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SU M M A R Y
1. This study evaluates the efficacy of remote sensing technology to monitor species
composition, areal extent and density of aquatic plants (macrophytes and filamentous
algae) in impoundments where their presence may violate water-quality standards.
2. Multispectral satellite (IKONOS) images and more than 500 in situ hyperspectral
samples were acquired to map aquatic plant distributions. By analyzing field measurements, we created a library of hyperspectral signatures for a variety of aquatic plant
species, associations and densities. We also used three vegetation indices. Normalized
Difference Vegetation Index (NDVI), near-infrared (NIR)-Green Angle Index (NGAI) and
normalized water absorption depth (DH), at wavelengths 554, 680, 820 and 977 nm to
differentiate among aquatic plant species composition, areal density and thickness in cases
where hyperspectral analysis yielded potentially ambiguous interpretations.
3. We compared the NDVI derived from IKONOS imagery with the in situ, hyperspectralderived NDVI. The IKONOS-based images were also compared to data obtained through
routine visual observations. Our results confirmed that aquatic species composition alters
spectral signatures and affects the accuracy of remote sensing of aquatic plant density. The
results also demonstrated that the NGAI has apparent advantages in estimating density
over the NDVI and the DH.
4. In the feature space of the three indices, 3D scatter plot analysis revealed that
hyperspectral data can differentiate several aquatic plant associations. High-resolution
multispectral imagery provided useful information to distinguish among biophysical
aquatic plant characteristics. Classification analysis indicated that using satellite imagery
to assess Lemna coverage yielded an overall agreement of 79% with visual observations
and >90% agreement for the densest aquatic plant coverages.
5. Interpretation of biophysical parameters derived from high-resolution satellite or
airborne imagery should prove to be a valuable approach for assessing the effectiveness of
management practices for controlling aquatic plant growth in inland waters, as well as for
routine monitoring of aquatic plants in lakes and suitable lentic environments.
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Introduction
Aquatic vegetation has long been used as an indicator of nutrient loading in river ecosystems (Junk,
1997; Marion & Paillisson, 2003), but estimating the
extent and biomass of aquatic plant growth is not a
trivial task. High-resolution, multispectral remote
sensing technology offers a potentially convenient
means of assessing aquatic plant growth in a synoptic view (Silva et al., 2008). In recent years, studies
applying remote sensing of aquatic vegetation in
river environments have become more common
(Penuelas et al., 1993; Jakubauskas et al., 2000;
Nelson, Cheruvelil & Soranno, 2006; Nezlin, Kamer
& Stein, 2007). However, the results of these studies
were primarily applied to monitoring of specific
aquatic plant species; for example, Jakubauskas et al.
(2000) remotely assessed the density of Nuphar
polysepala, a perennial aquatic plant with large leaves
and spongy rhizome.
Remote sensing of aquatic plant communities
presents different challenges from the more extensively studied terrestrial communities. Floating and
rooted macrophytes, and submerged algae, differ
substantially from terrestrial plants in concentrations
of leaf pigments, morphology and water content –
biophysical characteristics that determine reflectance
and absorption in visible and near-infrared wavelengths. In addition, water movements mix floating
plants, thereby continuously changing reflectance
and absorption characteristics such as leaf angle,
species mixture and layer density. Therefore, in this
study, we sought to determine the extent to which
aquatic plant species composition affects the use of
remote sensing data to evaluate aquatic plant density
and thickness for future applications in determining
biomass. By analyzing a large set of in situ hyperspectral measurements of Lemna-dominated aquatic
plant associations, we created a library of hyperspectral signatures for a variety of plant species and
associations. Based on the improved understanding
of those spectral responses, we examined three
vegetation indices at wavelengths in the visible and
NIR regions for use in remote sensing of aquatic
plant species composition, density and thickness. We
attempted to determine whether the Normalized
Difference Vegetation Index (NDVI) derived from
IKONOS imagery could substitute for the in situ
hyperspectral-derived NDVI for the assessment of
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673

Fig. 1 Locations of wastewater discharges and major dams
impounding the Assabet River in central Massachusetts.

aquatic plant distribution. Results from IKONOS
imagery were compared to data obtained through
routine visual observations.

Methods
The Ben Smith and Hudson impoundments of the
Assabet River, in east-central Massachusetts, served
as the study area (Fig. 1); maximum depth in the
impoundments is approximately 4.5 m. The Assabet
River, part of a federally designated Wild and Scenic
River, flows for 50 km from its headwaters at the A-1
impoundment in Westborough to its confluence with
the Sudbury River, forming the Concord River, in
Concord. The river’s elevation drops about 100 m
along its length and nine dams create long, relatively
shallow impoundments. Four publicly owned treatment works (POTWs) have permits to discharge a
total of approximately 57 000 m3 d)1 into the river;
three POTWs are upstream from the study area and
one is downstream. These discharges have been
identified as the primary sources of the nutrients
responsible for eutrophic conditions throughout the
Assabet River. The visible effect of these eutrophic
conditions is the heavy growth of aquatic plants that
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Table 1 Description of six primary aquatic plant distributions in the Ben Smith and Hudson impoundments of the Assabet River
Brief descriptor used in text

General description

Lemna

Mixture of Lemna minor (c. 70%) and Wolffia sp., (probably W. columbiana) at various per cent
areal coverages over generally clear water
Lemna ⁄ Wolffia mixture, 100% areal coverage, in a thin layer (0.1–0.2 cm thick)
Lemna ⁄ Wolffia mixture, 100% areal coverage, in a moderate layer (0.2–0.5 cm thick)
Lemna ⁄ Wolffia mixture, 100% areal coverage, in a thick layer (0.5–1.0 cm thick)
Wolffia ⁄ Lemna minor mixture with Wolffia dominant (c. 65%)
Potamogeton mixed with Lemna ⁄ Wolffia
Lemna ⁄ Wolffia with mats of green algae, primarily Hydrodictyon and Spirogyra that may include
decaying or dead plant material
Ceratophyllum, a submerged aquatic macrophyte attached to the bottom and generally covered
with epiphytic algae in relatively shallow water (<0.5 m); may be mixed with Elodea sp.
Open water, generally >1 m deep, with no clumps of aquatic plants

Lemna in a thin layer
Lemna in a moderate layer
Lemna in a thick layer
Wolffia ⁄ Lemna
Potamogeton
Lemna with algae
Ceratophyllum
Clear water

is especially apparent near dams and channel constrictions, such as bridges.
The dominant floating plants in the Assabet River
impoundments are Lemna minor, Wolffia sp. (probably
W. columbiana), Hydrodictyon sp. and Potamogeton
natans (Table 1). Other common aquatic plants
include Elodea canadensis, Ceratophyllum demersum,
Cabomba caroliniana and Trapa natans.

In situ hyperspectral data collection
Spectral measurements of aquatic plants were collected in the Hudson and Ben Smith impoundments
with a FieldSpec 3 spectroradiometer (Analytical
Spectral Devices (ASD), Boulder, CO, U.S.A.). The
instrument uses three separate detectors spanning the
visible and near-infrared (VNIR, 350–1050 nm) and
shortwave infrared (SWIR1, 1000–1800 nm, and
SWIR2, 1800–2500 nm) spectra. After re-sampling,
the spectroradiometer produces spectral reflectance
values for every 1 nm in wavelength at the range of
350–2500 nm, creating a 2150-band spectrum for each
sample point (ASD Inc., 2008).
In situ hyperspectral data were acquired from
10 : 26 to 14 : 11 on 12 August 2007 and from
11 : 00 to 14 : 36 on 15 September 2007 when the
extent of aquatic plant growth was at its annual
maximum. Hyperspectral measurements (samples)
were made simultaneously with GPS positions. To
avoid boat shadow effects at all orientations, the
spectroradiometer with a 5-m fibre-optic cable was
mounted to allow the sensor probe to reach out more
than 3 m from the boat. The sensor probe, with its 25
field of view, was set about 1.5 m above the water

surface. To maintain consistent sampling while the
boat navigated in different orientations, the sensor
angle was set to point perpendicularly at the water
surface (nadir direction). We conducted instrument
optimizations at the outset and during hyperspectral
data acquisition. The sensor was calibrated every
10 min, or following changes in cloud cover, by
taking white reference measurements with a Spectralon (Labsphere, North Sutton, NH, U.S.A.) white
reference panel.
A total of 579 in situ hyperspectral measurements
(samples) were made corresponding to the six most
apparent aquatic plant distributions or associations
(Table 1). Data for two of the most important regulatory concerns – Lemna areal coverage and layer
thickness – accounted for a majority of the samples
(328). The distribution among the other associations
includes 50 samples of Lemna with algae, 102 samples
for Ceratophyllum, 36 samples for floating-leaved
Potamogeton and 63 samples for Wolffia ⁄ Lemna mixtures where Wolffia was the predominant species. In
the sections sampled, Lemna areal coverage ranged
from 0 to 100%. For 100% Lemna coverage (166
samples), the spectral responses can differ depending
on the accumulation of layers of Lemna caused by
wind and currents. Based on our field observations,
we categorized the thicknesses of these layers into
three groups: thin (0.1–0.2 cm), moderate (0.2–0.5 cm)
and thick (0.5–1.0 cm).

Vegetation indices
Three vegetation indices were examined for quantifying aquatic plant areal coverage and layer thicknesses
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673
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NDVI ¼ ðq820  q680 Þ=ðq820 þ q680 Þ

30%
Lemna with algae
Ceratophyllum
Potamogeton
Wolffia/Lemna

25%

Reflectance (%)

and for identifying species associations: NDVI,
NGAI and DH. Each index has unique characteristics
that make it useful in the identification of aquatic
plants. Some modifications were made to the indices
to apply them appropriately to aquatic conditions in
the Assabet River system.
The NDVI, a well-known and widely used vegetation index developed by Rouse et al. (1974), is
based on the contrast between the maximum absorption in the red band because of chlorophyll pigments
and the maximum reflectance in NIR caused by leaf
cellular structure. The NDVI has proved effective in
identifying biophysical parameters of dense and
multilayered canopies (Lillesaeter, 1982; Baret &
Guyot, 1991). Using narrow, hyperspectral bands
for aquatic vegetation, the NDVI was calculated as
follows:
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Fig. 2 Spectral responses to four aquatic plant distributions. Red
lines illustrate elements of the NIR and Green Angle Index and
the continuum removal function.

Slope ¼ qNIR1  qg þ 0:03

ð3Þ

NGAI ¼ Slope  ANIR

ð4Þ

ð1Þ

where qk is the reflectance at the wavelength k (nm).
The NGAI is an adaptation of an angle index first
introduced by Palacios-Orueta et al. (2006) and a later
Shortwave Angle Slope Index (SASI) proposed by
Khanna et al. (2007). These latter angle indices parameterize the general shape of the spectrum by measuring the angles formed by combining the NIR and two
MODIS (Moderate Resolution Imaging Spectroradiometer) bands of SWIR. In terrestrial systems, these
angle indices are effective in tracking soil moisture
and discriminating soil and vegetation (Khanna et al.,
2007; Numata et al., 2008). The NGAI is applied here
to assess aquatic plant characteristics derived from
hyperspectral data. The traditional angle indices were
modified by using three bands: NIR1 (820 nm), NIR2
(977 nm) and green (554 nm) (Fig. 2). The resulting
angle index, ANIR (in radians), is calculated as
 2

a þ b 2 þ c2
ð2Þ
ANIR ¼ cos1
2ab
where a, b and c are Euclidian distances between
vertices at three bands.
Angle indices are commonly normalized to reduce
the influence of sensor–solar geometry. Khanna et al.
(2007) indicated that the slope of a line adjacent to
the angle ANIR performs better in most cases than the
common normalized form. Therefore, we used the
slope of the line connecting the vertices between qg
and qNIR1 (eqn 3) and, then, normalized the NGAI
(eqn 4)
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673

where slope is the difference between spectral reflectance at the NIR1 band and the green band (554 nm)
plus 0.03. The constant 0.03 is added to avoid negative
values when the data primarily represent open water
conditions. The NGAI value in radians was calculated
for all samples and was adopted as a parameter for
estimating aquatic plant areal coverage and for
identifying species compositions.
The DH describes a feature relating the common
baseline to spectral reflectance at the wavelength
where the local minimum forms. Previous research
has used the absorption area instead of depth as part
of a continuum removal method (Clark & Roush,
1984; Khanna et al., 2007). The absorption area is the
product of absorption depth and the width of
absorption which is the full wavelength width at half
absorption depth (Numata et al., 2008). However, in
this study, the three wavelengths controlling the
absorption area of the spectral curve are similar for
all samples (k1 is about 915 nm; k2 is about 1075 nm;
and k is about 977 nm), which means the absorption
widths show little difference between samples. We
considered DH as the index of the continuum without
including the width and used DH to represent
absorption characteristics of aquatic plants and species composition.
A number of applications have successfully used
continuum removal to determine absorption features
for terrestrial biophysical parameters, such as leaf
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biochemistry (Kokaly & Clark, 1999), forest leaf area
index (Pu et al., 2003) and pasture biomass (Numata
et al., 2008). Continuum removal is a mathematical
function used to isolate a particular absorption feature
for analysis of a spectrum (Clark & Roush, 1984). DH
was applied to one spectral absorption region
between 915 nm and 1075 nm. The depth of the
spectral absorption at about 977 nm was calculated
using the continuum removal function as a common
baseline between the two local spectral maxima (q1
and q2) in the absorption region (Fig. 2). The following linear equation represents the common baseline
function, or continuum, Rk, at wavelength k, which
varies between k1 and k2
Rk ¼

qk2  qk1
 ðk  k1 Þ þ qk1
k2  k1

ð5Þ

where qk1 is reflectance at band k1, which has a local
maximum at 915 nm (k1 = 915), and qk2 is reflectance
at band k2, with a local maximum around at 1075 nm
(k2 = 1075). The local minimum (qk) in this case occurs
when k = 977 nm. Therefore, DH, at the local minimum, can be calculated as
DH ¼

Rk  qk
Rk

ð6Þ

IKONOS data acquisition and pre-processing
Aquatic vegetation characteristics were assessed from
IKONOS imagery acquired for the Ben Smith
impoundment in the Assabet River on 15 August
2007. The in situ measurements were used to develop
suitable spectral indices for distinguishing among
aquatic plant communities and density, but not for
correlating the classifications according to their spatial
locations.
Pan-sharpening and atmospheric corrections were
conducted before classification. Atmospheric conditions for the IKONOS images were corrected with an
empirical line calibration (ELC) method (Jensen,
2007). In situ spectral reflectances of a sand trap in a
nearby golf course and of deep, clear water areas of
the impoundments served as bright and dark objects
for calibrating satellite imagery data. The bright and
dark pixels on the same objects were identified on the
IKONOS images using GPS locations. The paired
image digital number and field spectral reflectance
were used to fit the linear regression model. Then, the
model was applied to the entire image, converting

digital values to reflectance and reducing errors
introduced by atmospheric conditions.
IKONOS 4-band, multispectral images at 4-m resolution were transformed to 1-m resolution by panchromatic band referencing using a four-step, principal
component spectral sharpening method (PC Spectral
Sharpening). The first step was a PC transformation of
the multispectral data. Next, the panchromatic band
was scaled to match PC band 1 and then replaced it. In
the third step, an inverse transform was performed on
the newly combined, multispectral images. Finally, the
resulting multispectral data were resampled to the 1-m
panchromatic pixel size.

Field surveys of biophysical measurements
Data from routine visual surveys of aquatic plants
from the riverbanks were used to corroborate the
IKONOS image classification results for the Ben Smith
impoundment. The survey was performed as part of a
U.S. Geological Survey monitoring study of aquatic
plant growth in sections of the Assabet River where
the accumulation of aquatic plants exceeds Massachusetts water-quality standards. A grid, comprised
of irregularly shaped cells and based on a series of
transects approximately perpendicular to midstream,
was established, and observations were made from
several vantage points. Transects and observation
points were selected to adequately map the distribution of aquatic plants in sections of the impoundments. A routine, visual survey was conducted on 16
August 2007, 1 day after IKONOS satellite imagery
collection. Aquatic plant (Lemna) coverage, without
regard to layer thickness, in each cell was ranked on a
scale of 0–4 (0 = no plants observed, 1 = 1–25%,
2 = 26–50%, 3 = 51–75% and 4 = 76–100%) in
accordance with protocols of the Massachusetts
Department of Environmental Protection. The fieldobservation data were transferred to a Geographic
Information System.

Results
Hyperspectral responses to aquatic plants in various
distribution scenarios
Average spectral reflectance across wavelengths 350–
2500 nm in response to Lemna areal coverages of
0–100% and three thickness levels (for 100% areal
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673
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Fig. 3 Hyperspectral responses to Lemna areal coverage and layer thickness.

coverage only) indicate substantially greater NIR
reflectance for dense areal coverages and thick-layered assemblages (Fig. 3). Since water absorbs
strongly at wavelengths from approximately 1300–
2500 nm (Curcio & Petty, 1951; Jacquemoud & Ustin,
2003), differences in reflectance in the short-wavelength infrared (SWIR) range (1450–1800 nm, and
1950–2350 nm) are effectively imperceptible for areas
of <30% coverage. Overall reflectance in the 350–
2500 nm region was greater with increasing per cent
coverage and with increasing layer thickness, trending most sharply upward between 700 and 915 nm. At
the same time, the depth of the water absorption
features centred at wavelengths 977 and 1200 nm
increased, creating distinctive features of the Lemna
signature.
Even given the same areal coverage, major aquatic
plant associations in the Assabet River have markedly
different spectral responses (Fig. 4). The performance
of remote sensing of submerged plants depends both
on depth of the top of the vegetation and on turbidity.
Although turbidity was not measured directly, total
suspended solids (which contribute to turbidity)
samples were collected on 18 August 2007. Concentrations of total suspended solids at sites upstream
and downstream of the sampling areas were quite
low, ranging from <1 mg ⁄ L to 3 mg ⁄ L.
The spectral signatures of Potamogeton are also
distinct at green and NIR wavelengths (Fig. 4c).
Although the shapes of their spectral curves are
similar to Lemna for 100% coverages, their scales
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673

differ. The spectral reflectance of Potamogeton at 100%
coverage is comparable to Lemna at 95%. Potamogeton
usually has the thickness of one thin broad leaf whose
internal structure determines the lower reflectance
across the VNIR region. Because of the distinct R ⁄ NIR
reflectance ratio, the NDVI should be able to distinguish Potamogeton from Lemna.
Reflectance characteristics of Wolffia ⁄ Lemna across
VNIR bands may be as much as 50% less than the
floating leaves of Potamogeton (Fig. 4c,d). Since Lemna
and Wolffia generally occur in mixtures of various
proportions, it can be difficult to use remote sensing to
differentiate the individual areal coverage and layer
thickness of these small aquatic macrophytes. Their
biological features, colour and distribution as lowdensity specks result in relatively low reflectance in all
wavelengths. In addition, Wolffia-dominated mixtures
(Wolffia ⁄ Lemna) absorb strongly at wavelengths centred at 977 nm.

Resolving challenging classification scenarios with
hyperspectral data
Complex, or potentially ambiguous, hyperspectral
responses were identified in four scenarios describing
Lemna coverage and aquatic plant associations. First,
90% Lemna areal coverage has a spectral signature
similar to Lemna with algae (Fig. 5a). Second, submerged plants and low-density Lemna (areal coverage
from 0 to 15%) have similar signatures (Fig. 5b).
Third, Potamogeton and dense Lemna with algae in
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mats (areal coverage from 90 to 100%; Fig. 5c) have
similar reflectance ranges and signature curves.
Finally, the Wolffia-dominated Wolffia ⁄ Lemna association and Lemna at 50–60% areal coverage (Fig. 5d) are
spectrally similar except that the spectral reflectance
for Wolffia ⁄ Lemna shows a rising slope between 750
and 915 nm.

Use of satellite imagery for interpreting aquatic plant
thickness and associations
The four spectral bands from an IKONOS image
acquired for the Ben Smith impoundment were
processed with atmospheric correction and pansharpening followed by unsupervised classification.
With the widely used Iterative Self-Organizing Data
Analysis Technique (ISODATA) (ERDAS, 2003; Rees,
Williams & Vitebsky, 2003; Stow et al., 2003), the
image was initially classified into 10 groups. Using the
spatial patterns of each class observed in the visual
field assessment, we condensed the 10 original groups
into six similar to those identified in the hyperspectral
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673

analyses: open water, thin, moderate and thick layers
of Lemna, Potamogeton and Lemna with algae. To
confirm that the groups generated by the unsupervised classification were correctly identified, we compared the mean NDVI for each of the five aquatic
plant classes from the unsupervised classification
with the mean NDVI derived from the in situ
hyperspectral measurements (Fig. 6). Overall, the
NDVI derived from IKONOS data and the NDVI
derived from in situ hyperspectral data for the five
classes were similar.

Estimating Lemna coverage with vegetative indices
Two vegetation indices, NDVI and NGAI, were
compared to see which correlated best with Lemna
areal coverage and layer thickness. Statistical analysis
showed that NDVI and NGAI both performed well in
predicting Lemna coverage (Fig. 7). Using an exponential function (eqn 7), the NDVI explained 77% of
Lemna coverage (Cp). Since the NDVI for water is
negative, the constant 0.15 was used to shift the NDVI
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values to avoid having a negative value in the
exponential function.
Cp ¼ fðNDVI þ 0:15Þ ¼ 0:078e3:136ðNDVIþ0:15Þ

ð7Þ

Using the NGAI with the logarithmic function (eqn
8) improved estimates of Lemna areal coverage to
95%.
Cp ¼ fðNGAIÞ ¼ 0:4312 lnðNGAIÞ þ 1:5522

ð8Þ

Identifying aquatic plant thickness and species
associations
Projected in a feature space, the three vegetation
indices can provide the means for visually distinguishing seven classes of aquatic plant distributions:
three thickness classes of the Lemna association,
submerged macrophytes (primarily Ceratophyllum),
Potamogeton, Lemna mixed with floating algae (Hydrodictyon) and Wolffia ⁄ Lemna (Fig. 8). The NGAI was
positively related to Lemna thickness and to many of
these species composition scenarios. Two data clusters
(lower left in Fig. 8a) represent Wolffia ⁄ Lemna and
Ceratophyllum. Although the Wolffia ⁄ Lemna association
had a stronger reflectance across the spectrum than
Ceratophyllum, both plant types had similar ranges of
low NGAI and NDVI values. In a like manner,
Potamogeton and Lemna in a moderate layer have
similar ranges of NDVI and DH values that preclude
their differentiation on the basis of those two indices.
For each of these latter two sets of data, a third index
is needed to distinguish the associations.

Resolving challenging scenarios with vegetative indices
The three vegetation indices can be used effectively to
resolve the complex scenarios noted previously. The
NDVI and the NGAI can each differentiate between
Lemna mixed with floating algae and dense Lemna
(90% areal coverage; Figs 5 & 9a). The NDVI can
differentiate submerged Ceratophyllum from low areal
density Lemna, given the distinctly different R ⁄ NIR
reflectance ratios (Figs 5b & 9b). The combination of
the NDVI and NGAI is effective for separating
Potamogeton from highly dense Lemna concentrations
(Fig. 9c). Separating Wolffia ⁄ Lemna from moderatedensity Lemna (50–60% areal coverage) requires both
the NDVI and the NGAI (Fig. 9d). Overall, at high
areal coverages, Lemna (90–100%) is more easily
classified by the NDVI and the NGAI than at
moderate coverages (Fig. 9b–d).

Comparison of satellite imagery and visual observations
Our results show that the hyperspectral NDVI alone is
capable of classifying many of the aquatic vegetation
scenarios described here, such as Lemna areal coverage (Fig. 8a) and layer thickness (Fig. 3), Lemna with
algae (Fig. 9a), and Potamogeton (Figs 8a,b & 9c).
Because the NDVI is computed using wavelengths
that can be obtained from most multispectral remote
sensing devices, we extended our results to multispectral satellite imagery data using unsupervised
classification of IKONOS imagery.
Spatial distribution of species and thickness of
aquatic plant layers derived from IKONOS satellite
imagery matched our field survey observations very
well (Fig. 10). First, there are good matches to Potamogeton clusters in the south-west part of the
impoundment (Fig. 10a). Since Potamogeton typically
produces rhizomes and stays in fixed locations, the
ability to identify Potamogeton is most easily verified.
Next is the identification of the thick layer of floating
Lemna and Lemna with algae that may have died or
drifted downstream to accumulate near the dam
(upper right edge of each panel in Fig. 10a–c). The
thick Lemna accumulation identified along the
impoundment perimeter in the IKONOS image further supports the interpretation based on remote
sensing. Finally, this evidence correlates well with
the generalized field observations of Lemna on the
surface of the impoundment (Fig. 10b).
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673
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Fig. 7 Correlation between Lemna areal
coverage and (a) NDVI; (b) NGAI.
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Fig. 8 Scatter plot graph of: (a) Seven
major field-sample data classes in threedimensional feature space of NGAI,
NDVI, and DH; (b) Potamogeton and Lemna
in a moderate layer.
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(a)

(b)

(c)

(d)

Fig. 9 Scatter plot graphs for resolving
ambiguous field-sample data for four
complex plant associations in threedimensional feature space of NGAI,
NDVI, and DH; (a) Lemna with algae and
Lemna (90% areal coverage); (b) Ceratophyllum and Lemna (5–20% areal coverage); (c) Potamogeton and Lemna (90–100%
areal coverage); and (d) Wolffia ⁄ Lemna and
Lemna (50–60% areal coverage).

To quantify the differences in areal coverage
between the IKONOS-based classifications (Fig. 10a)
and the four levels of visual observations of Lemna
areal coverage as delineated in field-survey grids for
the Ben Smith impoundment (Fig. 10b), we calculated
the percentages of pixels covered by Lemna-dominated aquatic plants in the survey’s individual cells.
Then, using the ranges defined for field survey, the
percentages were classified according to the four areal
coverage levels (Fig. 10c). Differences between visually and remotely sensed cell classifications were
compared graphically (Fig. 10d) and compiled in a
confusion matrix (Congalton, 1991) (Table 2).

Discussion
This work demonstrates the identification and use of
the unique features of the hyperspectral signatures of
close assemblages of aquatic plant species typical of
riverine habitats to adapt three vegetation indices
useful in classifying. Further, the vegetation indices
were applied to identify these heterogeneous plant
groups from commercially available satellite imagery.
Previous work on riverine systems has been limited
by the availability of imagery with sufficient spatial

and spectral resolution to work in river systems and
by the difficulty of separating submerged plants from
open water areas (Schweizer, Armstrong & Posada,
2005; and Gullstrom et al., 2006). Our data (Fig. 4a)
show that at least in shallow, relatively clear
impoundments, it is possible to distinguish submerged vegetation from open water. The combination
of a library of hyperspectral signatures, adapted
vegetation indices and pan-sharpened satellite imagery provides a strong set of tools for identifying and
monitoring aquatic vegetation.

Field measurements and their interpretation
The large set of field samples examined here allowed
the identification of unique spectral features for each
assemblage of aquatic plants identified in the field.
The hyperspectral signatures for the various floating
plant distributions and assemblages are probably
affected by a combination of the leaf morphology of
each species, the varying internal moisture and
chlorophyll content of healthy and dead plants in
the mixture, and a combination of plant and water
signatures (Malthus & George, 1997). The combined
absorption effects of internal leaf structure of Lemna
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673
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Fig. 10 Estimated aquatic plant distributions in Ben Smith impoundment visual survey area on 16 August 2007 using (a)
unsupervised classification of IKONOS imagery; (b) visual observations in routine field survey; (c) remote sensing results classified
according to the visual survey scale; and (d) discrepancies between remote sensing and visual surveys for each coverage level.

and open water between fronds are probably responsible for relatively low NIR reflectance in areas of
sparse coverage (Fig. 3).
A number of specific hyperspectral features prove
useful in resolving aquatic plant associations with
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673

similar spectral signatures (Fig. 5). For example, two
spectral features help distinguish between Lemna with
90% areal coverage and Lemna with algae (Fig. 5a): (i)
Lemna with algae absorbs more strongly at about
977 nm than Lemna at 90% areal coverage and (ii) the
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Table 2 Accuracy assessment (confusion matrix) for the comparison of areal coverages using satellite and visual observation data
Visual survey areal coverage
IKONOS result

VS level 1

VS level 2

VS level 3

VS level 4

Total

RS level 1
RS level 2
RS level 3
RS level 4
Total
Commission error %
Correctly classified %

7
5
1
0
13
46
54

0
2
0
0
2
0
100

0
0
2
1
3
34
66

0
1
2
26
29
10
90

7
8
5
27
47

Omission
error %
0
38
60
4

Overall accuracy
79%

VS leveli, visual survey as level i areal coverage; RS level i, remote sensing as level i areal coverage.

R ⁄ NIR reflectance ratio for Lemna with algae is less
than the ratio for Lemna at 90% areal coverage.
Submerged plants and Lemna with 0–15% areal
coverage also have similar spectra (Fig. 5b); however,
the spectral signature of submerged plants has substantially higher reflectance in the NIR than in the red
band, making differentiation possible. The leaves of
Potamogeton and Lemna with 90–100% areal coverage
are characterized by similar shapes and reflectance
ranges of their spectral signature curves (Fig. 5c). The
G ⁄ NIR reflectance ratio for Potamogeton differs from
that of Lemna with an areal coverage from 90 to 100%.
Furthermore, the slope of the common baseline
between two local spectral maxima, at wavelengths
915 nm and 1073 nm, is positive for Potamogeton but
not for the Lemna coverages. Integrating spectral
features at three bands in the classification scheme –
reflectance at the green and NIR bands and absorption
at 977 nm – can be used to distinguish these two
cases. Finally, moderate-density Lemna areal coverages (50–60%) and Wolffia-dominated Wolffia ⁄ Lemna
associations could be differentiated by the rising slope
for wavelengths from 750 to 915 nm in the Wollfia ⁄ Lemna signature.

Vegetation indices
The three vegetation indices, NGAI, NDVI and DH
derived from in situ hyperspectral samples proved
effective in interpreting aquatic plant areal coverage,
thickness of floating plant (Lemna) layers (thin,
moderate and thick) and species composition (Lemna,
Lemna with algae, Wolffia ⁄ Lemna and Potamogeton).
The results from mapping aquatic plants with
IKONOS multispectral imagery demonstrate that
these data can be used to assess dense coverages of

floating plants nearly as effectively as hyperspectral
data.
Because of the minimal differences between the
satellite-data-derived NDVI and the in situ-derived
NDVI (Fig. 6), we were able to identify the three
Lemna thickness levels with just the IKONOS NDVI
values. Each of the two remaining classes, Potamogeton
and Lemna with algae, had similar NDVI values.
Fortunately, these two remaining classes occurred in
different areas of the impoundment and, by referencing their spatial distributions, all remaining issues in
assigning the five classes with appropriate biological
and species information could be resolved by applying IKONOS data.
An increase in the NGAI value represents the
increased spectral reflectance ratio of G ⁄ NIR and ⁄ or
stronger absorption at 977 nm. In classifying the
Lemna layers, the NDVI correlated linearly with the
NGAI. The NDVI was effective at separating Potamogeton and Lemna in moderate thick layers, but the
NDVI alone did not distinguish well the boundary
overlaps between thin and moderate and between
moderate and thick Lemna layers. The normalized
absorption depth (DH) was important for distinguishing between the Wolffia ⁄ Lemna association and
Ceratophyllum. The DH at the wavelength 977 nm
allowed distinct differentiation between Wolffia ⁄ Lemna
and Ceratophyllum and was also more effective than
the other two indices at separating Potamogeton and
Lemna in a moderate layer (Fig. 8b).
Because the NGAI integrates features of three
wavelength bands, it has an advantage over the use
of NDVI which uses two bands – red and NIR. On the
other hand, although the use of the NDVI as a sole
variable for estimating Lemna coverage is slightly less
accurate than the NGAI, the NDVI is convenient to
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673
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use because most sensors, especially the high-resolution, multispectral sensors, such as IKONOS and
QuickBird, provide red and NIR bands. Since high
spatial resolution is extremely desirable for identifying heterogeneous associations of aquatic plants in
river ecosystems, results from using the NDVI to
estimate Lemna areal coverage from satellite-based
remote sensing should prove invaluable. By combining the DH with the NGAI and the NDVI for
separating samples with mixed species associations
and Lemna layer thicknesses, all seven scenarios in the
in situ spectroradiometer measurements could be
successfully grouped and identified with little ambiguity.

Satellite- versus observer-based assessments
The confusion matrix data (Table 2) show that overall
agreement between satellite imagery and observerbased assessment methods was 79%. Agreement at
level 4 (the greatest areal coverage) was the best (90%,
or 26 out of 29 cells), which is important, because
about 62% of the survey cells were designated as level
4. Almost all level 4 coverage cells were located near
the dam and perimeter of the impoundment where
Lemna and other drifting aquatic plants tend to
accumulate under low-flow conditions. Two of the
three differences between visual and remote sensing
assessments at level 4 occurred in cells 82 and 83
(Fig. 10d). The Lemna coverages estimated from
remote sensing at levels 2 and 3 agreed 100% and
66%, respectively, with the visual survey results.
However, the results were based on small sample
sizes at these two levels, and further testing may be
required. The Lemna coverages in levels 2 and 3 were
associated with 2 boundaries between coverage levels
(for example, level 2 is bounded by levels 1 and 3).
Thus, more disagreements between survey results
and remote sensing results at these two levels than in
level 1 and level 4 might be expected. If we adjust
those discrepancies (in level 1 and level 4) between the
routine visual assessment and the field observations
described earlier, aquatic plant coverage resulted
from remote sensing data can achieve an overall
accuracy of 89%, a substantial improvement over the
original results in Table 2.
There are several reasons for the differences
between satellite- and observer-based visual coverage assessments: (i) the visual survey data may be
 2010 Blackwell Publishing Ltd, Freshwater Biology, 55, 1658–1673
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described as semi-quantitative, narrative and ⁄ or
subjective; the observer must estimate the percentage of each cell’s surface area that would be
covered with Lemna (and not considering other
plant coverage) if any accumulations were distributed evenly across the cell’s surface and, then, must
assign the level of coverage; (ii) with remote
sensing, it is difficult to distinguish very sparse
Lemna coverages from open water (<25% coverage);
(iii) given the drifting nature of Lemna, visual survey
data can only rarely define a cell as 0% Lemna
coverage, resulting in many cells being classified as
1–25% areal coverage; and (iv) differences were
also, at least in part, because of the conversion
between the percentage of coverage from the 1-m
resolution remote sensing results and the visual
categorical resolution of the field survey.

Future considerations
The remote sensing interpretations constitute an
objective assessment of the true extent of aquatic
plant distribution in this impoundment system and
demonstrate the great potential for assessing Lemna
density and other floating plant assemblages over a
wide area. Using high-resolution satellite images, in
general, yields more precise mapping coverage of
floating aquatic plants over a wide area than landbased human observers can. The remote sensing
results could probably be further improved by using
a supervised classification scheme. Our field measurements and analysis can serve as an initial spectral
library for a variety of aquatic plant species and
associations prevailing in New England inland
waters. Although not discussed here, our experience
with obtaining timely satellite images suggests that on
demand, airborne remote sensing may be a more
practical option for assessing aquatic floating plants
for entire water bodies in an acceptable timeframe.
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