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Abstract:



Hyperspectral remote sensing can be a powerful tool for detecting invasive species and their impact across large spatial scales. However, remote sensing studies of invasives rarely occur across multiple seasons, although the properties of invasives often change seasonally. This may limit the detection of invasives using remote sensing through time. We evaluated the ability of hyperspectral measurements to quantify the coverage of a plant invader and its impact on senesced plant coverage and canopy equivalent water thickness (EWT) across seasons. A portable spectroradiometer was used to collect data in a field experiment where uninvaded plant communities were experimentally invaded by cogongrass, a non-native perennial grass, or maintained as an uninvaded reference. Vegetation canopy characteristics, including senesced plant material, the ratio of live to senesced plants, and canopy EWT varied across the seasons and showed different temporal patterns between the invaded and reference plots. Partial least square regression (PLSR) models based on a single season had a limited predictive ability for data from a different season. Models trained with data from multiple seasons successfully predicted invasive plant coverage and vegetation characteristics across multiple seasons and years. Our results suggest that if seasonal variation is accounted for, the hyperspectral measurement of invaders and their effects on uninvaded vegetation may be scaled up to quantify effects at landscape scales using airborne imaging spectrometers.
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1. Introduction


Invasions of non-native plants into terrestrial ecosystems can alter vegetation structure, plant and animal biodiversity, fire regimes, and ecosystem processes, such as nutrient and water cycling [1,2,3,4]. Distribution mapping of invasive plants is important for the early detection of new invasions, the development of management strategies [5], and assessments of the impacts of invasive plants [6]. Remote sensing can be a valuable tool for investigating invasive species because its large spatial coverage and frequent temporal sampling can be used to measure invasive species’ coverage [7,8], phenology [9], and impact on ecosystem structure, diversity, and dynamics [10,11].



Hyperspectral remote sensing can be particularly useful for invasive plant detection [12] because its high spectral resolution can discriminate among plant functional groups and plant species [13]. Additionally, hyperspectral measurements can simultaneously detect multiple plant chemical or structural traits that may be unique to the invasive plant [14] or occur as a result of invader impacts [10]. For example, the invasive iceplant (Carpobrotus edulis) and jubata grass (Cortaderia jubata) in coastal California were identified via hyperspectral images based on their higher leaf water content than native vegetation [15]. Leafy spurge (Euphorbia esula) in the northwestern United States (U.S.) was differentiated by the pigment concentrations of its floral bracts [16], and perennial pepperweed in a California delta was distinguished due to its unique chlorophyll content [17]. Hyperspectral Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) images revealed that invasive Kahili ginger (Hedychium gardnerianum) was found to reduce nitrogen concentration and increase aboveground water content in a Hawaiian montane rain forest [10]. Other studies have used spectral differences to identify senescent vegetation and quantify the canopy water content associated with invasive species [18,19].



Most hyperspectral studies examine the detection of invasive species and their impacts at a single sampling period [20,21], or in the same season across years [17,22]. However, invasive and native plants can have varied vegetative and reproductive phenologies such that hyperspectral discrimination between invasive and native plants differs seasonally. Yang et al. [23] found that the same species can have different leaf traits seasonally, and that detection techniques need to incorporate seasonal change in order to measure traits throughout the year. Furthermore, seasonal changes in the senescence, leaf chemistry, or water content of invasive plants can lead to different impacts on the vegetation community throughout the year. Remote sensing approaches that take into account seasonal and annual variation will be more robust than algorithms developed from data from a single sampling period and are likely to improve the accurate characterization of invasives and their impacts.



In this study, we use hyperspectral data to quantify an invasive species and its impact on vegetation characteristics in different seasons across multiple years. The study focuses on cogongrass (Imperata cylindrica), a non-native invasive in the southeastern U.S. Cogongrass was initially planted in the southeastern United States for forage and soil stabilization [24], but has spread rapidly to roadsides, agricultural fields [25], and native longleaf pine ecosystems [26] of the southeastern U.S. In longleaf pine forests, cogongrass reduces native understory species diversity [27] and alters vegetation properties, such as the amount of dead material and vegetation water content [28]. Fire-promoting species such as cogongrass tend to accumulate dead plant material [29], altering understory composition and fuel cover [1], and potentially stimulating a higher frequency and intensity of burns than historically experienced in longleaf pine forests [30]. The hotter cogongrass-fueled fires can kill low herbs, shrubs, and even normally fire-tolerant longleaf pine saplings [28]. Following fires, cogongrass quickly invades burned areas and creates cogongrass monocultures, which may create a positive feedback loop between cogongrass invasion and intense fire [31]. Several studies have developed algorithms to discriminate cogongrass from other grasses in pastures using hyperspectral data in lab and agricultural settings [32,33]. However, there has been no attempts to quantify the cover of cogongrass in longleaf pine savannas, which have very high understory species diversity [34]. The high spectral heterogeneity that can be expected from high understory species diversity [35,36] could make the quantification of cogongrass from remote sensing more difficult.



We evaluated the predictive ability of remote sensing metrics to measure key vegetation characteristics in an experiment that factorially manipulated cogongrass coverage and rainfall in a longleaf pine grass community [37]. In most cases, the remote sensing of invasive species and their impacts are measured in observational field settings [7,8,17,38] or laboratory settings [32]. Rarely are these measurements made in controlled field experiments where invasive plant presence, the matrix of co-occurring species, and environmental conditions, such as amount of rainfall, are controlled. In this study, we took advantage of an experiment that factorially manipulated invasive plant presence and rainfall in initially similar plant communities to investigate the predictive ability of hyperspectral measurements to quantify the percent cover of an invasive plant species (a federal noxious weed) and key vegetation characteristics, namely dead plant coverage and plant water content. Our objectives were to: (1) quantify how well hyperspectral measurements can detect variation in cogongrass coverage, dead plant material, and water content in an experimentally controlled field setting: and (2) determine how well an algorithm that has been trained in one season can predict ecosystem characteristics in another season.




2. Materials and Methods


The field experiment is located at the Bivens Arm site (29°37′42.4″N, 82°21′14.4″W) near the University of Florida in Gainesville, Florida, U.S. Northern Florida has a humid subtropical climate, with a wet summer season in the summer months and a dry season from early fall through late spring. The wet season typically has high humidity and frequent rainfall, with an average daily high temperature above 28.3 °C and 15.2 cm average precipitation per month. During the dry season from late fall through spring, temperatures are cooler, with monthly average temperatures between 12.4–23.7 °C, and average monthly precipitation between 5.2–10.9 cm. The soils used in the experiment are Portsmouth sandy loam [37].



Forty experimental plots, each 4 m × 4 m in size, with a buffer of 0.5 m from the edge on all sides, were established in a field in early spring 2012. Twenty longleaf pine seedlings and 36 native herbaceous seedlings (12 native species × three individuals) were planted in each plot. A factorial combination of drought treatment and cogongrass invasion was applied in spring 2013. Drought was simulated with rainout shelters of polycarbonate roofing 2 m in height with 89% spatial coverage that reduces soil moisture by approximately 50% on average across the year. The drought-treated plots were surrounded by 15-cm tall aluminum flashing buried 5 cm deep to prevent the overland flow of water, and are surrounded belowground by 1-m deep root-impenetrable barriers to reduce the flow of water into the plots belowground. Shade cloth over reference plots controlled for the shading effects of the rainout shelters. Further details of the experiment can be found in Alba et al. [37].



Each center 3 m × 3 m area of a plot was divided into 16 subplots (75 cm × 75 cm), which were the sampling units for canopy reflectance and field measurements. Spectral measurements were collected in June 2015, February 2016, June 2016, December 2016, and March 2017. Between 25–106 subplots were measured at each sampling period, which covered all four experimental treatment combinations (ambient uninvaded, ambient invaded, drought uninvaded, and drought invaded) (Supplement Table S1). All of the non-vegetation materials in the plot (such as flags marking measurement locations for other studies) were removed before spectral measurements were collected. A subplot was not used if a pine seedling had grown large enough to obscure the herbaceous vegetation in the subplot. The same subplots were not always re-measured in each sampling period. Some subplots could not be measured because the vegetation grew too tall, or because non-removable equipment was installed in the subplot that would influence the subplot reflectance.



2.1. Canopy Reflectance Measurements


Canopy reflectance was measured with a PANalytical Analytical Spectral Devices (ASD) Inc. (Boulder, CO, USA) FieldSpec® 4. The spectroradiometer has a spectral range between 350–2500 nm with spectral resolution of 3 nm in the visible and near-infrared (NIR) regions, and 8 nm in the shortwave-infrared (SWIR) region. Handheld measurements were conducted on cloudless days within two hours of solar noon to minimize solar zenith angle changes. Before measuring each subplot, the spectrometer was optimized and calibrated using a Spectralon® white reference panel to reduce the spectral variation resulting from different materials over the drought and ambient plots and varying sun intensity. The ASD fiber optic, which has a 25° field of view, was placed 1.7 m above the ground, providing a 0.75-m diameter footprint on the ground. For each subplot, an average of 15 measurements over 15 s was used.




2.2. Measurements of Vegetation Characteristics


The areal coverages of the following vegetation types were visually estimated in all five sampling periods (June 2015, February 2016, June 2016, December 2016, and March 2017) in each subplot: live (green) cogongrass, senesced (brown) cogongrass, and uninvaded vegetation. Visual estimation was conducted using a visual reference guide illustrating different percent cover levels and a 75 cm × 75 cm Polyvinyl Chloride (PVC) quadrant to delineate the subplot [39]. Canopy equivalent water thickness (EWT) was measured for three sampling periods (February 2016, June 2016, and December 2016) as an indicator of the water status of the vegetation, which can affect hyperspectral reflectance and influence the location’s susceptibility to fire. Cogongrass might have unique water content because of its strong capacity to absorb water from soil [25] due to its higher underground biomass, and deeper and tougher rhizome-root system than other native species [1]. To determine EWT, all of the aboveground biomass in one randomly located 18 cm × 18 cm vertical column was harvested within each subplot on the same day that the reflectance measurement was made for that subplot. Each sample was sorted into four categories: green cogongrass, green non-cogongrass, brown cogongrass, and brown non-cogongrass. All of the fractions were weighed separately and dried in the oven for at least 72 h at 70 °C. After drying, samples were weighed again to obtain dry weights. EWT, which was defined as the weight of water in the vegetation column per unit sample area, was calculated as [40]:


[image: ]



(1)




where FW and DW stand for the plant fresh weight and dry weight, respectively, and A is the area sampled.




2.3. Data Analysis


We tested whether canopy characteristics differed across the experimental drought and invasion treatments, and among the five sampling periods, with Kruskal–Wallis tests [41]. These tests are appropriate for our data because of unequal subplot sample size, and because assumptions of normality could not be met regardless of data transformation. Kruskal–Wallis tests were followed by post hoc comparisons (Dunn’s test [42]) to check for pairwise significant differences between sampling periods. Pearson correlation coefficients were calculated among pairs of vegetation measurements to evaluate the relationship among the vegetation characteristics. The relationship between cogongrass coverage and dead plant coverage was developed from data taken in all five sampling periods. The other relationships were analyzed for February 2016, June 2016, and December 2017.



Partial least squares regression (PLSR) was used to develop predictive relationships between subplot reflectance and vegetation characteristics (percent cogongrass cover, percent dead plant cover, live-to-dead material ratio, and canopy EWT). PLSR is a generalization of multiple linear regression, which is able to reduce collinear variables to a small set of non-correlated variables (factors), and then perform least squares regression on these factors [43]. Thus, PLSR is useful for spectroscopy, because it can use all of the available hyperspectral wavelengths with numerous, highly collinear spectra data. In this analysis, we used untransformed wavelength band data, as it performed better than the transformed bands (logarithmic and first derivative). Bands in the following wavelength regions were removed due to a high amount of noise: 1100–1160 nm, 1340–1500 nm, 1750–2050 nm, and 2250–2500 nm.



First, we performed a power analysis for cogongrass coverage and dead plant coverage using PLSR to test how many training samples (subplots) were sufficient for prediction for these vegetation characteristics. We randomly selected 50 subplots (from June 2015, February 2016, and June 2016) as a testing set to gauge the performance of PLSR trained on a variable number of training points. Then 10, 20, 30, …, 140 training samples (separate from the 50 test samples) were randomly chosen to predict the testing set. The power analysis showed that as the number of training subplots in the model increased, the model prediction power increased at little expense to calibration accuracy. For cogongrass cover, prediction accuracy started to plateau at 50 samples (Supplement Figure S1). For dead plant cover, prediction accuracy plateaued at 30 samples (Supplement Figure S1). Therefore, in subsequent analysis, we chose training samples that included at least 50 subplots.



Next, we tested whether the polycarbonate rainout shelters for the drought treatment impacted the reflectance, even after use of the Spectralon reference to calibrate each measurement. The spectra taken under the rainout shelter were visibly different than the spectra taken from the ambient plots and included a strong spectral signature of the polycarbonate roofing (Supplement Figure S2). Therefore, the drought-treated and ambient plots were analyzed separately; the ambient results are presented in the main text and the drought results are presented in the supplement (Supplement Table S2, Figure S3).



Second, we compared the ability of PLSR models that were trained with data from one season to predict the vegetation characteristics in the same or different seasons. For example, we used data from one dry season sampling period as training data to predict variables from a different dry season sampling period (testing data). Then, we used PLSR models trained during a dry season sampling period to predict variables from the wet season sampling periods, and vice versa. This was done for all of the combinations of wet and dry seasons. We standardized the amount of data used in the training to between 54–57 subplots for all of the seasonal comparisons (Table 1). The testing data sample size ranged from 10 to 28 subplots. Finally, the target variables and spectra from all of the sampling periods were combined as one dataset. The whole dataset was divided into two parts: two thirds for training, and one third for testing. The Kennard–Stone algorithm [44] was used to select the training subset for providing uniform coverage over the reflectance variables.


Table 1. Performance of partial least square regression (PLSR) reflectance models on cogongrass coverage that were calibrated and validated using data from different sampling periods. NL = number of latent variables; RMSE = root mean square error; C = calibration models using training data; P = independent validation models using testing data.





	

	
Training Data

	
Test Data

	
Results




	

	
Season (Date)

	
Sample Size

	
Season (Date)

	
Sample Size

	
NL

	
R2 (C)

	
RMSE (C)

	
[image: ] (P)

	
RMSE (P)






	
Same Season

	
wet (6/2015)

	
54

	
wet (6/2016)

	
10

	
7

	
0.88

	
0.09

	
−0.88

	
0.42




	
dry (2/2016 + 12/2016)

	
57

	
dry (3/2017)

	
16

	
4

	
0.85

	
0.14

	
0.41

	
0.13




	
Different Season

	
wet (6/2015 + 6/2016)

	
56

	
dry (2/2016 + 12/2016 + 3/2017)

	
28

	
11

	
0.89

	
0.09

	
−6.59

	
0.8




	
dry (2/2016 + 12/2016 + 3/2017)

	
56

	
wet (6/2015 + 6/2016)

	
28

	
10

	
0.93

	
0.08

	
−1.80

	
0.5




	
All Seasons Together

	
wet and dry (6/2015 + 2/2016 + 6/2016 + 12/2016 + 3/2017)

	
91

	
wet and dry (6/2015 + 2/2016 + 6/2016 + 12/2016 + 3/2017)

	
46

	
11

	
0.83

	
0.12

	
0.68

	
0.21











2.4. Model Evaluation


The performance of the different sized training sets was measured by the [image: ] value of the training models, and the [image: ] value of the independent testing models. [image: ] is a statistical measure indicating the goodness of fit of a calibration model. [image: ] compensates for the addition of predictors to a model, and only increases if the new latent variable enhances the model more than what would be expected by chance, indicating an unbiased goodness of fit of a validation model [45]. A desirable model contains a small number of latent variables, a small error in calibration and validation, and a high adjusted coefficient of determination ([image: ]) [43]. The optimal number of PLSR latent variables was selected by minimizing the predictive residual error sum of squares (PRESS) and maximizing the adjusted prediction [image: ] using the leave-one-out validation method to minimize over-fitting.



The performance of the model was measured by the coefficient of determination ([image: ]), the adjusted coefficient of determination ([image: ]), the root mean square error (RMSE), the relative error (RE) for calibration (C), and cross-validation using out of the bag (CV), and independent (P) validation. They were calculated as shown in the following equations:
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(2)
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(3)
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(4)
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(5)




where [image: ] and [image: ] are the measured and predicted values, respectively, [image: ] is the average measured value, p is the total number of explanatory variables in the model, and n is the number of samples. All of the analyses and calculations were carried out using R studio (version 3.3.2 and greater [46]) using packages “pls” [47] and “prospectr” [48].





3. Results


3.1. Vegetation Characteristics


Vegetation characteristics varied among sampling periods, and between invaded and reference treatments (Figure 1, Supplement Table S3). In the invaded subplots, the range of cogongrass coverage was 2% to 100%, and was higher in February 2016, June 2016, and December 2016 than in June 2015 and March 2017 (Figure 1a, p < 0.001). The invaded and uninvaded subplots showed contrasting patterns of dead plant coverage. In dry season periods (February 2016, December 2016, and March 2017), dead plant material coverage was higher in the uninvaded subplots than in the invaded subplots (Figure 1b). In the two wet season periods (June 2015 and June 2016), dead plant material coverage was lower in the uninvaded subplots than in the invaded subplots (p < 0.001, Figure 1b). For canopy water content, the only significant difference between treatments and sampling periods was the significantly higher water content for invaded plots in February 2016 (Figure 1d).


Figure 1. Box plots showing the following vegetation characteristics in ambient (non-drought) subplots for uninvaded and cogongrass-invaded subplots through time: (a) cogongrass coverage, (b) dead plant coverage, (c) live-to-dead material ratio, and (d) canopy equivalent water thickness (EWT). On the x-axis, the sample periods from the wet season are in bold and italics. For figure (a), the cogongrass coverage for the uninvaded subplots in all of the sampling periods is zero. Data ranking was implemented by the Kruskal–Wallis test. Small letters denote statistical significance of Dunn’s post hoc multiple comparisons among treatments.
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Cogongrass coverage had strong relationships with other vegetation characteristics (Supplement Figure S4). With all of the subplots considered together, higher cogongrass coverage was associated with lower dead plant coverage (r = −0.41), a higher live-to-dead ratio (r = 0.34), and higher canopy EWT (r = 0.49). Among just the invaded subplots, the correlations between cogongrass coverage and other vegetation characteristics were r = −0.94 (dead plant coverage), r = 0.40 (live to dead ratio), and r = 0.49 (canopy EWT).




3.2. Using Spectral Reflectance to Predict Vegetation Characteristics


Varying levels of cogongrass coverage, dead plant coverage, and canopy equivalent water thickness (EWT) affected the shape of the spectral curve and the magnitude of reflectance in different wavelength ranges (Figure 2, Supplement Figure S5). High cogongrass cover showed some features that were typical of a large number of vegetation layers, such as high NIR and green reflectance (Figure 2a). However, high cogongrass coverage did not show greater absorption in the red region compared with low cogongrass coverage (Figure 2a). High coverage of dead material showed a pattern typical for non-photosynthetic vegetation (NPV) with low red absorption, low NIR reflectance, and high SWIR reflectance (Figure 2b). Subplots with low canopy EWT showed similar patterns in reflectance as the subplots with a high coverage of dead material (Figure 2b,d).


Figure 2. Mean hyperspectral reflectance for different quantiles of the following vegetation characteristics: (a) cogongrass coverage, (b) dead plant coverage, (c) live-to-dead ratio, and (d) canopy equivalent water thickness (EWT) for the full spectral range. Data were combined from all of the sampling periods.
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The PLSR model trained with hyperspectral data collected in the wet season sampling period (June 2015) did not predict the cogongrass or dead plant coverage that was measured in the following year’s wet season sampling period (June 2016) (Table 1 and Table 2, [image: ](P) <0 where P = independent validation models using testing data). However, the model trained with data collected in the February 2016 and December 2016 dry seasons predicted the cogongrass coverage ([image: ](P) = 0.41) and dead plant coverage ([image: ](P) = 0.39) that was measured in the March 2017 dry season. The PLSR model that was trained to predict cogongrass and dead plant coverage from one season (either wet or dry) did not predict cogongrass coverage and dead plant coverage from the other season’s data (dry or wet). The one exception is that the algorithm trained with dead plant coverage data from the dry season predicted dead plant coverage in the wet season ([image: ](P) = 0.61). The best prediction with highest [image: ] and lowest RMSE was achieved when PLSR was trained on a subset of data from all five sampling periods ([image: ](P) = 0.68 and 0.57 for cogongrass coverage and dead plant coverage, respectively).


Table 2. Performance of PLSR reflectance models on dead plant coverage that were calibrated and validated using data from different sampling periods. NL = number of latent variables; RMSE = root mean square error; C = calibration models using training data; P = independent validation models using testing data.





	

	
Training Data

	
Test Data

	
Results




	

	
Season (Date)

	
Sample Size

	
Season (Date)

	
Sample Size

	
NL

	
R2 (C)

	
RMSE (C)

	
(P)

	
RMSE (P)






	
Same Season

	
wet (6/2015)

	
54

	
wet (6/2016)

	
10

	
7

	
0.91

	
0.09

	
−1.21

	
0.34




	
dry (2/2016 + 12/2016)

	
57

	
dry (3/2017)

	
16

	
4

	
0.79

	
0.14

	
0.43

	
0.11




	
Different Season

	
wet (6/2015 + 6/2016)

	
56

	
dry (2/2016 + 12/2016 + 3/2017)

	
28

	
9

	
0.87

	
0.1

	
−2.27

	
0.49




	
dry (2/2016 + 12/2016 + 3/2017)

	
56

	
wet (6/2015 + 6/2016)

	
28

	
9

	
0.91

	
0.09

	
0.61

	
0.17




	
All Seasons Together

	
wet and dry (6/2015 + 2/2016 + 6/2016 + 12/2016 + 3/2017)

	
91

	
wet and dry (6/2015 + 2/2016 + 6/2016 + 12/2016 + 3/2017)

	
46

	
9

	
0.87

	
0.11

	
0.57

	
0.16










To generate models that are not specific to the season, the PLSR algorithm was trained with two-thirds of the dataset from all of the sampling periods, which were combined to predict the remaining one-third of the data. PLSR models using hyperspectral data produced good estimations for cogongrass coverage ([image: ](P) = 0.69) and dead plant coverage ((P) = 0.57), but had a poorer ability to predict canopy EWT ([image: ](P) = 0.33) and the live-to-dead plant tissue ratio (P) = −0.08) (Figure 3, Table 3).


Figure 3. The results of PLSR models for cogongrass coverage, dead plant coverage, the live-to-dead ratio, and canopy EWT with training and testing data drawn from all of the dates combined for calibration (a) and independent validation (b). The black lines are 1:1 lines. [image: ] = coefficient of determination, a[image: ] = adjusted coefficient of determination. EWT = equivalent water thickness.
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Table 3. Predictive ability of hyperspectral estimation of vegetation characteristics in an experimental setting. The training and testing data were taken from a combined data set from all of the sampling periods where each vegetation characteristic was measured. EWT = canopy equivalent water thickness; NL = number of latent variables; RMSE = root mean square error; RE = relative error; C = calibration models using training data; CV = cross-validation models using leave one out; P = independent validation models using testing data; L/D: live-to-dead ratio.





	Vegetation Characteristic
	NL
	R2 (C)
	RMSE (C)
	RE (C)
	R2 (CV)
	RMSE (CV)
	RE (CV)
	[image: ] (P)
	RMSE (P)
	RE (P)





	Cogon Cover
	11
	0.83
	0.123
	39.78%
	0.65
	0.196
	59.50%
	0.69
	0.206
	55.99%



	Dead Plant
	9
	0.87
	0.105
	20.91%
	0.74
	0.151
	35.49%
	0.57
	0.155
	57.01%



	L/D Ratio
	3
	0.23
	1.095
	111.64%
	0.10
	1.048
	107.81%
	−0.08
	0.712
	74.45%



	Canopy EWT
	5
	0.45
	0.025
	43.75%
	0.28
	0.032
	51.22%
	0.33
	0.033
	44.94%









The contribution of spectral regions to the PLSR calibration models is revealed by the PLSR regression coefficients, which represent the magnitude and direction that each wavelength has on PLSR factors (Figure 4). The red edge (690–730 nm) and near-infrared (NIR) regions (1000–1050 nm; 1160–1200 nm; 1500–1550 nm) were strong contributors to cogongrass coverage as seen by the large negative and positive coefficient values. For the live-to-dead ratio, the red edge also showed somewhat strong negative coefficients relative to visible and NIR wavelengths. The far-infrared (1200–1300 nm) and SWIR regions (greater than 1600 nm) showed the largest and most negative coefficients. The regression coefficients of both the live-to-dead ratio and canopy EWT were largest around 1240 nm, which is an important wavelength in the normalized difference water index (NDWI), but in opposite directions.


Figure 4. The PLSR model regression coefficients plotted by wavelength for four variables: cogongrass cover (a), dead plot cover (b), live-to-dead ratio (c), and canopy equivalent water thickness (EWT) (d). The wavelength center of water band index (WBI) in red, normalized difference water index (NDWI) in yellow [49], normalized difference infrared index (NDII) in blue [50], and normalized difference vegetation index (NDVI) in green [51] are presented as the vertical lines as references.
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4. Discussion


4.1. Hyperspectral Prediction of Cogongrass Coverage


Hyperspectral data simultaneously predicted invader coverage, dead plant material, and canopy water content in an experimental setting demonstrating that hyperspectral data can be used to non-destructively measure important properties of herbaceous plant communities. However, in order to accurately estimate these properties through time, it is important to have training data from different seasons. We found that PLSR models trained from data measured in one season (either wet or dry) could not predict invader and dead plant coverage from the other season. Similar results were obtained from Yang et al. [23] when examining the leaf traits of several deciduous tree species from northeastern U.S. forests. They found that PLSR models developed from leaf spectral data from one season (winter/summer) could not predict leaf traits in another season (spring/fall). In our study, the inability to predict canopy properties between seasons was likely due to the seasonal changes in leaf traits in both cogongrass and the uninvaded plant species [52]. However, that cogongrass coverage could be quantified when trained with data from both seasons suggests there are characteristics of cogongrass that are distinct from native species, stable between seasons, and can be detected spectrally. For example, cogongrass is high in silica content [24] compared to other species. Furthermore, cogongrass leaf blades are long, tough, and oriented vertically, unlike the co-occurring native plant species.



When trained with data from both the wet and dry seasons, the percent of cogongrass coverage can be estimated well using hyperspectral data and PLSR models. Previously, cogongrass was discriminated successfully from other grass species via hyperspectral data [32]. However, the spectral data used by Mathur et al. [32] was from pure, single-species plots, whereas in many natural systems, cogongrass and other invasive species occur in mixtures with natural vegetation. In this study, we showed that the percent cover of cogongrass, over a wide range of coverages and mixed with other 12 herbaceous species, could be estimated from hyperspectral data. For applications of this method to natural landscapes, cogongrass is most likely to occur both in dense monocultures and mixed with other species, especially where cogongrass is invading new areas. Also, at the scale of airborne and especially satellite images, even pure cogongrass stands will likely be mixed with other vegetation in a single pixel [53], making the detection of cogongrass coverage when it is mixed with other species important.




4.2. Hyperspectral Prediction of Dead Plant Coverage


As expected, we were able to quantify the coverage of dead plant material with hyperspectral data. Dead plant coverage is a critical property to measure in cogongrass-invaded longleaf pine ecosystems, because this invasive species could change the seasonal pattern of dead plant material and enhance fire fuel load. Longleaf pine ecosystems are adapted to frequent, low-intensity fire. Cogongrass can potentially promote more frequent, and/or more intense fires than historically experienced by the ecosystem due to cogongrass’s dense continuous coverage and build-up of dead plant material [28]. The hotter cogongrass-fueled fires can reduce the survival of pine seedlings and the productivity of pine forests [54], and create a positive feedback loop between cogongrass invasion and intense fires [31]. Dead plant coverage could be detected due to reflectance differences between dead plant material and green vegetation in the shape of the green and red bands and the magnitude of reflectance in near-infrared and shortwave-infrared bands. These patterns are consistent with the findings that distinguish green vegetation from non-photosynthetic vegetation (NPV) in airborne AVIRIS data [55]. Other studies have indicated hyperspectral data can quantify dead vegetation [18,56] and fire fuel load [57], of which NPV is an important component [58]. However, NPV can be hard to quantify if landscapes have exposed soil, because NPV and soil are spectrally similar [59]. In the wet season, all of the plots had little soil exposed. In the dry season, especially in uninvaded species plots where most of the vegetation had died, significant amounts of soil were exposed. The differences in exposed soil between seasons may explain why dead plant material could not be predicted in the dry season when the PLSR model was trained in the wet season. Thus, the accurate prediction of NPV may vary seasonally.




4.3. Hyperspectral Detection of Canopy Water Content


Using hyperspectral data and the sampling date, PLSR models predicted canopy EWT, but with higher uncertainties compared to predictions of cogongrass and dead plant material coverage. Other studies have predicted canopy water content from AVIRIS [60], Moderate Resolution Imaging Spectroradiometer (MODIS) [61], and the French Satellite Pour l’Observation de la Terre (SPOT) [62] sensors with greater accuracy than our study. There are several reasons that may explain why our study had a lower than expected predictive ability for canopy EWT. First, the methods and spatial scale at which canopy EWT was measured in the field varies among studies. We directly measured canopy water content in a small column of vegetation within the 0.75 m × 0.75 m measurement footprint. It is more common to estimate canopy EWT indirectly by first measuring the water content of a subsample of leaves, then scaling up the leaf-level water content to the canopy via estimates of leaf area index [62,63,64]. In the more indirect measurements of canopy EWT used in other studies, the hyperspectral signature may be responding to the variables that are used to scale up leaf water content, for example the leaf area index, rather than canopy EWT itself. Furthermore, the small sampling unit of the canopy EWT field measurements in this study may not accurately measure the vertical and horizontal heterogeneity of these understory plant communities. In particular, for the cogongrass plots, the upper part of the dense grass canopy tended to be green, while the lower layers tended to be dead. It is likely that the upper part of the grass canopy had a stronger influence on the spectral signature, whereas our canopy EWT scheme measured water content from the entire vertical profile of the grass canopy. Additional effort to characterize the vertical and horizontal variability in canopy EWT could provide better relationships between reflectance and canopy EWT.



Examining the PLSR regression coefficients weightings can help determine how the spectral regions quantify the vegetation characteristics from both handheld and potentially airborne and satellite hyperspectral sensors. Regions of the near-infrared and shortwave-infrared were important for quantifying cogongrass coverage. Since the structure of cogongrass forms densely packed, vertical grass blades, increasing the coverage of cogongrass led to higher infrared reflectance, which is characteristic of increasing levels of leaf area index [65]. Similar to cogongrass coverage, the near-infrared and shortwave-infrared were important wavelength regions for quantifying dead plant material and canopy water content. In addition, the visible red region between 670–690 nm was important for quantifying dead plant coverage, which could be explained by the chlorophyll content differences between live and dead plants.




4.4. Use of Spectral Data in Experimental Settings—Opportunities and Challenges


Manipulative field experiments are becoming more common in ecology to understand ecosystem level changes in response to climate changes such as increased temperature and drought [33,37,66]. These experiments can provide excellent opportunities to investigate how vegetation change can be detected through remote sensing [66]. In particular, experiments provide a greater control of environmental conditions or species composition than observations or natural systems. In addition, experiments often are accompanied by extensive data collection on vegetation properties and abiotic conditions that can be leveraged in remote sensing studies [37,66]. In our study, the existing long-term experiment allowed us to test the detection of different coverage levels of an invasive species within the context of a fixed pool of uninvaded plant species.



We intended to use hyperspectral data to study the vegetation characteristics in both drought treatments and control plots. However, this approach was not possible, because polycarbonate roofs were used to divert rainfall in the experiment, and light coming through the plastic contaminated the spectral signature of the drought treatment measurements. Thus, in some cases, the equipment that is needed to generate the field-based experimental settings can hinder spectral measurements. If possible, experiments should be designed in such a way to make the spectral measurements of the whole vegetation canopy possible.




4.5. Landscape Scale Detection of Invasive Species


With the PLSR models developed to predict cogongrass coverage and vegetation characteristics, we can now use the spectral data that was collected from the field spectroradiometer to measure invader coverage and vegetation characteristics. At a larger spatial scale than the experimental plots, remote sensing methods can be used to map and monitor invasive species at landscape levels. Our study supports that cogongrass coverage should be detectable from airborne or satellite hyperspectral sensors where cogongrass is invading pastures and natural systems, particularly open longleaf pine savannas. The increasing availability of airborne hyperspectral data, such as for example from campaigns associated with the National Ecological Observatory Network in the U.S. and the Terrestrial Ecosystem Research Network in Australia, new satellite hyperspectral sensors, such as HyspIRI [67] and Enmap [67], and hyperspectral sensors carried by unmanned aerial vehicles [68,69], provide important data sources for mapping this invasive species. This study suggests that spectral regions, especially red-edge, near-infrared and shortwave-infrared regions, may be important for the landscape-scale mapping of cogongrass. These wavelength regions are covered by multi-spectral satellite sensors as well, such as Sentinel 2 and Worldview-3, which may allow for the mapping of cogongrass from these platforms. The large-scale mapping of the coverage of cogongrass and other plant invaders is important for detecting important ecosystem consequences driven by plant invasion, such as the seasonal build-up of dead plant material, the alteration of vegetation water content, and changes to fire fuel loads, which should be possible using hyperspectral data. Taking into account the seasonal dynamics of invaded ecosystems is critical for the quantitative mapping of invaders and their impacts.





5. Conclusions


Our study showed that partial least square regression models (PLSR) applied to hyperspectral data can estimate cogongrass coverage, dead plant coverage, and canopy equivalent water thickness (EWT) in a common garden experiment in which the presence of invasive species, the matrix of co-occurring species, and environmental conditions are controlled. Capturing the seasonality of the invasive cogongrass and co-occurring vegetation within the training dataset was important for developing robust models that predict invasive plant cover and its impacts within and between years. The need to use spectral data from different seasons to build robust models that estimate invasive plant coverage is likely to be a widespread phenomenon, given that invasives often have different seasonal patterns than co-occurring plants, and alter the seasonal patterns of ecosystems properties [23]. The results developed in this small-scale experimental setting provides guidance for the large-scale quantification of cogongrass and its effects on diverse longleaf pine ecosystems using airborne imaging spectrometers. The near-infrared and shortwave-infrared spectral regions had strong weightings in the PLSR models of cogongrass coverage and vegetation characteristics, suggesting an emphasis on data collection and analyses in these wavelength regions to estimate cogongrass coverage from airborne or satellite-based hyperspectral systems. More generally, the use of experimental, small-scale plots to understand ways to develop robust models (e.g., key wavelength regions, seasonal patterns) may provide information on how to deploy and use large-scale hyperspectral image data to map the important ecological features of landscapes.
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(b) Independent Validation






