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Field observations and measurements of wetland plants have traditionally been used to monitor 
and evaluate wetland condition; however, there has been increasing use of remote sensing applications 
for rapid evaluations of wetland productivity and change. Combining key aspects of field- and remote 
sensing-based wetland evaluation methods can provide more efficient or improved biological indices. 
This exploratory study set out to develop a raster-based Wetland Vegetation Condition Indicator system 
that used airborne hyperspectral imagery-derived data to estimate plant-community quality (via wetland 
classification and Coefficient of Conservatism) and vegetation biomass (estimated using the Normalized 
Difference Vegetation Index). The Wetland Vegetation Condition Indicator system was developed for three 
Lake Ontario wetland areas and compared to a field-based floristic quality index and a dominant-plant 
based Floristic quality indexdom. The indicator system serves as a proof-of-concept that capitalized on the 
spatial and spectral attributes of high-resolution imagery to quantify and characterize the quality and 
quantity of wetland vegetation. A Pearson correlation analysis showed moderate r values of 0.59 and 0.62 
for floristic quality index and floristic quality indexdom, respectively, compared to the indicator method. 
The differences are potentially due to the spatial resolution of the imagery and the indicator method only 
accounting for the dominant plants within each assessment unit (pixel), therefore disregarding understory 
plants or those with low abundance. However, the multi-metric Wetland Vegetation Condition Indicator 
approach shows promise as an indicator of wetland condition by using remotely sensed data, which could 
be useful for more efficient landscape-scale assessments of wetland health, resilience, and recovery.
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Introduction
Wetlands are one of the most diverse and 

beneficial ecosystems in the world. Yet, the 
stability, resilience, and recovery of those wetlands 
can be substantially influenced by biotic and 
abiotic stressors (Craft et al., 2009; Suir et al., 
2020). Monitoring and tracking existing wetland 
conditions, and quantifying impacts from wetland 
stressors, can provide helpful information for 

inventorying wetland resources, forecasting 
resource stability, and formulating adaptive 
management strategies (Suir et al., 2020).

Plants are excellent indicators of wetland 
condition and performance because of their rapid 
growth rates and direct response to environmental 
stressors (Wilcox et al., 2002; Frieswyk et al., 
2007; Cretini et al., 2012). Wetland condition 
indicators, which often consist of wetland plant-
community composition, density, and biomass, 
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are expressions of the environment used to 
identify and monitor critical landscapes, assess 
impacts from disturbance events, measure 
wetland ecological condition, and evaluate habitat 
restoration (Fennessy et al., 2002; Bourdaghs et 
al., 2006; Papas and Holmes, 2007; Gianopulos, 
2014; Suir 2018). One plant-based indicator, the 
Floristic Quality Index (FQI), provides an estimate 
of ecological sensitivity or tolerance based on a 
measure of plant species conservatism, called the 
Coefficient of Conservatism (CC or C value, Table 
1) that ranges from 0 (non-native) to 10 (native 
with a narrow range of ecological tolerances) 
(Bried et al., 2018), together with the richness of 
a plant community (Bried et al., 2012; Gianopulos, 
2014; Spyreas, 2019). In recent years, the FQI has 
become a useful tool for evaluating the integrity 
of plant communities and for assessing restoration 
projects in many regions of the United States 
(Cretini et al., 2011; Suir and Sasser, 2017; Spyreas, 
2019). Several large coastal wetland monitoring 
programs (i.e. Louisiana Coast-wide Reference 
Monitoring System and the Great Lakes Coastal 
Wetlands Consortium), which are responsible for 
monitoring and quantifying ecological conditions 
of coastal wetland ecosystems, use FQI as one of 
their primary vegetation indices (Uzarski et al., 
2017; Cretini et al., 2018).
Table 1. General description and criteria for assignment of 
Coefficient of Conservatism (C value) scores (Bried et al., 
2012).

C Criteria

0 Non-native with wide range of ecological 
tolerances. Often these are opportunistic of intact 
undisturbed habitats.

1 to 2 Native invasive or widespread native that 
is not typical of (or only marginally typical 
of) a particular plant community; tolerant of 
anthropogenic disturbance.

3 to 5 Native with an intermediate range of ecological 
tolerances and may typify a stable native 
community, but may also persist under some 
anthropogenic disturbance.

6 to 8 Native with a narrow range of ecological 
tolerances and typically associated with a stable 
community.

9 to 10 Native with a narrow range of ecological 
tolerances, high fidelity to particular habitat 
conditions, and sensitive to anthropogenic 
disturbance.

Traditionally, measures of vegetation quality 
and condition have relied on labor-intensive 
ground-based surveys (Tucker et al., 1985). 
Although these in situ data can be useful, surveys 
across large wetland landscapes are often hindered 
by time, access, and resource limitations (Suir 
and Sasser, 2019b). Furthermore, although these 
surveys may be adequate for assessing long-term 
trends in wetland condition, they often lack the 
temporal resolution required to evaluate short-term 
changes due to episodic disturbances (i.e. hurricane 
and major flood events). Previous studies have 
shown that remote sensing data and applications 
can significantly supplement traditional field-
based collections and provide critical ecosystem 
knowledge (Broussard et al., 2018; Suir and Sasser, 
2019b). Remote sensing applications have focused 
primarily on structural components of wetland 
landscapes, and although these are useful for 
quantifying and comparing wetland characteristics, 
they lack quality measures that are necessary for 
more comprehensive assessments of wetland 
function and condition (Suir et al., 2020). Wetland 
vegetation quality can be an essential metric because 
it provides critical information related to habitats, 
effectiveness of restoration measures, resilience 
to disturbance events, and adaptive management 
needs and priorities (United States Environmental 
Protection Agency (USEPA), 2002). However, 
there is still a need to evaluate remote sensing 
methodologies to generate more efficient measures 
of wetland quality and condition, especially in large, 
dynamic, and rapidly changing wetland landscapes. 
The primary goal of this exploratory study was 
to develop a raster-based Wetland Vegetation 
Condition Indicator (WVCI). The objectives were 
to: 1) use airborne hyperspectral imagery (HSI) to 
generate wetland classification and Normalized 
Difference Vegetation Index (NDVI) data for use in 
the development of the WVCI, and 2) compare the 
results of the WVCI to traditional field-based FQIs.

Methods

Study area

The study area consists of three Typha spp. 
(cattail)-dominated wetlands along the United 
States coast of Lake Ontario, in New York State 
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(Figure 1). The three study sites, Greater Braddock 
Bay, Buck Pond, and Round Pond, which consist 
of open embayment and barrier beach wetlands, 
respectively, are part of an array of Lake Ontario 
wetlands that have previously been evaluated 
extensively through photointerpretation and general 
wetland classification assessments (Wilcox and 
Xie, 2007, 2008; Wilcox et al., 2008; Wilcox and 
Bateman, 2018). These sites are of great interest 
to the wetland scientific community because of 
their conversion from drought-tolerant Meadow 
Marsh plants to non-native and hybrid taxa of 
Typha. (Wilcox et al., 2008). The range of natural 
and extreme water-level fluctuations (hydrologic 
amplitude), which historically sustained a diverse 
plant community composition in this region, has 
been compressed through management actions, 
altering the natural biological gradients within the 
wetlands, resulting in the influx of cattail.

Method development

The purpose of developing a WVCI is to 
use remotely sensed data as a supplement to the 
traditional (see Swink and Wilhelm, 1979) and 
modified (see Bourdaghs et al., 2006 and Cretini 
et al., 2011) FQI processes, beyond those that rely 
solely on discrete and labor-intensive field data 
collections, and into one that can be applied over 
larger expanses of wetlands (i.e. continuous data). 
Similar to the traditional FQIs, the WVCI scheme 
incorporates a two-pronged approach to account 

for vegetation quality and abundance.

Field and remote sensing data acquisition 
and processing

The WVCI developed as part of this study 
used existing vegetation survey data conducted 
by the Great Lakes Coastal Wetland Management 
Program (CWMP) and airborne-hyperspectral 
imagery (HSI) collected by the Joint Airborne 
Lidar Bathymetry Technical Center of Expertise 
(JALBTCX) (Figure 1). The CWMP conducts 
vegetation sampling in Great Lakes coastal wetlands 
for the purposes of classification, characterization, 
protection, and acquisition of wetlands for 
restoration and management (Uzarski et al., 2017). 
CWMP sampling is typically conducted along 
transects for the purpose of identifying physical 
gradients and corresponding biological gradients 
or zones (Submergent, Emergent, Typha, and 
Meadow Marsh; listed according to increasing 
elevation), as well as collecting representative 
samples of the floral composition of the wetland 
(Uzarski et al., 2017). Each transect consists of 
five 1m x 1m quadrats for each zone that are used 
to determine species composition and surface and 
subsurface percent coverage (species and total) 
(Uzarski et al., 2017). This study used existing 
CWMP vegetation survey data collected at 136 
quadrats during the period from 25 June to 26 
July 2018. The vegetation survey data were used 
to calculate FQI, FQIdom, Cdom, and as training 

Figure 1. Hyperspectral imagery (HSI) and Great Lakes Coastal Wetland Monitoring Program (CWMP) vegetation survey locations 
within the Greater Braddock Bay, Buck Pond, and Round Pond study sites.
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and verification data in the raster-based WVCI 
wetland classification process. FQI was calculated 
by using the New York State preliminary C-score 
list with reference to the New England Interstate 
Water Pollution Control Commission (NEWIPCC) 
Northeast Ecoregional C-score list (Reznicek et 
al., 2014; Faber-Langendoen 2018), calculated as 
follows:

                       FQI = 𝐶𝑡√𝑁𝑡,                         (Eq. 1)

where Ct represents the total mean C and 
Nt is the total species richness (Freyman et al., 
2016; Faber-Langendoen 2018). The total mean 
C value represents the mean C metric for each 
quadrat within a habitat zone. For FQIdom and Cdom, 
dominance was determined using the 50/20 rule for 
wetland delineations (Gage and Cooper, 2010).

The HSI data were collected by JALBTCX in 
September 2018 using an Itres Compact Airborne 
Spectrographic Imager (CASI)-1500 (Wozencraft 
and Lillycrop, 2006). The JALBTCX HSI collection 
and processing (Itres processing software) resulted 
in 48 spectral band orthomosaic images with 1-m 
pixel resolution. One difficulty with using HSI 
data for any analysis is the number of bands and 
amount of data. One solution is to perform spectral 
data reductions. A Minimum Noise Fraction 
(MNF) transformation was performed using the 
ENVI (v5.6) Spectral Hourglass Wizard to reduce 
the number of bands needed to retain all useful 
information. This technique reduced the number of 
HSI bands from 48 to 19.

Wetland Vegetation Condition Indicator – 
Quality

Traditional field-based FQIs use vegetation 
surveys to determine C values as a means of 
estimating the quality or biological integrity of 
the wetland plants. Classification and mapping of 
vegetation cover from remotely sensed data can 
provide a viable alternative to these traditional 
field surveys. For this assessment, the HSI data 
were used to classify dominant plant species to 
which New York-based C values were applied 
(Faber-Langendoen et al., 2018). The Maximum 
Likelihood Classifier (MLC), which was selected 
for use in this study, is a parametric classifier 
that relies upon the statistical distributions of 
the reflectance values of the target classes, as 

defined by the training (“ground verification”) 
data provided for each class (Carle, 2013). The 
maximum likelihood approach assumes that the 
reflectance values for each class in each band 
follow a Gaussian distribution and calculates the 
probability that each pixel in the image belongs 
to each of the target classes (Carle, 2013). Each 
pixel is assigned to the class with the highest 
probability and, unless a probability threshold is 
used to generate an “unclassified” class, all pixels 
in the image are classified as one of the target 
classes. For the WVCI, the target classes consisted 
of the dominant vegetation in the study area (a list 
of target species is provided in the Results and 
Discussion section). Wetland classifications from 
remote sensing methods are primarily limited to 
dominant vegetation (exceptions include subpixel 
and spectral un-mixing classifications) (Yamagata, 
1999; Wang et al., 2013). However, previous 
studies have shown that measures of dominant 
species have utility as an objective indicator of 
wetland condition over time (Frieswyk et al., 2007). 
For the MLC-based classification, a dominant 
vegetation class was defined as any species equal 
to or greater than 50% of the vegetation present 
within each sample unit (pixel). The RECLASS 
tool in ESRI ArcGIS version 10.6.1 (ESRI 2018) 
was used to assign C values (range from 1 to 10) 
to each pixel based on the dominant plant species, 
thereby generating a Cdom raster data layer. Since 
only the dominant vegetation is represented in the 
classified vegetation data, and since a C value of 
zero would return WVCI scores of zero (per pixel), 
those species were assigned a C value of one (1).

Wetland Vegetation Condition Indicator – 
Abundance

Since vegetation cover values provide close 
reflections of biomass (Muir and McClaran, 1997; 
Jiang et al., 2017), and since NDVI has well-
established correlations to photosynthetic activity, 
aboveground biomass, and leaf area index (Carle, 
2013; Suir and Sasser, 2019b), NDVI was chosen 
as the abundance or quantity component for the 
WVCI. NDVI assessments were performed using 
the pre-processed CASI-1500 hyperspectral 
imagery. NDVI data were created using the 
standard equation (Rouse et al., 1973):
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hNDVI =
𝑁𝐼𝑅 − 𝑅 𝑒𝑑

,  (Eq. 2)
𝑁𝐼𝑅 + 𝑅 𝑒𝑑

which uses a ratio between a near-infrared 
(NIR, HSI band 38, 896 nm) band and a red (HSI 
band 23, 682 nm) band to measure an ecosystem’s 
ability to capture solar energy and convert it to 
organic carbon or biomass (An et al., 2013). NDVI 
values range from -1 to 1, where values between -1 
and zero (0) are typical of non-vegetation features 
(e.g. water, cloud, and impervious surfaces) and 
were therefore excluded from the final NDVI 
data, while those between 0 and 1 are typical of 
vegetation (Datt, 1999; Sims and Gamon, 2002). 
The higher the NDVI value, generally the higher 
the biomass and vigor of the vegetation (Suir and 
Sasser, 2019a).

Although there have been uncertainties about 
the correlations between plant abundance and 
dominance measures with FQI, some recent studies 
have shown a lack in significant difference between 
some cover-dominant measures and the traditional 
FQI (Chamberlain and Brooks, 2016; Gianopulos, 
2018). In fact, some studies have found various 
floristic quality derivatives (FQIdom and Cdom) to 
be significantly correlated to the traditional FQI 
method, indicating the efficacy of cover-dominant 
methods as useful condition metrics (Chamberlain 
and Brooks, 2016; Gianopulos, 2018). The two 
WVCI formulas developed and assessed in this 
study include:

        𝑊𝑉𝐶𝐼 = (NDVI x 𝐶𝑑𝑜𝑚) x 10, (Eq. 3)
        𝑊𝑉𝐶𝐼𝐶 = (𝐶𝑑𝑜𝑚) x 10, (Eq. 4)

where NDVI (Normalized Difference 
Vegetation Index) is a measure of vegetation 
biomass per sample unit (pixel), and Cdom is the 
Coefficient of Conservatism for the dominant 
plant species (computed by applying the C value 
to wetland classification data) per sample unit. 
The WVCI equation (eq. 3) was applied by using 
the RASTER CALCULATOR (ESRI ArcGIS 
Spatial Analyst) to multiply the NDVI raster by the 
Cdom raster and then by a multiplier of 10 to scale 
and standardize the scores from 0 to 100. WVCI 
are unitless values where low scores represent 
landscapes with low quantity and/or quality 
of wetland plants, and higher values represent 
landscapes with high quantity and/or quality.

Statistical analyses

Ground- and image-based-verification data 
were used in conjunction with a confusion 
matrix to evaluate the accuracy of the vegetation 
classification. The ground-verification data 
consisted of dominant classes (≥ 50% cover) 
from a subset of reference plots (30% of total 
CWMP survey sites) and image-based-validation 
sites generated by photo-interpreting very high 
resolution (5 cm) JALBTCX true color imagery.

A correlation analysis was used to examine the 
relation between the field-based FQI and the FQIdom, 
which was calculated using only the dominant 
plant. This comparison provides a foundation for 
transitioning to a dominant plant-based method (i.e. 
WVCI). The relationships within the traditional, 
field-based floristic quality index method (i.e. full 
plant community composition versus dominant 
plant only), and a comparison to the novel raster-
based WVCI, were also assessed using correlation 
methods. The Statistical Analysis System software 
version 9.2 (SAS, 2008) PROC GLM procedure 
was used to perform means separation tests 
(Tukey’s Honest Significant Difference (HSD) test, 
α = 0.01) to evaluate significance of differences 
between values derived from each method.

Results and discussion

Field-based Floristic Quality Index

There were 69 different plant species observed 
across all three study sites in 2018. Table 2 shows 
the average cover values (percentage of total) by 
species for each study site. Species with average 
cover values <1% were grouped and categorized 
as “other.” The average cover ranged from 0.01% 
(Erechtites hieraciifolius) to 6.68% (Nymphaea 
odorata), 0.40% (Cicuta bulbifera) to 23.62% 
(Potamogeton pusillus), and 0.39% (Calystegia 
sepium) to 13.59% (Apios americana), for 
Greater Braddock Bay, Buck Pond, and Round 
Pond, respectively. The average vegetation cover 
percentages per quadrat were 111.2%, 93.0%, and 
106.8% for the Greater Braddock Bay, Buck Pond, 
and Round Pond study areas, respectively. Total 
cover values greater than 100% are possible when 
accounting for over- and under-story plants.

Table 2 also shows the C values for each 
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species (Faber-Langendoen et al., 2018). The 
Mean C values, calculated collectively across all 
zones, were 3.07±1.67, 3.05±2.04, and 2.8±1.7, 
for Greater Braddock Bay, Buck Pond, and Round 
Pond, respectively. The FQI scores at the Greater 
Braddock Bay survey sites ranged from 4.8 to 67.4, 

with a mean score of 19.3±10.0 (Table 2). The 
Buck Pond FQI scores ranged from 1.4 to 78.3, 
with a mean score of 20.8±15.14. The FQI scores 
at the Round Pond site ranged from 8.0 to 46.4, 
with a mean score of 16.9±9.5. The overall average 
FQI score for all study sites was 20.3±11.4. These 

Table 2. List of C-values and mean cover-values by taxon, within quadrat, and the site-wide mean cover, C-values, and FQI within 
the Greater Braddock Bay, Buck Pond, and Round Pond study sites.

Taxa C-score Braddock Bay Buck Pond Round Pond Total
Lonicera spp. 0 1.63 - - 1.63
Myriophyllum spicatum 0 1.86 3.19 - 5.04
Potamogeton crispus 0 1.29 5.73 4.92 11.94
Solanum dulcamara 0 1.59 - - 1.59
Hydrocharis morsus-ranae 1 2.19 19.84 2.78 24.81
Elodea canadensis 2 2.70 4.91 - 7.62
Juncus effusus 2 2.17 - - 2.17
Lemna minor 2 1.50 - 1.75 3.25
Stuckenia pectinata 2 2.93 10.26 - 13.19
Typha spp. 2 3.38 13.12 6.22 22.72
Ceratophyllum demersum 3 5.56 2.92 8.99 17.47
Sagittaria latifolia 3 1.30 - - 1.30
Spirodela polyrhiza 3 6.37 1.16 4.24 11.78
Bidens cernua 4 1.06 - - 1.06
Mentha arvensis 4 3.40 - - 3.40
Nymphaea odorata 4 6.68 4.51 - 11.20
Thelypteris palustris 4 3.54 - 1.61 5.14
Apios americana 5 1.31 - 13.59 14.90
Bolboschoenus fluviatilis 5 1.41 - - 1.41
Calamagrostis canadensis 5 3.42 - - 3.42
Carex lacustris 5 3.62 - 6.37 9.99
Cornus amomum 5 2.64 - - 2.64
Lycopus americanus 5 2.15 - 1.04 3.19
Potamogeton pusillus 5 4.10 23.62 7.25 34.97
Potamogeton zosteriformis 5 1.67 - 3.24 4.91
Sparganium eurycarpum 5 2.20 - - 2.20
Carex pseudocyperus 6 2.83 - - 2.83
Utricularia vulgaris 7 2.06 - 11.26 13.33
Other na 10.30 10.72 26.75 47.77

Measure Braddock Bay Buck Pond Round Pond All Sites
Mean Cover 111.2 93.0 106.8 103.7
Mean C, Standard Deviation 3.07±1.67 3.05±2.04 2.8±1.7 2.97±1.8
FQI, Standard Deviation 19.3±10.0 20.8±15.1 16.9±9.5 20.3±11.4
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values are within the typical range of FQI scores 
that were previously reported for Lake Ontario 
wetlands (Grabas at al., 2003).

Figure 2, panel A, shows all FQIdom scores 
plotted against the traditional FQI scores. The FQI 
scores calculated for each survey site using the 
FQI and FQIdom methods were highly correlated 
(Pearson’s correlation: r = 0.84). This indicates the 
dominant plant species account for a large segment 
of the overall FQI score.

Raster-based classifications and indices

Classification of plant species

Of the 69 plants identified within the 136 
vegetation survey quadrats, 13 were determined 
to be dominant plants and were therefore included 
as target taxa in the classification. These include: 
algae (C value = na), Calamagrostis canadensis 
(5), Carex lacustris (5), Ceratophyllum demersum 
(3), Chara sp. (na), Elodea canadensis (2), 
Hydrocharis morsus-ranae (1), Nymphaea 
odorata (4), Potamogeton pusillus (5), Spirodela 

polyrhiza (3), Stuckenia pectinata (2), Typha spp 
(2), and Utricularia vulgaris (7). The final MLC-
classified data and schema are shown in Figure 
3. Although other generalized classes (i.e. forest, 
meadow marsh, upland vegetation, impervious 
surface, water) were used in the MLC classification 
process, only the 13 dominant plant classes were 
used in WVCI development and comparisons. The 
wetlands in the three study areas were dominated 
by Typha spp (40.7% of total area), followed 
distantly by Spirodela polyrhiza (5.9%), algae 
(3.7%), and Ceratophyllum demersum (3.2%); 
all other taxa were less than 3% of the total study 
area. The overall accuracy for the MLC vegetation 
classification (including general habitat classes) 
was 92.9 percent, with a kappa value of 0.923.

Normalized Difference Vegetation Index

Figure 4 illustrates the spatial variability and 
patterns of HSI-derived NDVI within the three 
study areas. Greater Braddock Bay, Buck Pond, 
and Round Pond sites had mean NDVI values of 
0.52±0.19, 0.57±0.15, and 0.62±0.14, respectively 

Figure 2. Correlation between the Modified Floristic Quality Index (FQI) scores calculated for each Coastal Wetland Monitoring 
Program (CWMP) survey site using all plants versus the dominant plant (Pearson correlation r = 0.84, Panel A), WVCI versus FQI 
all plants (r = 0.59, Panel B), and WVCI versus FQI dominant plant (r = 0.62, Panel C).
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(Figure 4). Plant distribution and biomass (NDVI) 
in the study area wetlands were largely driven by 
elevation and hydroperiod, where greater biomass 
plants were located at higher elevations and in areas 
with more natural hydrologic regimes (Hudon et 
al., 2006). The NDVI has been shown to provide 
accurate estimates of plant biomass (Suir and 
Sasser, 2019b) and can be a useful surrogate for 
field-based measurements of vegetation quantity.

Wetland Vegetation Condition Indicator

Two versions of the WVCI were caculated 
and compared to the field-based FQI methods. 
The first, the WVCI, combines the HSI-derived 
vegetation quality (Cdom value assigned to dominant 
plant classes) and biomass (estimated using NDVI) 
components. Figure 5 illustrates the color-ramped 

WVCI values from 2018 that were computed for 
the Greater Braddock Bay, Buck Pond, and Round 
Pond study areas. The regions with highest WVCI 
score (greens and blues) were those with highest 
estimated wetland quality, and regions with lowest 
WVCI scores (orange and red) were those with 
lowest estimated quality. The mean WVCI values, 
calculated using the ArcGIS Zonal Statistics tool, 
for Greater Braddock Bay, Buck Pond, and Round 
Pond areas were 13.0±5.5, 12.0±3.5, and 13.2±3.4, 
respectively (Figure 5). The mean WVCI values 
were 6.3, 8.8, and 3.7 lower than the CWMP-based 
traditional FQI scores, for Greater Braddock Bay, 
Buck Pond, and Round Pond, respectively. These 
differences are potentially due to the WVCI method 
only accounting for the dominant plant within each 
assessment unit (pixel) and therefore disregarding 
understory plants or those with low abundance.

Figure 3. Maximum Likelihood Classification maps of the Greater Braddock Bay, Buck Pond, and Round Pond study sites.

Figure 4. HSI-derived Normalized Difference Vegetation Index values (2018) in the Lake Ontario study sites.
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The second WVC indicator evaluated in this 
study was the WVCIC, which assigns species-
specific C values to the MLC data, but does not 
consider or include abundance values. The mean 
WVCIC values were 26.1±15.7, 20.9±9.8, and 
21.8±10.0, for the Greater Braddock Bay, Buck 
Pond, and Round Pond sites, respectively. These 
values were 6.8, 0.1, and 4.9 higher than the CWMP-
based traditional FQI scores, for Greater Braddock 
Bay, Buck Pond, and Round Pond, respectively. The 
assessments of means show that, when compared to 
the FQI, the WVCIC overestimates the scores, and 
the WVCI underestimates the scores. To evaluate 
the accuracy of the raster-based WVCI more 

thoroughly, a correlation analysis was performed 
by plotting WVCI scores against traditional field-
based FQI and FQIdom (Figure 2, panels B and C). 
The assessment sites are represented by diamonds 
in Figure 5. The Pearson correlation analysis shows 
a respectable fit (r = 0.59) between the WVCI and 
FQI and a slightly higher and moderate fit (r = 
0.62) between the WVCI and FQIdom. Furthermore, 
Tukey’s HSD tests revealed significant differences 
in mean values between FQI and FQIdom, as well 
as FQI and WVCI, but no significant differences 
in means of FQIdom and WVCI (p<0.01; Figure 6). 
Again, differences are likely due to the dominant 
plant approach used in the FQIdom and WVCI 

Figure 5. Modified FQI and HSI-derived WVCI values (2018) in the Lake Ontario study sites.

Figure 6. Mean FQI, FQIdom, and WVCI values, standard deviation of mean, and Tukey’s HSD test denoting significant differences 
(p<0.01) for all study area survey locations.
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methods.
Although the primary objective of this study 

was to establish a landscape-level system that 
allows for the extrapolation of data across an entire 
study area, a comparison of WVCI to FQI was also 
performed by vegetation zone (i.e. Submergent, 
Emergent, Typha, and Meadow Marsh). The 
differences in WVCI and FQI were calculated for 
each vegetation survey site, across all three study 
areas, and a Tukey HSD test was used to assess the 
significance of differences between pairs of means. 
These statistics were used to assess trends in over- 
or under-estimation of vegetation condition. The 
mean values, by zone, of all site-based differences 
between WVCI and FQI were -3.3±2.3, -18.8±2.7, 
-16.4±1.5, and -7.3±2.0 for the Emergent, Meadow, 
Submergent, and Typha marsh, respectively. 
The means were not significantly different for 
Emergent and Typha zones, nor were they different 
for Meadow and Submergent zones. The Emergent 
and Typha marsh returned WVCI scores that were 
closest to the FQI scores, although some under-
estimation of wetland condition (where WVCI 
scores were lower than the FQI per site) was 
discernable. Under-estimation of WVCI scores was 
more prevalent at the Submergent and Meadow 
marsh sites. The differences by zone are potentially 
due to water-column influences (i.e. absorption 
and scattering) in the Submerged marsh zone; 
and higher species richness in the Meadow marsh 
sites (FQI accounts for all plant species, while the 
WVCI accounts only for the dominant plant).

Conclusions
In situ data collections can provide detailed 

measurements over small areas but are typically 
labor-intensive, whereas the most commonly used 
remote sensing applications provide synchronous 
measurements of broad areas but with reduced 
potential for local detail (Kerr and Ostrovsky, 2003). 
However, recent advancements in sensors and 
techniques (i.e. HSI and multi-metric assessments) 
have enabled improved estimates of ecological 
function and condition (Schaefer and Lamb, 
2016; Broussard et al., 2018) based on remote 
sensing data. The WVCI method developed and 
documented in this proof-of-concept capitalized on 
the spatial and spectral attributes of hyperspectral 
imagery to quantify and characterize the quality 

and abundance (biomass) of vegetation within a 
wetland landscape. The WVCI showed moderate 
correlations to a number of established field-based 
measures of floristic quality.

Although the WVCI and remotely sensed data 
currently may not possess the resolution required 
to serve as a direct substitute for FQI, they may 
provide a level of detail that is sufficient for 
specific monitoring or project goals. Likewise, 
as is, the proof-of-concept WVCI may not be 
adequate for assessing diverse wetland areas with 
a large number of plant species, but it could be 
adequate for wetlands with largely monotypic 
stands (i.e. Spartina or Typha marshes). Similarly, 
although biomass and abundance (cover) measures 
have not always increased FQI correlations to 
ecological health, especially when using infrequent 
(≥ annual) vegetation survey data, they could prove 
more meaningful in higher-temporal analyses (i.e. 
evaluating short-term disturbance impacts).

This method provides a multi-metric 
foundational system upon which future 
advancements in remote sensing for ecological 
function and condition assessments could be built. 
For instance, with increasing spatial and temporal 
resolution data (i.e. UAS), the ability to differentiate 
or “unmix” plant species and incorporate additional 
metrics (i.e. elevation, stem density, etc.) will 
further advance its utility. Regardless, these data 
and methods provide helpful tools for monitoring 
wetland resources and predicting ecosystem 
resource structure and function, which in turn 
should provide more suitable and efficient adaptive 
management strategies.
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