
-0.90

% Control
0.90

(<0.01)

(< 0.01)

1.00

-0.92
(<0.01)

% Control

1.00
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Table 2.5 Means of phytotoxicity ratings (n = 4) and band 4 pixel values (n = 25) at 1, 3,
and 6 WAT for each study (season) when waterhyacinth was treated with
glyphosate. Means followed by same letter are not statistically different (p =
0.05) according to Fisher’s LSD.
Season
WAT

Summer
1

3

Fall
6

1

3

6

Phytotoxicity
Treatment
Reference

1.5 C

2.0 B

1.0 B

1.5 D

1.5 D

2.0 C

1x

9.0 A

9.0 A

9.0 A

7.5 AB

9.0 A

9.0 A

0.50x

9.0 A

9.0 A

9.0 A

7.7 A

9.0 A

9.0 A

0.25x

8.2 B

8.7 A

7.7 A

6.5 B

8.0 B

9.0 A

0.125x

7.7 B

8.5 A

9.0 A

5.0 C

5.7 C

6.5 B

Band 4
Reference

58.6 A

39.7 A

36.7 A

60.3 AB

62.7 A

88.7 A

1x

32.8 E

0.0 D

0.0 B

49.5 C

25.1 C

26.1 CD

0.50x

36.5 D

36.8 A

0.0 B

64.8 A

31.7 B

22.7 D

0.25x

46.4 B

13.5 C

35.0 A

46.0 C

33.1 B

31.7 C

0.125x

41.8 C

32.5 B

33.4 A

53.2 BC

32.2 B

49.7 B
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Table 2.6 Means of phytotoxicity ratings (n = 4) and band 4 pixel values (n = 25) at 1, 3,
and 6 WAT for each study (season) when waterhyacinth was treated with
imazapyr. Means followed by same letter are not statistically different (p =
0.05) according to Fisher’s LSD.
Season
WAT

Summer
1

3

Fall
6

1

3

6

Phytotoxicity
Treatment
Reference

1.5 C

2.0 C

1.0 B

1.5 B

1.5 D

2.0 C

1x

5.5 A

9.0 A

9.0 A

2.0 AB

7.0 A

8.7 A

0.50x

5.0 AB

8.7 A

9.0 A

2.2 AB

5.7 B

8.2 A

0.25x

4.0 B

9.0 A

9.0 A

2.5 A

5.5 B

7.7 A

0.125x

4.5 AB

8.0 B

9.0 A

2.5 A

3.7 C

3.7 B

Band 4
Reference

58.6 A

39.7 A

36.7 A

60.3 BC

62.7 A

88.7 A

55.4 AB

15.8 C

27.1 B

61.4 ABC

43.7 B

25.5 C

0.50x

53.0 B

17.5 BC

21.5 C

70.9 A

43.0 B

33.9 C

0.25x

55.6 AB

18.8 BC

11.3 D

69.8 AB

48.8 B

52.7 B

0.125x

54.8 B

20.4 B

21.2 C

53.2 C

59.6 A

52.5 B

1x
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Figure 2.1 Linear relationship between simulated pixel values of band 3(A), band 4(B),
band 5(C), band 7(D) and phytotoxicity ratings when waterhyacinth is
affected by glyphosate (open circles and solid line) and imazapyr (closed
circles and dash line). Values are expressed as means for each variable and
represents pooled data of the entire study. Regression line was drawn only
when the relationship was significant at a significance level of 0.05. Note:
the scale in the x axis (pixel value) varies according to the data range of each
spectral band shown.
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Figure 2.2 Linear relationship between band 4 and phytotoxicity when waterhyacinth is
affected by glyphosate for every week after treatment (WAT). Values are
expressed as means (± SE) for each variable. Regression line was drawn
only when the relationship was significant at a significance level of 0.05.
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Figure 2.3 Linear relationship between band 4 and phytotoxicity when waterhyacinth is
affected by imazapyr for every week after treatment (WAT). Values are
expressed as means (± SE) for each variable. Regression line was drawn
only when the relationship was significant at a significance level of 0.05.
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Figure 2.4 Linear relationship between predicted and observed phytotoxicity at 3, 4, 5,
and 6 WAT when waterhyacinth was treated with glyphosate (open circles,
solid line) and imazapyr (closed circles, dashed line). Values are expressed
as means for each variable.
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Figure 2.5 Relationship between pixel values of band 4 taken at 2 WAT and
phytotoxicity at 6 WAT when waterhyacinth was treated with glyphosate (A)
and imazapyr (B). Values are expressed as means (± SE) for each variable.
Dashed line indicates a suggested threshold that separates maximum
phytotoxicity from lesser phytotoxicity at 6 WAT based on pixel values
obtained at 2 WAT.
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CHAPTER III
ESTIMATING THE BIOMASS OF WATERHYACINTH [Eichhornia crassipes (Mart.)
Solms] USING THE NORMALIZED DIFFERENCE VEGETATION INDEX

Abstract
Waterhyacinth is a free-floating aquatic weed considered a nuisance worldwide.
An excessive growth of waterhyacinth limits recreational use of water bodies as well as
interfering with many ecological processes. Accurate estimates of biomass are useful to
assess the effectiveness of control methods to manage this aquatic weed. While large
water bodies require significant labor to perform ground-truth surveys, available
technology like remote sensing is capable of providing temporal and spatial information
from a target area at a much reduced cost. Studies were conducted at Lakes Columbus
and Aberdeen (Mississippi) during the growing seasons of 2005 and 2006 over
established populations of waterhyacinth. The objective was to estimate biomass based
on non-destructive methods using the normalized difference vegetation index (NDVI)
derived from Landsat 5 TM simulated data. Biomass was collected monthly using a
0.10m2 quadrat at 25 randomly-located locations at each site. Morphometric plant
parameters were also collected to enhance the use of NDVI for biomass estimation.
Reflectance measurements using a hyperspectral sensor were taken every month at each
site. These spectral signatures were then transformed into a Landsat 5 TM simulated data
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set using MatLab® software. A positive linear relationship (r2 = 0.28) was found
between measured biomass of waterhyacinth and NDVI values from the simulated
dataset. While this relationship appears to be weak, the addition of morphological
parameters such as leaf area index (LAI) and leaf length enhanced the relationship
yielding an r2 = 0.66. It is observed that NDVI saturates at high LAI, which limits its use
to estimate the biomass. Further studies using NDVI calculated from narrower spectral
bands than those contained in Landsat 5 TM are recommended.
Keywords: Remote sensing, Landsat 5 TM, non-destructive sampling methods,
abundance.

Introduction
Waterhyacinth [Eichhornia crassipes (Mart.) Solms] is a nuisance, free-floating
aquatic weed that causes economic losses and negatively impacts aquatic environments
worldwide (Holm et al. 1991). In the state of Alabama, an excessive growth of
waterhyacinth is reported to limit the production of phytoplankton through competition
for light which consequently reduces fish production (McVea and Boyd 1975). Likewise,
water use for recreation, power generation, and consumption are also limited due to the
presence of waterhyacinth (Rushing 1974). For these reasons waterhyacinth is
considered one of the “world’s worst weeds” (Holm et al. 1991).
Commonly, estimating the production of waterhyacinth by means of harvesting
plant biomass (or living plant material) is used to assess control methods and track
seasonal biomass changes (Madsen 1993a, b). Typically, the biomass of waterhyacinth is
estimated using quadrats with a specific unit area placed over the plant mat. Plant
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material within the quadrat is harvested, dried, and weighed to determine biomass. Using
this method, Knipling and others (1970) and Center and Spencer (1981) found that
waterhyacinth biomass ranged from 2.3 and 2.5 kg DW m-2. The problem with this
approach is that it is 1) labor and time intensive to collect and process samples and 2) a
destructive method that removes plant material from the system.
Alternately, non-destructive methods have been developed to estimate the
biomass of emergent aquatic plants based on morphometric parameters such as plant
height and leaf area (Daoust and Childers 1998, Thursby et al. 2002, Spencer et al. 2006,
Gouraud et al. 2008). Submerged, floating-leaved and free-floating aquatic plants such
as Eurasian watermilfoil (Myriophyllum spicatum L.), American pondweed
(Potamogeton nodosus Poir.), and waterhyacinth have been studied using non-destructive
methods (Center and Spencer 1981, Pine et al. 1989). Non-destructive approaches
produce comparable data to destructive methods and typically require less time and effort
while maintaining adequate accuracy (Daoust and Childers 1998, Thursby et al. 2002).
Likewise, species-specific regression equations may be applied to other locations (Daoust
and Childers 1998, Spencer et al. 2006). However, technology like remote sensing has
the potential to refine and extend the results of the derived equations (Spencer et al. 2006)
as well as allow for spatial monitoring of aquatic plants (Lehmann and Lachavanne
1997).
Remote sensing is a non-destructive method of collecting spectral information
from the target using sensors carried in satellites or aircraft and assembles these data into
images. Useful information may be extracted from images taken at a specific target area.
One way to extract information is by creating image products using vegetation indices
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based on band ratios that provide information of plant growth changes. Many vegetation
indices have been developed, but the normalized difference vegetation index (NDVI) has
been one of the most extensively studied and used (Jensen 2000). The NDVI is a
dimensionless index developed in the 1970s that estimates plant biomass (Rouse et al.
1973, Tucker 1979) based on the difference and sum of the spectral bands, red (Red) and
near-infrared (NIR). The following ratio describes NDVI:
NDVI = (NIR – Red) / (NIR + Red)

(1)

NDVI is related to plant biomass because energy in these spectral bands is either
absorbed or reflected by chlorophyll and internal leaf cells (e. g. spongy mesophyll)
depending on plant health (Jensen 2000). Besides plant biomass estimation, NDVI has
been used to detect herbicide injury (Henry et al. 2004), estimate variations of
photosynthetic activity with respect to atmospheric CO2 levels (Tucker and Sellers 1986,
Tucker et al. 1986), differentiate growth form of aquatic plants (Peñuelas et al. 1993), and
estimate plant pigment concentrations and leaf area index (Peñuelas et al. 1997, Green et
al. 1997).
The majority of studies that have used NDVI to estimate biomass have examined
either terrestrial or emergent aquatic plants without considering other growth forms like
free-floating aquatic plants. Often the use of remote sensing is limited in aquatic habitats
due to the high absorption by water of energy at higher wavelengths (Jensen 2000). For
instance, the NIR spectral band has a longer wavelength than the red spectral band;
therefore more energy is absorbed in the former than the latter range by water.
Consequently, remote sensing has not been recommended for “non-canopy forming”
aquatic vegetation (Vis et al. 2003).
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NDVI is strongly correlated to leaf area index (LAI), which expresses the plant
surface area that interacts with incident light (Jensen 2000, Green et al. 1997). If the
plant canopy is not exposed above the water, estimation of plant biomass using NDVI
may be poor (Peñuelas et al. 1993). Additional limitations such as canopy complexity,
greenness and leaf orientation (Tucker and Sellers 1986) as well as seasonality (Rouse et
al. 1973) may influence the use of NDVI. Despite these factors, NDVI has been used to
differentiate among emergent, floating and submersed aquatic vegetation as well as
estimate its biomass (Peñuelas et al. 1993).
Similarly, significant relationships between NDVI and the biomass of emergent
plant species such as California cordgrass (Spartina foliosa Trin.) and salt-marsh bulrush
(Scirpus robustus Pursh.) have also been reported (Zhang et al. 1997). Others have used
NDVI to model temporal biomass changes of aquatic vegetation using imagery (ValtaHulkkonen et al. 2004). Published studies on the use of NDVI to estimate biomass are
limited to emergent aquatic vegetation, suggesting further investigation of other aquatic
plant growth forms.
Landsat 5 Thematic Mapper (TM) is the oldest working sensor that provides
multispectral imagery in 7 spectral bands including the visible and infrared regions
(Table 3.1); it has provided continuous imagery of the earth’s surface since 1982. This
sensor has been used to develop vegetation indices to estimate the biomass of marsh
aquatic vegetation (Zhang et al. 1997), and Landsat imagery was used to document the
distribution and extent of waterhyacinth in Lake Victoria, Africa over a twelve-year
period (Albright et al. 2004). Because of the cost associated with acquiring actual
Landsat 5 TM data, the present study used field collected multispectral data to simulate
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Landsat data and investigate the performance of the NDVI to estimate the biomass of
waterhyacinth. Monthly field-collected hyperspectral data were transformed to simulate
the Landsat 5 TM multispectral sensor data set. This was accomplished by applying a
spectral filter to the hyperspectral data set that reduced the data to 6 spectral bands
corresponding to Landsat 5 TM bands 1, 2, 3, 4, 5, and 7 (see Methods for full details).
Only the Red and NIR spectral bands (corresponding to Landsat 5 TM bands 3 and 4,
respectively) were used in this study, as they are the bands used to calculate NDVI.
The objectives of this study were to (1) estimate the biomass of waterhyacinth
using NDVI derived from simulated Landsat 5 TM sensor data, and (2) investigate the
combination of NDVI with morphometric parameters to estimate the biomass of
waterhyacinth. The goal of this study was to evaluate remote sensing as means of rapidly
assessing production of waterhyacinth across large areas, as an aid to management of this
aquatic weed. Thus, accurate estimates of actual production were required for
comparison against remotely sensed vegetation data.

Materials and Methods

Study Site
Studies were conducted in Lake Columbus and Lake Aberdeen, both located in
northeastern Mississippi. Lake Columbus, (1,208 ha in area), is located in Lowndes and
Clay Counties (latitude: 33.550082 N, longitude: -88.491458 W). Lake Aberdeen, (967
ha in area), is located in Monroe County (latitude: 33.877675 N, longitude: -88.530200
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W). Both lakes are man-made, impounded by a dam, and are part of the TennesseeTombigbee Waterway which use is mainly for recreation and transportation.

Data Collection

Biomass Sampling and Morphometric Parameters
The biomass of established populations of waterhyacinth was sampled from May
2005 to November 2006 at two sites in Lake Columbus and one site in Lake Aberdeen.
All three sites where located in coves of approximately 0.25 ha in size. The two sites at
Lake Columbus were 200 m apart. Biomass was sampled every month using a PVC
quadrat of 0.10 m2 in size, randomly placed 25 times over plant canopy. Collected
samples were transported to the laboratory and sorted into different plant structures such
as inflorescence, roots, stem bases, stolons, and leaves. Plant samples were dried in a
forced-air oven at 55°C for 72 hours and weighed. At the end, the biomass of each plant
structure was combined into shoot, root and total biomass for the purpose of the statistical
analysis. Shoot biomass was composed of everything above the water surface which
included inflorescence, leaves and stolons; whereas root biomass included stem bases and
roots. Total biomass was the combination of both shoot and root biomass. Different
plant structures or morphometric parameters were measured each sampling date. The
morphometric parameters measured were: leaf blade area, leaf length from base of petiole
to leaf tip and number of leaves per plant. Each measurement was made from one plant
randomly selected from each sample. Leaf length and blade area were measured from the
first true leaf of the randomly selected plant. Due the importance of LAI with the
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spectral response of plant canopy and NDVI, calculations were made using morphometric
parameters. Hence, LAI was calculated as:
LAI = (LBA * LPP * NP)

(2)

where:
LBA = leaf blade area (m2)
LPP = leaves per plant
NP

= number of plants per m2

Spectral Response
Spectral data was obtained monthly from each site using a handheld hyperspectral
sensor 4. This sensor measured reflectance in 2151 spectral bands ranging between 350
nm and 2500 nm with a 1.4 nm bandwidth at a field of view (FOV) of 25°. Data
collected with this sensor is considered hyperspectral data because of the many spectral
regions measured. During each sampling date, a total of 25 spectral signatures were
collected randomly at 15 cm intervals across the mat using the bare fiber of the sensor.
The sensor was held at nadir at 0.3 m over the plant canopy, obtaining hyperspectral
signatures from an area of 137 cm² for each interval. All hyperspectral data was
collected at noon (± 1h) on cloudless days using sunlight as the energy source.

Landsat 5 TM Data Simulation
Monthly hyperspectral signatures for each site were transformed to simulate the
Landsat 5 TM multispectral sensor data set. The transformation was performed using a
4

ASD Spectroradiometer, Field Spec Pro® model FR. Analytical Spectral Devices, Inc. 5335 Sterling
Drive, Boulder, CO, USA.
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mathematical code developed in MatLab software (Mathworks 2007) that applied a
spectral filter to the hyperspectral data set reducing the number of bands into bands
number 1, 2, 3, 4, 5, and 7 of Landsat 5 TM. A transformation matrix was constructed
with each column containing weights of the spectral filters in an orthogonal manner to
create a relative spectral response for each spectral band (NASA 2008). The thermal
band (Band 6) was not extracted because its use is more related to temperature emitted by
a surface area whereas, the shorter wavelengths band 1 and 2 were not considered in the
analysis due to atmospheric attenuation which may affect their use in plant applications.
The simulated multispectral data set contained pixel intensity values for each band in a
range of 0 – 255, corresponding to the radiometric resolution (8-bit) of Landsat 5 TM.

Data Analysis
All statistical analysis was performed in SAS, version 9.1 at a significance level
of 0.05 (SAS 2003). The collected data from all three sites was combined into one
dataset according to each response variable measured. Monthly means for each site and
response variable were obtained using PROC MEANS. The following ratio was used to
calculate NDVI from the Landsat 5 TM simulated data set:
NDVI = (Band 4 – Band 3) / (Band 4 + Band 3)

(3)

A correlation procedure (PROC CORR) was performed to obtain a Pearson’s correlation
coefficient matrix that correlated band 3, 4, 5, and 7 to biomass. Biomass and calculated
NDVI means for each site were plotted against time to report temporal changes. Means
of each site were pooled across year and used in linear regression analysis using PROC
REG to determine the relationship between biomass and NDVI. Similarly, regression
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analysis was used to determine relationships between LAI and NDVI and plant canopy.
Data of plant morphology measured in the plant canopy like leaf length, blade area, and
number of leaves were added into the regression model to find the most appropriate
model that best described the relationship between biomass and NDVI. Models were
compared based on their respective adjusted r2, and the best fitting model was the
statistically significant model with the highest adjusted r2.

Results and Discussion
Band 3 was the only spectral band significantly correlated to the biomass of
waterhyacinth (Table 3.2). This relationship was negative which means that as biomass
increased, values of band 3 decreased. The same trend was reported by Tucker (1979),
and that relationship is based on the amount of photosynthetic tissue in the plant mat
(Jensen 2000). Band 4 alone was not significantly correlated to biomass but when
included in the band ratio, NDVI, the relationship was significant (Table 3.2). In other
studies, near-infrared values increased with increases in biomass (Valta-Hulkkonen 2004,
Tucker 1979). Although it is not clear why Band 4 was not significantly correlated to
biomass, regression analysis was performed to better explain the performance of NDVI to
estimate biomass (Figure 3.1). As NDVI increased, the biomass of waterhyacinth also
increased. Both total and shoot biomass yielded the highest R2 in comparison with root
biomass indicating that NDVI is a poor estimator of root biomass. The poor performance
of NDVI in estimating root biomass is because the spectral response is influenced by
plant canopy or photosynthetic tissue exposed from the water (Peñuelas et al. 1993).
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Harvested biomass in both sites on Lake Columbus was lower in comparison to
Lake Aberdeen. However all three sites follow the same trend where values of both
biomass and NDVI began low during spring months (April and May), and rapidly
increased after the month of June (Figure 3.2). Between the months of July and
September, both variables reached their maximum and eventually declined after the
month of October. Monthly changes of biomass obtained in this study follow the
seasonality of waterhyacinth (Center and Spencer 1981).
Although all three relationships between biomass (shoot, root, and total) and
NDVI appear to be significant, only 28% of the total variation between biomass and
NDVI can be explained with the regression model (Figure 3.1), suggesting that the use of
NDVI alone is insufficient to estimate biomass. The best model to explain the
relationship between LAI and NDVI was quadratic instead of linear (Figure 3.3),
indicating that NDVI tended to saturate at higher values of LAI. Studies conducted in
mangroves showed that the relationship between LAI and NDVI was linear, yielding an
r2 of 0.74 (Green et al. 1997). Mutanga and Skidmore (2004) reported that NDVI
saturates in dense canopies. Additionally, NDVI was not sensitive to changes in biomass
of dense canopies with an LAI of more than 2 (Gamon et al. 1995).
Canopy complexity (Tucker and Sellers 1986) or vegetation cover/water
background ratio (Peñuelas et al. 1993, Best et al. 1981) during the growing season may
have influenced results obtained and limited the performance of NDVI. Leaf orientation
changes from a predominantly horizontal position to one that is vertical as the growing
season progresses because of intraspecific competition (Madsen 1993b). Waterhyacinth
growth is less dense early in the growing season, and the associated gaps in the plant
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canopy result in increased absorption in band 4. Therefore, it is necessary to use other
parameters to improve biomass estimation in combination with the use of NDVI.
Morphometric parameters such as leaf length, leaves per plant, and LAI were added to
the regression model to improve biomass estimation (Tables 3.3 and 3.4). The estimation
of total and aboveground biomass of waterhyacinth was improved (r2 = 0.70, 0.66) when
LAI was combined with either NDVI or leaf length. Similarly, the combination of leaf
length with number of leaves per plant also yielded r2 higher than those obtained with the
use of NDVI alone, which agrees with those obtained by Center and Spencer (1981) in
the state of Florida where the mass of individual plants of waterhyacinth was estimated
using leaf length and number of leaves per plant. High r2 was also obtained when leaf
length was included in the model to estimate the biomass of emergent aquatic plants like
arrowhead (Sagittaria lancifolia L.) (Daoust and Childers 1998).
Although it is well known that morphometric plant parameters provide important
information to estimate biomass, adding indices like NDVI may improve biomass
estimation in larger areas. Remote sensing by means of Landsat 5 TM provides
continuous image products like NDVI from an area of 31,100 km2. This means that
specific areas can be constantly monitored with a combination of non-destructive
sampling methods without intense large-scale surveys. Therefore, knowing the
performance of NDVI is important in aquatic plant applications. Results from this study
suggest that the use of NDVI alone is not adequate to estimate the biomass of
waterhyacinth, and needs to be combined with measurements of LAI and leaf length.
Although the literature suggests that NDVI is a good estimator of plant biomass, the
reality is that its use may not apply to every species. Usually, different studies derived
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NDVI from many available sensors with different spectral band ranges. For instance
studies conducted by Peñuelas et al. (1993) report that NDVI is adequate to estimate the
biomass of aquatic plant species. However, those studies used NDVI derived from the
weather satellite, NOAA-AVHRR, which has a NIR band ranging from 725 to 1100 nm.
This allowed the analysis of more wavelengths than band 4 from Landsat 5 TM. Others
have reported that NDVI derived from Landsat 5 TM is not the best vegetation index to
estimate salt marsh vegetation biomass but suggest other vegetation indices derived from
the same sensor to achieve this goal (Zhang et al. 1997). Further improvement could be
obtained using other spectral ranges. For instance, Tucker (1977) suggested that the
spectral region from 740 to 1,000 nm was feasible to estimate biomass. Others have
suggested that the red edge (706 – 755 nm) contains most of the information to estimate
biomass when plant canopy density is high (Mutanga and Skidmore 2004). Following
this concept of considering other spectral regions, monthly averaged hyperspectral
signatures of waterhyacinth are shown in Figure 3.4 (A-C), in which spectral band ranges
used in this study are shown along with potential spectral areas that can be used to derive
NDVI. Notice that the red edge (Figure 3.4 B) and longer wavelengths on the infrared
region (Figure 3.4 C) were not studied because they were not contained on the spectral
bands of Landsat 5 TM. The spectral response over those bands changes month to
month, suggesting they may be useful for biomass estimation. Based on the results of
this study, the exploration of the performance of NDVI using narrower bands (e.g., 10 nm
increments) to estimate the biomass of waterhyacinth is suggested. Useful information
may be contained in those spectral bands which may help to develop newer sensors for
plant applications.
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Table 3.1 Spectral band ranges and their respect spatial resolution or pixel size used by
TM sensor onboard Landsat 5.
Band #

Spectral Resolution (nm)

Spatial Resolution (m)

1 (blue)

450-520

30

2 (green)

520-600

30

3 (red)

630-690

30

4 (near-infrared)

760-900

30

5 (mid-infrared)

1,550-1,750

30

10,400-12,500

120

2,080-2,350

30

6 (thermal)
7 (mid-infrared)
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65

1.00

Total

NDVI

Band 7

Band 5

Band 4

Band 3

Root

Shoot

Total

Variables

1.00
1.00
1.00
1.00

1.00

(<0.01)

0.82

0.52
(0.0007)

0.33

(0.75)

0.05

(0.66)

-0.07

(0.86)

-0.03

Band 5

(0.04)

0.25
(0.12)

(0.32)

(0.53)

0.10

(0.28)

0.17

Band 4

-0.16

-0.45
(0.003)

0.62

(0.01)

-0.38

Band 3

(<0.01)

0.85
(< 0.01)

0.94

Root

(<0.01)

Shoot

1.00

1.00

(0.51)

0.11

0.27
(0.10)

0.71

(<0.01)

0.60

(0.001)

-0.50

(0.007)

0.42

(0.0008)

0.52

(0.0005)

0.53

NDVI

(<0.01)

(0.003)

0.47

(0.06)

0.31

(0.22)

-0.20

(0.23)

-0.20

(0.18)

-0.22

Band 7

Table 3.2 Correlation matrix with Pearson’ correlations coefficients (r) for response variables measured on waterhyacinth.
Analysis was based on monthly mean values for each sampling site two years, N = 39. Values in parenthesis less than
0.05 indicate a significant correlation. Biomass is represented as total (shoot and root combined), shoot, and root.

Table 3.3 Top three highest coefficients of determination (r2) for each combination of
response variables used to estimate the total biomass of waterhyacinth. I =
NDVI, LL = leaf length (m), LPP = leaves per plant, LAI = leaf area index, B
= biomass of waterhyacinth (g DW m-2). Linear regression equation is based
on mean monthly values from all three sites, N = 39.
Variables

Adj. r2

r2

p value

Equation

LL*LAI

0.64

0.66

< 0.01

B = 145.2 + 6.0 LL + 78.0 LAI

I*LL*LAI

0.63

0.66

< 0.01

B = 236.0 – 107.3 I + 6.1 LL + 80.0 LAI

LL*LPP

0.62

0.64

< 0.01

B = -424.2 + 14.1 LL + 79.3 LPP

Table 3.4 Top three highest coefficients of determination (r2) for each combination of
response variables used to estimate the aboveground biomass of
waterhyacinth. I = NDVI, LL = leaf length (m), LPP = leaves per plant, LAI
= leaf area index, B = biomass of waterhyacinth (g DW m-2). Linear
regression equation is based on mean monthly values from all three sites, N =
39.
Variables

Adj. r2

r2

p value

Equation

LL*LAI

0.68

0.70

< 0.01

B = -4.5 + 6.6 LL + 30.0 LAI

I*LL*LAI

0.67

0.70

< 0.01

B = 88.0 – 109.3 I + 6.6 LL + 31.6 LAI

LL*LPP

0.67

0.69

< 0.01

B = -210.1 + 9.6 LL + 28.7 LPP
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Figure 3.1 Linear relationship between NDVI values and biomass of waterhyacinth.
Values represent means ± SE for each site and sampling date.
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Figure 3.2 Temporal changes of biomass and NDVI for each sampling site. Values
represent means ± SE for each sampling date.
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Figure 3.3 Relationship between NDVI values and leaf area index (LAI) of
waterhyacinth. Values represent means ± SE for each site and sampling date.
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Figure 3.4 Monthly average hyperspectral signatures of waterhyacinth. (A) Represents
spectral band range of band 3 (B3) and band 4 (B4) of Landsat 5 TM. (B and
C) is the suggested spectral range for consideration which includes the red
edge (RE) and near-infrared (NIR).
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CHAPTER IV
LAKE-WIDE TEMPORAL SURVEYS TO ASSESS AQUATIC VEGETATION AND
HERBICIDE EFFICACY OF WATERHYACINTH [Eichhornia crassipes (Mart.)
Solms] CONTROL

Abstract
Aquatic vegetation is important to the ecological interactions and processes within
a water body. However, the presence of the exotic free-floating aquatic plant species like
waterhyacinth [Eichhornia crassipes (Mart.) Solms], negatively impacts ecological
interactions within the water body and interferes with navigation. Large-scale
waterhyacinth control programs rely on herbicides as a major management tool.
However, ground-truth surveys are necessary in order to document herbicide efficacy and
assess the reestablishment of aquatic vegetation in the system. Lake-wide aquatic
vegetation surveys were conducted during 2005 and 2006 to determine the frequency of
occurrence of exotic and native aquatic plants before and after a broadcast herbicide
application using 2,4-D amine at 4.26 kg ae/ha for waterhyacinth control. Surveys were
performed using a point-intercept method utilizing global positioning system (GPS)
which allowed the user to return to the same points. One survey was performed in 2005
before herbicide application, and two surveys were performed in 2006 after herbicide
application. Presence and absence of aquatic plant species was documented at each
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survey point. Frequency of occurrence data was analyzed in SAS using McNemar’s test
for dichotomous response variables to test for effects within year. A pair-wise
comparison was made using the Cochran-Mantel-Haenszel statistic to test whether the
presence of exotic and native species, including waterhyacinth, changed over time after
herbicide application. Before herbicide application, the frequency of exotic species was
significantly higher (p = 0.0004) than the native species, with waterhyacinth being the
most frequently occurring exotic species. After herbicide treatments, the frequency of
occurrence of waterhyacinth was significantly (p = 0.02) reduced from 29% to 14%.
Reduced cover of waterhyacinth led to a significant recovery (p < 0.05) of native aquatic
plant species, which increased from 5% before treatment to 16% after treatment. The
increase of native species may be due to the creation of gap openings after waterhyacinth
was controlled, with neighboring native plants colonizing openings.
Key words: Broadcast herbicide application, 2,4-D amine, invasive plant, native plant.

Introduction
Aquatic plants provide many ecological benefits to the function of freshwater
systems. For instance, aquatic plants increase fish and invertebrate populations by
providing habitat and refuge against predators (Ferrer-Montaño and Dibble 2002, Moss et
al. 1998). Vertebrate communities may also benefit from aquatic plants by using them as
a food source (Wersal et al. 2005). However, the ecological interactions discussed above
may be disrupted with the introduction of exotic aquatic plant species. The invasive plant
species waterhyacinth [Eichhornia crassipes (Mart.) Solms], introduced to the United
States (US) from South America, is considered one of the “world’s worst weeds” (Holm
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et al. 1991). Waterhyacinth is a widespread invasive aquatic plant species in the US. In
the state of Mississippi, it is reported to be the most dominant aquatic plant in lakes
Columbus and Aliceville (USGS 2008, Robles and Madsen 2006, Ferrer-Montaño and
Dibble 2002). Hydrilla [Hydrilla verticillata (L.f.) Royle], an invasive plant introduced
from southeast Asia, is responsible for expenses estimated at up to $14.5 million every
year in management control efforts in the state of Florida (Pimentel et al. 2005). Invasive
aquatic plant species have been implicated in the reduction of phytoplankton production,
oxygen depletion, and displacement of native aquatic plant species (McVea and Boyd
1975, Van et al. 1998). They also cause disruptions such as impeding boat traffic and
clogging dams. Therefore, the implementation of a management plan is necessary when
invasive aquatic plant species are present. A successful management plan needs to
implement accurate monitoring programs that assess both beneficial and harmful aquatic
vegetation. Available technology for aquatic applications such as remote sensing and
echo-sounding have been reported to be useful tools in monitoring aquatic plant
distribution and temporal changes within water bodies (Madsen and Bloomfield 1993,
Vis et al. 2003). However, these tools are not species-specific and their accuracy relies
on well performed ground-truth surveys. Point-intercept and line-intercept methods are
commonly used survey techniques to acquire ground-truth data in a water body (Madsen
1999). The following study used the point-intercept method to assess aquatic vegetation.
The point-intercept method obtains presence and absence data of aquatic plant species in
the water body by navigating an evenly spaced grid of points aided with global
positioning systems (GPS). This survey method has been useful in providing estimates of
frequency of occurrence and spatial distribution of aquatic plants (Wersal et al. 2006,
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Case and Madsen 2004). Management efforts have been assessed in the Ross Barnett
Reservoir, MS; Lake Gaston, NC; and Lake Pend Oreille, ID using point-intercept
surveys (Madsen and Wersal 2007, Wersal et al. 2008, Madsen 2007). With the
exception of the Ross Barnett Reservoir (Wersal et al. 2008), point-intercept surveys have
not been used to assess aquatic vegetation nor management efforts in the state of
Mississippi. Information obtained from these surveys is important in order to document
the efficacy of management methods performed as well as the recovery of native aquatic
plant species.
The objectives of this study were to (1) estimate the frequency of occurrence of
native and exotic aquatic plant species in Lake Columbus using point-intercept surveys
and (2) detect changes in the frequency of occurrence of waterhyacinth after herbicide
application. The goal of these objectives is to assess and report the herbicide
effectiveness of waterhyacinth control. In addition, the resulting data may serve to
document changes in the frequency of occurrence of native species, as well as other
exotic aquatic plant species not affected by herbicide treatments after waterhyacinth is
controlled.

Materials and Methods

Study Site
Studies were conducted in Lake Columbus located in northeastern Mississippi in
Lowndes and Clay counties (latitude: 33.550082 N, longitude: -88.491458 W). This
man-made lake is 1,208 ha in size and impounded by a dam. Lake Columbus is part of
the Tennessee-Tombigbee Waterway and facilitates the connection of commercial
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transportation from the Gulf of Mexico coast up to the Tennessee River (Green 1985,
Auerbach et al. 1985). It is also used for recreation (e.g., fishing) and wildlife habitat
(Green 1985). Water temperature fluctuates between 10 to 32 °C annually and pH varies
between 6.6 and 7.8. Aquatic vegetation is reported to be dominated by exotic aquatic
plant species (Robles and Madsen 2006).

Aquatic Vegetation Survey
Lake Columbus was surveyed in July 2005, May 2006, and November 2006 to
estimate the frequency of occurrence of aquatic plant species. The July 2005 survey was
performed before herbicide treatments, and the following two surveys (May and
November 2006) were performed after herbicide treatments. Each survey was conducted
using a point-intercept sampling method which utilizes GPS to sequentially navigate the
entire lake (Madsen 1999). Using ArcGIS:ArcMap software (ESRI 2005), a grid of
points of 400 meters apart was created over the entire lake boundary (Figure 4.1). Using
Farm Site Mate software (Farm Works 2004), this information was transferred into a
handheld computer 5 with GPS capability to perform the survey. The GPS receiver 6 was
capable of 3 meter position accuracy, and all data were projected in Universal Transverse
Mercator (UTM, zone 16 N). All vascular aquatic plant species present at each survey
point were recorded. From the original 71 points, only 68 point were able to be surveyed
due to limitations in navigation and water level fluctuations. Therefore, only 68 surveyed
points were considered in the analysis to determine frequency of occurrence of aquatic

5

HP iPAQ, model 2110. Hewlett-Packard Company. 3000 Hanover Street, Palo Alto, CA, USA.

6

Holux GPS receiver, model GR-271. Holux Technology, Inc. 300 Hsinchu City, Taiwan.
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plant species over time. The first frost was reported the second week of December,
therefore; the survey performed in November 2006 was not affected by frost.

Broadcast Herbicide Application
During peak biomass season (July – September), waterhyacinth was treated with
the herbicide 2,4-D amine at a rate of 4.26 kg ae / ha. Herbicide treatment was applied
by helicopter and air boat. The total area sprayed over the years 2005-2006 was
approximately 200 hectares (Figure 4.1). While performing each aquatic plant survey,
visual symptoms of herbicide injury at each point were recorded in order to document
off-target effects of the herbicide application.

Data Analysis
All statistical analysis was performed using SAS software at a significance level
of 0.05 (SAS 2003). A Proc Freq was used to obtain the frequency of occurrence of each
aquatic plant species. In order to facilitate statistical comparisons within each survey
between exotics and natives aquatic plant species, a new data set was created where each
survey point includes presence (1) and absence (0) data of exotics and natives. For
instance, if a survey point had at least one species recorded from one group (e. g. exotic)
and not the other (e. g. native), this point had a value of 1 indicating exotic presence and
value of 0 indicating native absence. Data for both groups was analyzed with
McNemar’s test for dichotomous response variables to test statistical differences of
native and exotic aquatic plant species within surveys. This comparison indicated
statistically whether exotic or native plants were more common in the water body during
each survey. A pair-wise comparison was made using the Cochran-Mantel-Haenszel
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statistic to test if waterhyacinth presence had statistically changed after herbicide
treatments. The use of this test also evaluated the efficacy of herbicide treatments.
Frequency of occurrence changes of the nuisance aquatic plant species, hydrilla, was also
computed due to its economic and ecological importance in the water body.

Results and Discussion

Aquatic Plant Community
Exotic and native aquatic plant species found in Lake Columbus and their
respective growth form and frequency of occurrence are presented in Table 4.1. With the
exception of waterhyacinth, none of the aquatic plant species showed herbicide injury in
response to treatments.
During the survey period, the aquatic plant community was composed of 53%
exotic species and 47% native species. This aquatic plant community included species
with the following growth forms according to Sculthorpe (1967): emergent, floatingleaved, submersed and free-floating. With the exception of the floating-leaved growth
form, which was only represented in the native group, all growth forms were represented
in both groups. The free-floating exotic, waterhyacinth, was the most commonly
occurring exotic aquatic plant species for all 3 surveys with a frequency of occurrence up
to 29% in July 2005 (Table 4.1).
The submersed exotic, hydrilla, was first recorded in 2006 with up to 3%
frequency of occurrence of the points surveyed. At the time of the survey, hydrilla was
growing in the northern portion of the lake. However, recent surveys in 2008 reported
that hydrilla had spread to the southern portion of the lake (Robles et al. 2008).
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The emergent exotic, Cuban club-rush [Oxycaryum cubense (Poepp. & Kunth.)
Palla], was found growing tangled to waterhyacinth and frog’s bit [Limnobium spongia
(Bosc.) Steud.], forming a floating island. It was observed that waterhyacinth and frog’s
bit, as well as debris from dead vegetation, provide buoyancy to Cuban club-rush
allowing the formation of these floating islands. A similar association between
waterhyacinth and Cuban club-rush was reported previously in Mississippi (Bryson et al.
2008). Common in the state of Florida, floating islands are observed to be composed
mainly of Cuban club-rush, frog’s bit, pennywort (Hydrocotyle spp.) and organic matter
which are categorized as “floating-type tussocks” (Mallison et al. 2001). Although one
species of pennywort [Hydrocotyle ranunculoides L. f.] was recorded on the lake
according to the survey of May 2006 (Table 4.1), pennywort was only observed along
shorelines and not associated to these floating islands.
American water-willow [Justicia americana (L.) Vahl.] was the most commonly
found native aquatic plant species in every survey with a frequency of occurrence up to
10 % in May 2006 (Table 4.1). This native species was found growing along the lake’s
shorelines . American lotus [Nelumbo lutea (Willd.) Pers.] was also found in every
survey, however at a much lower frequency of occurrence (1%) than American waterwillow occupying the same shoreline area of the lake. Other natives such as coontail
(Ceratophyllum demersum L.) and duckweed (Lemna minor L.) were not consistently
found during each survey and their frequency of occurrence varies depending on the
species. However, these species were found growing at the same survey points as the
exotics waterhyacinth and hydrilla. Coontail has previously been reported to be an
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associated species of waterhyacinth where both are included in the same aquatic plant
community in water bodies in the state of Louisiana, US (Penfound and Earle 1948).

Herbicide Treatments
Before herbicide treatments, the frequency of occurrence of exotics was
significantly higher (p = 0.0004) than after treatment, with waterhyacinth the most
dominant species within this group (Table 4.1, Figure 4.2). However, after herbicide
treatments, populations of waterhyacinth in Lake Columbus were significantly reduced (p
< 0.05) to less than 14% frequency of occurrence (Figure 4.3). This reduction
corresponds to an increase of native aquatic plant species, leading to a significantly
higher frequency of occurrence than exotics by November 2006 (p = 0.02) (Figure 4.2).
There were no significant differences between frequency of occurrence of the exotic and
native group in the May 2006 survey (p = 0.7055). It was observed that areas formerly
occupied by waterhyacinth before herbicide treatments were replaced and heavily
infested by well established Cuban club-rush and hydrilla populations after treatment.
This means that areas in Lake Columbus where waterhyacinth used to dominate are still
not completely free of nuisance vegetation. Hydrilla was observed topped out in the
water and fully covering entire coves with maximum frequency of occurrence of 3%
(Table 4.1). However, there was no statistical difference between surveys in the
frequency of occurrence of hydrilla. Likewise, Cuban club-rush was observed to be well
established in some areas forming extensive “floating-type tussock” islands along with
the native species, frog’s bit, covering the entire water surface. At the time of the last
survey, the frequency of occurrence of Cuban club-rush was 3% (Table 4.1).
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Management Implications
The use of broadcast applications of the herbicide 2,4-D amine proved to be an
excellent tool for the management of waterhyacinth in Lake Columbus. Waterhyacinth
was no longer a dominant aquatic plant species, and the treatments were effective in
reducing waterhyacinth distribution. Based on surveys conducted in 2006, an increase of
frequency of native species after the decline of waterhyacinth population suggests their
potential for recovery in the lake. This is evident in the survey performed in May where
all aquatic plant species reported in this study were present (Table 4.1). Native aquatic
vegetation, specifically American water-willow, was the most frequently occurring native
in Lake Columbus after waterhyacinth was controlled with herbicide. However, the
frequency of occurrence of other native aquatic plant species important for fish habitat
such as coontail (Ferrer-Montaño and Dibble 2002) and American pondweed
(Potamogeton nodosus Poir.) remained low. Remaining waterhyacinth formed dense
monotypic stands in combination with newly established exotics like hydrilla and Cuban
club-rush which may have limited the reestablishment of these native species (Bryson et
al. 2008, Hofstra et al. 1999, Penfound and Earle 1948). Native species may be limited
by abiotic factors such as light and nutrients (Scheffer et al. 2003, Gordon 1998). In
Lake Gaston, NC, when hydrilla was managed with herbicide treatments, native
submersed aquatic vegetation remained unchanged (Madsen 2007). However, a
successful reestablishment of native emerged aquatic vegetation in marshes occured
when alligatorweed [Alternanthera philoxeroides (Mart.) Griseb.] was controlled with
herbicides (Allen et al. 2007). Therefore, further aquatic vegetation surveys are
recommended to document long-term effects of the herbicide treatments on the aquatic
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community. Monitoring is important for assessing management effectiveness and
documenting the spread of exotics or reestablishment of natives in the lake. Although
hydrilla was localized in some areas of the lake, its establishment and spread (Robles et
al. 2008) cannot be overlooked and herbicide treatments are highly recommended to
prevent further nuisance problems. Aquatic plant relationships such as the formation of
floating islands dominated by Cuban club-rush require further study because they may
represent additional problems with navigation and disruption of ecological interactions.
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Growth
Form

FF
S
E
S
E
E
FF
E
FL, E
E
FL
FF
S, FF
FF
E

Aquatic Plant Species

Eichhornia crassipes (Mart.) Solms
Hydrilla verticillata (L.f.) Royle
Myriophyllum aquaticum (Vell.) Verdc.
Myriophyllum spicatum L.
Ludwigia grandiflora (Michx.) Greuter & Burdet
Oxycaryum cubense (Poepp. & Kunth.) Palla
Salvinia minima Baker
Alternanthera philoxeroides (Mart.) Griseb.
Nelumbo lutea (Willd.) Pers.
Justicia americana (L.) Vahl.
Potamogeton nodosus Poir.
Lemna minor L.
Ceratophyllum demersum L.
Limnobium spongia (Bosc.) Steud.
Hydrocotyle ranunculoides L. f.

E
E
E
E
E
E
E
E
N
N
N
N
N
N
N

Exotic or
Native

July 05
May 06
Nov. 06
Frequency of Occurrence (%)
29
15
7
0
3
1
0
1
0
1
1
0
1
4
1
1
3
3
0
1
1
0
3
0
1
1
1
3
10
9
0
7
0
0
6
4
1
7
0
0
3
1
0
3
0

Survey

Table 4.1 Frequency of occurrence (%) of exotic (E) and native (N) aquatic plant species in Lake Columbus, MS.
Growth forms: Emergent (E), Floating-leaved (FL), Submersed (S), Free-Floating (FF).

Figure 4.1 Point-intercept survey locations on Lake Columbus, Columbus, MS. Shaded
areas indicate the total treatment area sprayed with the herbicide 2,4-D during
2005-06 for the control of waterhyacinth.
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Figure 4.2 Frequency of occurrence of natives and exotics aquatic plant species in Lake
Columbus, MS for each survey performed. An asterisk (*) indicates
significant differences between the two groups within survey at p < 0.05,
according to McNemar’s Test.
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Figure 4.3 Frequency of occurrence of waterhyacinth and hydrilla in Lake Columbus for
each survey. An asterisk (*) indicates significant decrease for a given species
between surveys at p < 0.05 according to Cochran-Mantel Haenszel Test.
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