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Abstract: Broad-scale estimates of belowground biomass are needed to understand wetland 
resiliency and C and N cycling, but these estimates are difficult to obtain because root:shoot ratios 
vary considerably both within and between species. We used remotely-sensed estimates of two 
aboveground plant characteristics, aboveground biomass and % foliar N to explore biomass 
allocation in low diversity freshwater impounded peatlands (Sacramento-San Joaquin River Delta, 
CA, USA). We developed a hybrid modeling approach to relate remotely-sensed estimates of % 
foliar N (a surrogate for environmental N and plant available nutrients) and aboveground biomass 
to field-measured belowground biomass for species specific and mixed species models. We 
estimated up to 90% of variation in foliar N concentration using partial least squares (PLS) 
regression of full-spectrum field spectrometer reflectance data. Landsat 7 reflectance data 
explained up to 70% of % foliar N and 67% of aboveground biomass. Spectrally estimated foliar N 
or aboveground biomass had negative relationships with belowground biomass and root:shoot 
ratio in both Schoenoplectus acutus and Typha, consistent with a balanced growth model, which 
suggests plants only allocate growth belowground when additional nutrients are necessary to 
support shoot development. Hybrid models explained up to 76% of variation in belowground 
biomass and 86% of variation in root:shoot ratio. Our modeling approach provides a method for 
developing maps of spatial variation in wetland belowground biomass. 

Keywords: belowground biomass; carbon cycling; coastal tidal freshwater wetlands; eutrophication; 
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1. Background and Rationale 

Remote-sensing models of aboveground biomass are commonly derived from optical data [1,2], 
however monitoring belowground biomass and root:shoot ratios to understand whole plant 
production patterns remains challenging. Understanding dynamics in belowground biomass is 
important because roots and rhizomes are the precursors and dominant components of soil organic 
carbon [3]. Soil organic carbon represents more than two-thirds of terrestrial organic carbon, 
significantly more carbon than found in terrestrial vegetation, and has soil residence times exceeding 
thousands of years [4]. In this paper, we present a hybrid modeling approach for scaling up field 
measured point estimates of belowground biomass and root:shoot ratios using remote-sensing and 
linear modeling. We compare mixed species and species specific models and quantify prediction error. 
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Our model system was emergent vegetation within coastal freshwater marsh. We selected this 
system because there is an urgent need to understand dynamics regulating belowground biomass 
within coastal wetlands. Wetland belowground biomass is the precursor to peat, a form of stabilized 
belowground organic matter mostly of vegetation root origin [5]. Peat up to 15 m deep, a substantial 
carbon pool, has been observed in some coastal freshwater wetlands [6], and is higher than in most 
other natural ecosystems, representing 16%–33% of the global soil carbon pool [7]. The combination 
of sea level rise, saltwater intrusion, peat collapse and subsidence of coastal marsh surface elevation 
may result in substantial global wetland losses [8–11]. However, accretion of belowground organic 
matter adds to surface elevation within wetlands, alleviating flooding as sea levels rise, and 
contributing to long-term ecosystem sustainability [12–14]. Coastal marshes are important sites of 
wildlife habitat, water storage and purification, and other ecosystem services [15]. Therefore, 
preservation of coastal marsh is an essential conservation goal, and an important first step involves 
understanding belowground biomass dynamics across landscapes. 

To estimate belowground biomass, we used remote-sensing approaches. Remote-sensing of 
vegetation within wetlands has a long tradition [16]. For example, multispectral sensors have been 
used within wetlands to classify vegetation, map habitats, and estimate aboveground biomass [17–19]. 
In particular Landsat satellite data, with 16 d return frequency, provides the opportunity to  
capture seasonal trends across growing seasons, aiding development of robust models of plant 
characteristics [20–22]. Hyperspectral sensors have advantages over multispectral sensors for 
wetland studies because narrow bands allow improved discrimination of vegetation signals from 
background noise [17,23]. However hyperspectral sensors have trade-offs because they generally 
have high acquisition cost, low return frequency, or coarse to moderate spatial resolution [23]. 
Selecting sensors for wetland remote-sensing applications requires matching sensor strengths and 
limitations to study goals [21]. 

Remote-sensing of wetlands has special challenges [17,24]. Wetlands are transitional between 
terrestrial and aquatic habitats and can have high spatial and temporal pixel heterogeneity [25,26]. 
Cover types within wetlands include dense emergent vegetation, and also background cover of 
shallow water, submerged aquatic vegetation, mud substrate, and dead vegetation. Such 
background effects commonly reduce the predictive value of spectral reflectance signals in emergent 
wetlands [20]. Near infrared wavelengths in particular are attenuated by open water in pixel 
backgrounds, making direct application of normalized difference vegetation index (NDVI) type 
indices to wetland vegetation challenging [27,28]. 

To overcome challenges of wetland remote-sensing, we used an analytical approach designed 
to take advantage of the complete spectral information measured by remote-sensing platforms: 
partial least squares (PLS) regression. PLS regression, a full spectrum multivariate method, 
maximizes explained variance among plant responses and spectral reflectance signals [29,30]. PLS 
uses an Eigen-vector based approach to reduce many multicolinear predictors, such as spectral data, 
to a few independent components. These components maximize predictive value and minimize 
background effects introduced by non-target cover types such as water and dead vegetation [31]. 

Generating remote-sensing models of belowground plant characteristics requires identifying 
aboveground proxies that can be measured with remote-sensing tools. While wide fluctuations in 
above vs. belowground growth exist within and among species [32], aboveground plant 
characteristics may be related to belowground biomass and root:shoot ratios according to ecological 
theories of plant growth. For example, foliar N often has been associated with belowground growth 
rates [33–35]. Foliar N may be a good indicator of long-term plant available nutrients because it 
reflects average nutrients absorbed by plants from water and sediments over time [36–40]. One 
hypothesis relating belowground growth to nutrient availability is the balanced growth model, 
sometimes called “optimal partitioning” [41,42], which suggests plants allocate growth toward 
growth limiting resources. In this view, new growth is directed belowground when water and 
nutrients are limiting and aboveground otherwise. Additional nutrients, such as N and P, increase 
shoot growth without equally increasing belowground biomass. Therefore foliar N concentration 
scales with root:shoot ratios and can be used to inform belowground biomass [35]. Conversely, the 



Remote Sens. 2015, 7, 16480–16503 

16482 

isometric allocation growth model [42] suggests above- and belowground growth scale together as a 
result of physiological constraints. Consequently, nutrient addition stimulates total plant 
production, fertilizing above- and belowground biomass equivalently, leading to constant root:shoot 
ratios with respect to N concentration. As a result, according to this model, the relationship between 
foliar N and belowground growth would be less significant, but aboveground biomass would provide a 
better proxy. 

Based on these growth models, remote-sensing of aboveground plant characteristics may 
provide the capability to scale up estimates of belowground biomass and root:shoot ratios. Optical 
remote-sensing using hyperspectral and multispectral imagery has been commonly used for 
mapping aboveground biomass [2,18,31,43,44]. Our earlier work explored the capacity of 
hyperspectral and multispectral sensors to estimate aboveground biomass within freshwater peat 
marshes of the Sacramento-San Joaquin Delta [21]. Canopy nutrient concentrations, such as foliar N, 
have also been modeled with remote-sensing data. These studies primarily used hyperspectral 
remote-sensing [1,45–47], but multispectral remote-sensing of foliar N also is growing more  
common [48–51]. Among multi-spectral sensors, Landsat 7 ETM+ may be especially useful for foliar 
N studies because it contains bands in the shortwave infrared wavelengths between 1550–1750 nm 
(band 5) and 2090–2350 nm (band 7) (landsat.usgs.gov). Wavelengths within these bands 
wavelengths have been associated with foliar N content within proteins, and represent N absorption 
features in the plant spectral signature [52]. In an earlier study we found that hyperspectral indices 
composed of these wavelengths correlated with foliar N in wetland plants [35]. We then explored 
remote-sensing-based indices of foliar N to model belowground biomass in these same marshes [35]. 
We compared whole plant productivity of Schoenoplectus acutus (S. acutus), a common freshwater 
macrophyte, across a simple experimental N-addition and control treatment. These data suggested 
S. acutus accumulates greater foliar N under environmental N enrichment. S. acutus also exhibited 
balanced growth because N-addition did not increase whole plant biomass, but shifted allocation 
from below to aboveground growth. Additionally, vegetation indices measured with a full spectrum 
field spectroradiometer differed among high and low N plants. Significant indices comprised bands 
at 550 nm (peak greenness), 1250 nm (corresponding to leaf water content), 1750 nm and 2100 nm 
(both corresponding to spectral N absorption features). These findings support the use of % foliar N 
as an indicator of belowground biomass and root:shoot ratios within S. acutus marshes. However 
extension to a field setting remains to be demonstrated. 

Remote sensing of foliar N has challenges. Relationships among canopy N and spectral bands 
can be species-, season- and site-specific [53,54]. Species specific differences in plant canopy 
structure can cause confounding scattering in near infrared wavelengths, introducing noise into 
spectral relationships. For this reason, Knyazikhin et al. [53] particularly argued against mixed 
species modeling because these can cause spurious correlations in spectral N models. In this study 
we address these challenges through several means. First we selected study sites with low species 
diversity. In addition we explored single species vs. mixed species models, and we evaluated the 
physical basis for spectral foliar N models by building from our earlier experimental study and 
examining the contribution of key wavelengths. 

2. Goals and Objectives 

In this study, our goals were to identify variability in relative belowground biomass and 
biomass allocation ratios in a low diversity coastal freshwater marsh. We tested methods for 
scaling-up field estimates of belowground biomass and root:shoot ratios through remote-sensing of 
two aboveground plant characteristics, aboveground biomass and % foliar N, hypothesized to be 
related to belowground growth. As part of this test, we compared the effectiveness of multispectral 
satellite imagery from Landsat 7 to optimal remote-sensing data, hyperspectral field 
spectroradiometer data, for estimating % foliar N. Ultimately, our goals were to produce site-wide 
estimates of trends in belowground biomass and root:shoot ratios through a hybrid modeling 
approach that combined remote-sensing models of these two parameters. Additionally, for best fit 
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models, we evaluated error of mixed species vs. species specific modeling approaches for estimating 
relative differences in belowground biomass and root:shoot ratios. 

3. Materials and Methods 

3.1. Study Area 

We sampled three impounded freshwater marsh ponds in the Sacramento-San Joaquin Delta, 
CA, USA: Twitchell Island east pond (38.1073°, −121.6483°), Twitchell Island west pond (38.1069°, 
−121.6449°), and Mayberry Slough southeast pond on Sherman Island (38.048953°, −121.766036°) 
(Figure 1). All ponds historically were part of extensive tidal freshwater perennial peat marshes of 
the Sacramento-San Joaquin River Delta (hereafter, “the Delta”) and are hydrologically connected to 
San Francisco Bay. Like much of the Delta, our study sites were drained and cultivated with row 
crops beginning in the mid-1800s [6]. Draining resulted in oxidation and subsidence of deep peat 
soils to below sea level [55]. Our study areas have since been restored to freshwater wetland 
impoundments. The Mayberry pond was impounded in 1990, but was maintained as a seasonally 
drained moist-soil unit for waterfowl habitat over a 20-year period. Since 2010, the Mayberry pond 
was continuously inundated to establish permanent perennial vegetation. The Twitchell ponds were 
impounded in 1997 and managed to be permanently flooded. Twitchell ponds were 3 ha each and 
the Mayberry pond was 38 ha. 

Elevation for these ponds ranges from 0.3–3 m below sea level (vertical datum: NAVD88), but 
levees and water control structures prevented uncontrolled flooding. Water depths were actively 
managed, but depth targets differed among ponds. Target depths were 55 cm above the soil surface 
for the Twitchell east and 25 cm for the Twitchell west pond. The Mayberry pond was larger, had 
more heterogeneous bottom morphology and had no target water depth. Water depths were 
managed by the California Department of Water Resources personnel through water control 
structures. Occasionally, some areas within ponds dried as a result of evapotranspiration before 
personnel arrived to alter water regimes. Water depth values actually measured in plots are 
provided in Table 1. The Twitchell west pond was shallow and exhibited the narrowest range in 
water depths. 

Table 1. Mean vegetation and physical parameters measured within our wetland impoundments 
(95% confidence interval in parentheses). Percent Schoenoplectus acutus (S. acutus) and percent Typha 
spp. are the percentage of live emergent vegetation that was comprised of each species. Cover of  
S. acutus, Typha, thatch and a combined water/floating aquatic vegetation class are the percent  
aerial cover of plots for each cover type. Water depths were measured within plots relative to the  
soil surface. 

Parameter Twitchell West Twitchell East Mayberry 
Percent S. acutus 38 (0–100) 52 (0–100) 1 (0–7) 

Percent Typha spp. 62 (0–100) 48 (0–53) 99 (92–100) 
S. acutus cover 12 (0–38) 18 (0–53) 1 (0–6) 

Typha cover 23 (0–62) 22 (0–69) 58 (10–100) 
Thatch cover 61 (24–98) 54 (13–94) 22 (0–65) 

Thatch height (cm) 106 (22–189) 93 (0–202) 81 (0–167) 
Water/Aqu. veg cover 4 (0–22) 7 (0–31) 20 (0–57) 

Water depth (cm) 7 (0–30) 6 (0–38) 25 (0–66) 

Emergent vegetation in all three ponds was mostly S. acutus and Typha domingensis (T. 
domingensis), T. latifolia, T. angustifolia and Typha spp. hybrids. Vegetation was not planted at the time 
of restoration within Mayberry, but passively colonized the site. At the time of sampling at 
Mayberry, 2 years post restoration, cover was largely dominated by Typha spp. with smaller 
amounts of S. acutus intermingled. Within the Twitchell ponds, S. acutus was planted at the time of 
restoration and was more abundant during our sampling (15 years post restoration). Areas of open 
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water and submerged aquatic vegetation (predominantly Lemna sp.) also were present in all ponds. 
S. acutus and Typha spp. are emergent wetland perennial herbaceous vegetation. These species go 
dormant over the winter, senescing aboveground vegetation and initiating new shoots in spring. 

 
Figure 1. The Sacramento-San Joaquin Delta, CA, USA, showing locations of studied wetland 
impoundments. Insets show biomass and foliar N plots within study sites, superimposed over  
a Landsat 7 false color (Near infrared, Red and Green bands shown as RGB channels). Symbols 
indicate average water depth (cm) and relative percent cover of Typha spp. vs. S. acutus as measured 
overtime during our study. 

3.2. Data Collection 

We estimated above- and belowground emergent wetland plant biomass and % foliar N using 
field methods during one summer growing season. We measured these parameters within  
30 m × 30 m permanent plots that corresponded with Landsat 7 pixel footprints. We used these data to 
build statistical relationships between vegetation parameters and spectral reflectance. We sampled 
four 30 m × 30 m biomass plots per wetland impoundment for a total of 12 biomass plots (Figure 1). 

3.2.1. Measurement of Belowground Biomass 

To estimate above- and belowground biomass within the 30 m × 30 m plots, we established  
3 permanent 1 m2 vegetation sub-plots 12.5 m apart along transects that spanned plot widths. To 
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measure belowground biomass, we installed 1 to 3 ingrowth root cores [56,57] in each sub-plot on 20 
April 2012. Overall there were 24 ingrowth root cores per wetland pond and 72 root cores total. We 
used a 10.2-cm diameter corer [58] to excavate a 30-cm deep cylindrical hole from the marsh peat 
substrate. We secured in each cavity an ingrowth root core, consisting of a 30 cm × 10 cm mesh bag 
(mesh size 3 mm) filled with peat moss (Sungro Horticulture, Vancouver, BC, Canada). We filled 
ingrowth cores with peat moss to minimize differences in media within cores compared to the 
surrounding peat marsh substrate. Hereafter we use belowground biomass to refer to biomass 
estimated from root cores and these estimates should be considered to reflect relative differences in 
root and rhizome biomass among sample locations, rather than total production. 

We used a Trimble GeoXT hand-held sub-meter GPS with field computer (Trimble Navigation 
Limited, Sunnyvale, CA, USA) to record root core locations with sub-meter accuracy. Cores were 
collected following peak biomass development on 26 September 2012 (6 months of growth). 
Following core collection, plant material within cores was sorted into roots and rhizomes, live vs. 
dead material, and by genus (Typha vs. Schoenoplectus). Roots can be distinguished by genus through 
color and morphology differences: S. acutus roots were milky white or reddish. S. acutus rhizomes 
also were reddish and had a textured, segmented appearance. Typha spp. roots and rhizomes were 
creamy yellow in color and smooth. We oven-dried plant material at 40 °C until all tissue moisture 
was removed. We focused subsequent analysis on these oven-dried weights. We scaled oven-dried 
belowground biomass from root cores to g·m−2 to 30 cm depth. All samples within a plot (our sample 
unit) were then averaged to a single end of season belowground biomass g·m−2 estimate. End of 
season root:shoot ratios were calculated using biomass estimates from ingrowth root cores and 
aboveground allometric measurements averaged within each 1 m2 sub-plot. 

3.2.2. Measurement of Aboveground Biomass 

We measured aboveground biomass and cover three times (July, August, and September 2012) 
within each permanent 1 m2 sub-plot using non-destructive methods in order to generate a 
multi-temporal remote-sensing model of aboveground plant biomass. Within 1 m2 sub-plots, we 
estimated percent cover of water, bare ground, dead vegetation, submerged aquatic vegetation and 
cover of S. acutus and Typha spp. We also counted all plant stems, measured water depth and height 
of accumulated dead thatch. For aboveground biomass estimation, we used allometric equations 
established by Miller and Fujii [59] to derive weights of all plants from within a 0.1 m2 quadrat 
centered directly over ingrowth root cores within the 1 m2 sub-plots. Explained variance (R2) for the 
S. acutus allometric model in Miller and Fujii’s [59] study was 0.92; R2 for the T. latifolia model was 
0.9, and R2 for the T. angustifolia/T. domingensis model was 0.92. Neither the time of sample collection 
nor water depth affected the allometric relationships in Miller and Fujii’s study. 

Aboveground biomass of plants within 0.1 m2 quadrat were summed and then scaled to g·m−2. 
To account for differences in plant density among quadrats and larger sub-plots, we applied a 
correction factor consisting of the ratio of stem density in the quadrat vs. the 1 m2 sub-plot. To derive 
final estimates, sample sub-plots within the same 30 m plot were averaged together to generate a 
single g·m−2 estimate for each plot and sample date, generating 36 samples overall. 

3.2.3. Measurement of Foliar Nitrogen Concentration 

We also measured foliar N to build empirical models of % foliar N first from hyperspectral field 
spectroradiometer reflectance data and then from satellite imagery. We collected 158 leaf samples for 
foliar N across each wetland from 2 sampling periods (mid-summer and end of growing season). 
Foliar N sample locations were within our permanent 30 m × 30 m plots plus additional 30 m × 30 m 
plots to increase foliar N sample size and increase coverage across ponds. Additional foliar N plots 
were possible because sampling for this dataset is less labor intensive than biomass sampling. Foliar 
N plots were spread evenly throughout each pond (Figures 1 and 2). Foliar N sample locations also 
were located along wetland boardwalks, platforms and berms to allow access with the field 
spectroradiometer for hyperspectral measurements and to avoid disturbing biomass sampling 
locations. We used the Trimble GeoXT hand-held sub-meter GPS to record foliar N plots. 
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Oven-dried plant leaves were measured for elemental concentration of total N at the USGS Menlo 
Park Stable Isotope lab (Menlo Park, CA, USA). The USGS Menlo Park laboratory uses a Micromass 
Optima mass spectroradiometer connected to a Carlo Erba NA 1500 elemental analyzer. Hereafter 
we use % foliar N to mean % by weight of foliar tissue that was N (organic + inorganic N). For 
satellite models, as above, all foliar N estimates within the same Landsat pixel were averaged 
together to generate a single estimate (1–5 leaf samples per plot). 

 

Figure 2. Model building process for estimating belowground biomass (BG) and root:shoot ratio (RS) 
from spectral reflectance (λ) estimates of aboveground biomass (AG) and foliar nitrogen (N). Foliar 
N and aboveground biomass models were built separately for flooded and non-flooded plots and the 
best estimates for each plot were joined back into a single dataset. Prediction of belowground 
biomass or root:shoot ratio was conducted at the plot scale only. * indicates spectrally derived 
estimates and quantities without asterisks are field derived estimates. Model numbers refer to those 
listed in Table 2. 

Table 2. Remote-sensing-based models of % foliar N and aboveground biomass (Spectral model sets 
S1–S3) and hybrid models of belowground biomass and root:shoot ratio (Hybrid model sets H1–H6), 
which use reflectance estimated predictors from spectral model sets. 

Model Set Model Description
PLS regression spectral reflectance models 

S1 Predicted % foliar N ~ Hyperspectral reflectance 
S2 Predicted % foliar N ~ Multispectral Landsat 7 reflectance 
S3 Predicted aboveground biomass ~ Multispectral Landsat 7 reflectance 

Hybrid models 
H1 Field belowground biomass ~ Predicted N (model S2) 
H2 Field belowground biomass ~ Predicted aboveground biomass (model S3 ) 

H3 
Field belowground biomass ~ Predicted aboveground  

biomass (model S3) + Predicted N (model S2) 
H4 Field root:shoot ratio ~ Predicted N (model S2) 
H5 Field root:shoot ratio ~ Predicted aboveground biomass (model S3) 

H6 
Field root:shoot ratio ~ Predicted belowground biomass  

(best from models H1-H3)/Predicted aboveground biomass (model S3) 
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3.2.4. Field Spectroradiometer Reflectance Data Collection 

To build hyperspectral models of % foliar N, we collected in situ hyperspectral reflectance using 
an ASD field spectroradiometer (FieldSpec Pro FR, Analytical Spectral Devices, Inc., Boulder, CO, 
USA) (Figure 2). ASD spectral readings were narrowband full spectrum measurements, sampled 
every 1.4 nm over 350–1000 nm and 2 nm over 1000–2500 nm. We used a 25° field of view foreoptics 
at nadir 1 m above the vegetation canopy and 4 m from ground level, using a 3 m fiber optic cable 
producing a field of view of 1.8 m. We calculated canopy reflectance as the ratio of canopy radiance 
to radiance measured from a calibrated white reference (Spectralon® Labsphere, Inc., North Sutton, 
NH, USA). We collected white reference measurements every 10 min. Ten reflectance 
measurements, each an average of 12 spectra, were collected and averaged using ViewSpec™ Pro 
6.1.10 (Analytical Spectral Devices, Inc., Boulder, CO, USA). We preprocessed spectroradiometer 
reflectance by removing wavelengths with high noise from water absorption features and averaged 
reflectance to spectral bands 10 nm wide, resulting in 164 hyperspectral bands. The resulting bands 
covered the ranges 422–1300 nm, 1443–1795 nm, and 1998–2400 nm. These field-collected 
hyperspectral bands represent high resolution full-spectrum data without atmospheric scattering. 
They provide a point of comparison for precision lost when using other remote-sensing platforms, 
such as Landsat 7. 

3.2.5. Landsat Image Acquisition and Processing 

We used Landsat 7 Climate Data Record surface reflectance images that corresponded to field 
sample dates (24 June, 10 July, 26 July, 11 August, 27 August, 28 September, and 10 October, 2012) 
(available via earthexplorer.usgs.gov). These images are atmospherically corrected surface 
reflectance data products processed by USGS using the Landsat Ecosystem Disturbance Adaptive 
Processing System (LEDAPS) algorithm [60]. We did not gap fill areas of no data within Landsat 7 
imagery, but left these as missing values. Landsat images were georeferenced with ground control 
points and converted to UTM projection (NAD83, Zone 10N) using bilinear resampling within 
ArcGIS 10.1 (ESRI Corporation, Redlands, CA, USA). We collected ground control points with a 
sub-meter accurate Trimble GeoXT. Root mean square error of georeferencing for rectified images 
was less than half pixel size for each image. 

3.3. Development of Models for Estimating Relative Differences in Belowground Biomass 

To derive relationships among belowground biomass, foliar N and aboveground biomass, we 
first used in situ hyperspectral data to build empirical models of % foliar N. We used in situ and 
satellite-based spectral estimates of foliar N and aboveground biomass to derive site-wide models of 
belowground biomass and root:shoot ratio. 

3.3.1. Remote-Sensing-Based Estimates of Aboveground Biomass and % Foliar N 

We used our multi-temporal field collected measures of % foliar N and aboveground biomass 
to generate remote-sensing-based estimates of these same variables (Spectral model sets S1–S3,  
Table 2, Figure 2). Models were developed for % foliar N with field spectrometer and Landsat 7 
reflectance data, and for aboveground biomass with Landsat 7 reflectance data. We sub-divided data 
for each model into flooded and unflooded plots and analyzed these separately. Flooding can 
dampen spectral reflectance, particularly near infrared reflectance [27,28]. We therefore compared 
models where flooded and unflooded samples were separated to analyses of the full dataset. Then, 
we recombined the predicted outcomes from these models into a new dataset that contained the best 
spectral prediction for each parameter for each sample. These spectral estimates could then be used 
as predictors in our belowground biomass hybrid modeling efforts below. 

To build the spectral datasets of foliar N and aboveground biomass in Figure 2 and Table 2, we 
used the PLS package in R [61] to derive partial least squares (PLS) regression models estimating % 
foliar N and aboveground biomass (each separately). To select PLS components, we choose those 
that corresponded to the first local minima for root mean squared error of prediction (RMSEP,  
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e.g., averaged difference in predicted vs. measured values) because this minimizes model 
over-fitting [61]. RMSEP was estimated using leave-one-out cross validation [61]. We also calculated 
normalized RMSEP (nRMSEP = RMSEP/[response maximum–response minimum]), which 
approaches zero for better models and 1 for poor models. nRMSEP allows performance comparison 
across different datasets. To develop models, we used a random subset as training data (70% of 
samples) and calculated R2 or explained variance, RMSEP and nRMSEP. We compared R2, RMSEP 
and nRMSEP from the training set to those same metrics calculated over a testing dataset (30% of 
samples). For all models, loadings plots for the first 3 PLS regression components (i.e., those 
explaining the majority of variance) were examined to determine wavelengths most associated with 
response variables (% foliar N and aboveground biomass). 

We also compared species specific and mixed species models. We defined species specific 
models as models of plots where the target species was at least 20% of the live vegetation cover. We 
selected 20% as our cut-off because this excludes plots where the model species had very low to no 
cover, but still allows heterogeneity that can introduce noise into reflectance signals. 

3.3.2. Hybrid Model Development: Estimating End of Season Belowground Biomass Trends from 
Remote-Sensing Estimates of Aboveground Biomass and Foliar N 

To develop site-wide models of end of season belowground biomass and root:shoot ratio 
(Hybrid model sets H1–H6, Table 2, Figure 2), we used the spectral reflectance model sets of % foliar 
N and aboveground biomass (S2–S3, Table 2). While all sample dates were used to build the best 
spectral models for % foliar N and aboveground biomass, only end-of season spectral estimates were 
used to predict end of season belowground biomass. We used the best end of season predictions for 
each plot from our foliar N and aboveground biomass reflectance models as predictors in linear 
regressions where belowground biomass or root:shoot ratios were response variables. These hybrid 
reflectance models for predicting relative differences in belowground biomass and root:shoot ratio 
included all possible combinations of foliar N and aboveground biomass including single parameter 
models and dual parameter models, including interaction terms. We explored species specific and 
mixed species models in each model set as above. We also explored possible non-linear relationships 
among parameters through log transformations of predictors and response variables. 

To calculate parameter confidence, we used a bootstrapping approach with bias-corrected and 
accelerated confidence intervals [62] to compare model performance across 9999 permutation of the 
data. To document model error, we used leave-one-out cross-validation to estimate RMSEP and 
nRMSEP model estimates vs. field measured values. 

We removed plots where the measured target response variable was minimal. For biomass 
models, plots with less than 10 g·m−2 were excluded. For root:shoot ratio models, ratios of less 0.01, 
i.e., samples with very little target root material, also were excluded. 

We selected the best hybrid model for estimating belowground biomass and root:shoot ratio for 
all species and for each species individually. Criteria for identifying the best model were (1) the 
model could not contain multi-collinear predictors; (2) the 95% confidence interval for model slopes 
could not overlap zero; and (3) of the remaining models, the best one had the highest explained 
variance and lowest nRMSEP. 

4. Results 

Foliar N concentration ranged from 0.5 to 4.4 g N per 100 g dry leaf tissue (mean: 2.6; SD: 0.7; 
158 samples). Standard deviation of foliar N samples from within the same sample plot was 0.21. 
End of season belowground biomass was greater for S. acutus than for Typha spp. (Table 3). 
Conversely, end of season aboveground biomass was greater for Typha spp. (Table 3). 
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Table 3. Mean and range of field measured and Landsat reflectance based estimates of end of season 
biomass (g·m−2) and root:shoot ratio across all wetland impoundments. Values were calculated from 
nonzero samples. 

Parameter Scale Mean SD Min Max 
S. acutus 

Belowground biomass Field: 1 m2 sub-plot 519 571 2.5 2316 
Field: 30 m × 30 m 270 274 12.7 762 

Landsat: 30 m × 30 m 395 278 11 691 
Aboveground biomass Field: 1 m2 sub-plot 346 179 72 653 

Field: 30 m × 30 m 216 123 44 431 
Landsat: 30 m × 30 m 308 81 189 442 

Root:shoot ratio Field: 1 m2 sub-plot 2.5 2.2 0.1 7.8 
Field: 30 m × 30 m 2.1 2.9 0.1 7.7 

Landsat: 30 m × 30 m 2.6 2.5 0.9 6.0 
Typha spp. 

Belowground biomass Field: 1 m2 sub-plot 98 172 1 918 
Field: 30 m × 30 m 102 88 22 329 

Landsat: 30 m × 30 m 102 55 25 166 
Aboveground biomass Field: 1 m2 sub-plot 653 589 20 2259 

Field: 30 m × 30 m 625 476 119 1512 
Landsat: 30 m × 30 m 550 386 119 1061 

Root:shoot ratio Field: 1 m2 sub-plot 0.3 0.2 0.1 1.2 
Field: 30 m × 30 m 0.3 0.4 0.1 1.1 

Landsat: 30 m × 30 m 0.3 0.2 0.1 0.7 

4.1. Foliar N and Aboveground Biomass Spectral Reflectance PLS Regression Models 

4.1.1. Hyperspectral Reflectance Models 

Spectral signatures of Typha spp. and S. acutus were plotted and had subtle differences in visible 
(500–600 nm), near infrared (800–1000 nm) and shortwave infrared (>1500 nm) wavelengths  
(Figure 3). Reflectance correlated well with % foliar N, based on PLS regression of all spectral bands 
for both species specific and mixed species models (Table 4). Analyzing flooded and unflooded plots 
separately improved explained variance from 45%–56% for the full data set for species specific 
models (data not shown) to 54%–90% (Table 4). Models for Typha spp. explained greater variance in 
% foliar N than other models. 

Figure 4 shows loadings plots from these hyperspectral foliar N analyses. Bands that are given a 
high weight in the calculation of components have a high absolute value (either positive or negative) 
in the loadings plots. Bands associated with green and red spectra between 525–750 nm, near 
infrared spectra between 1100–1300 nm, and shortwave infrared spectra >1600 nm were important 
for associating % foliar N with hyperspectral reflectance. Bands with high absolute values in 
loadings varied by PLS component. Component 1, which contains the majority of explained variance 
between predictors and response, closely mirrors the spectral signature of the target species within 
both species (Figures 3 and 4). For Typha, Component 2, possibly the component most associated with % 
foliar N, had high absolute loadings values for spectra associated with the red-edge (740–770 nm), with 
near infrared spectra between 900–1100 nm, and with shortwave infrared spectra, especially at 1600 
and 2100 nm. Similarly, within S. acutus loadings plots (Figure 4), Component 1 mirrored the 
spectral signature of S. acutus, but contained less of the explained variance than did Typha 
component 1. Component 2 had high absolute loadings at the red edge (750 nm), at 900 and 1100 nm 
and then in the shortwave infrared spectra >1600 nm. 
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Figure 3. Spectral signature of Typha spp. and S. acutus (all water depths) (A) and of flooded and 
unflooded plots (both species combined) (B) from freshwater marsh impoundments in the 
Sacramento-San Joaquin Delta, CA, USA. Gaps indicate areas of noise in the spectra that were 
removed during pre-processing. 

4.1.2. Multispectral Reflectance Models 

Multispectral Landsat 7 satellite reflectance had relationships with % foliar N for all models. 
Analyzing flooded and unflooded plots separately increased explained variance. For example, 
species specific models of all data combined explained 27%–47% of variance (results not shown), 
whereas models of unflooded plots explained 50%–70% of variance (Table 4). For multispectral 
analyses, unflooded plots had greater explained variance than flooded plots. For Typha spp., Landsat 
compared to in situ hyperspectral data reduced explained variance (hyperspectral 54%–90% 
explained variance across flooded and unflooded plots, multispectral 50% unflooded, 24% flooded, 
Table 4, Figure 5). Conversely, species specific models of S. acutus retained explanatory power 
equivalent to hyperspectral models (explained variance hyperspectral 62%–63% across flooded and 
unflooded plots, multispectral 70% unflooded, 42% flooded, Table 4, Figure 5). 

PLS regression models of Landsat 7 reflectance also estimated aboveground biomass with 
moderate precision for both mixed species and species specific models, (explained variance 53%–67%, 
Table 4). S. acutus models outperformed Typha and mixed species models (Table 4). Subsetting by 
water depth did not improve aboveground biomass model accuracy, likely because sample size was 
too low after subsetting, allowing little room for creating testing and training datasets (sample size 
was eight and five, respectively, for Typha and S. acutus aboveground biomass models, see Table 4 
model set S3). 
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Table 4. Mixed species and species specific PLS regression models of % foliar N and aboveground biomass (AG) (g) from field spectroradiometer-based hyperspectral and 
satellite-based multispectral reflectance. Model set numbers refer to Table 2. C is the number of PLS regression components, EV (% explained variance), RMSEP (root mean 
square error of prediction), nRMSEP (normalized RMSEP) and N is sample size for each analysis. Hyperspectral models of aboveground biomass can be found in  
Byrd et al. [21]. Hyperspectral models used 1 m2 sub-plot level data, while Landsat models used plot-scale data (30 m × 30 m). 

Model Water depth Training C. EV RMSEP nRMSEP N Testing RMSEP nRMSEP N 

S1a. % N mixed = hyperspectral reflectance 
0 4 54 0.46 0.20 37 0.52 0.23 12 

>0 14 83 0.56 0.15 76 0.90 0.28 28 

S1b. % N Typha sp. = hyperspectral reflectance 
0 7 90 0.50 0.24 19 0.57 0.28 4 

>0 6 54 0.53 0.17 48 0.83 0.24 18 

S1c. % N S. acutus = hyperspectral reflectance 
0 3 63 0.45 0.26 15 0.43 0.33 4 

>0 4 62 0.47 0.23 23 0.48 0.31 7 

S2a. % N mixed = Landsat reflectance 
0 5 56 0.49 0.25 32 0.51 0.25 12 

>0 3 27 0.68 0.19 67 0.59 0.18 25 

S2b. % N Typha sp. = Landsat reflectance 0 3 50 0.56 0.24 19 0.18 0.14 4 
>0 3 24 0.68 0.18 50 0.83 0.21 20 

S2c. % N S. acutus = Landsat reflectance 0 3 70 0.43 0.26 14 0.43 0.26 4 
>0 3 42 0.55 0.29 20 0.44 0.24 4 

S3a. AG mixed = Landsat reflectance all 4 53 433.3 0.14 25 773.4 0.25 10 
S3a. AG Typha spp. = Landsat reflectance all 3 59 448.2 0.24 21 309.3 0.25 8 
S3c. AG S. acutus = Landsat reflectance all 2 67 155.5 0.20 12 262.7 0.34 5 
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Figure 4. Loadings values of % foliar N from PLS regression of hyperspectral data for (A) Typha spp. 
and (B) S. acutus (model set S1). Gaps indicate spectra removed during pre-processing. The 
mid-point of Landsat 7 bands are superimposed and labeled with band number (b1-7). (C–F) 
Measured vs. predicted values for training and testing data for Typha and S. acutus. 
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Figure 5. Measured vs. % foliar N developed from PLS regression of Landsat 7 for training (A,B) and 
testing (C,D) data for Typha spp. and for S. acutus (model set S2). Percent foliar N is in g N per 100 g 
dry leaf tissue. 

Landsat 7 bands corresponded with some PLS regression loadings peaks and valleys for % foliar 
N, particularly in the shortwave infrared spectra, bands 5 (1550–1750 nm) and 7 (2080–2350 nm) 
(Figure 4). However, other spectra in the hyperspectral dataset with high absolute loadings were 
missed, particularly those at 1000–1250 nm (Figure 4). 

4.2. Predicting Trends in Belowground Biomass and Root:Shoot Ratio Using Satellite-Derived Multispectral 
Reflectance Hybrid Models 

4.2.1. Belowground Biomass Hybrid Models 

Many hybrid models relating spectral reflectance estimates of aboveground plant characters to 
belowground biomass were statistically significant (Table 5; Figure 6). The best models were species 
specific. For S. acutus, belowground biomass had negative relationships with both % foliar N and 
aboveground biomass, but the best predictor was aboveground biomass (explained variance 76%, 
RMSEP 140 g, nRMSEP 0.19) (Figure 6). In contrast, for Typha spp., only % foliar N was a good 
predictor and explained variance was lower (39%, RMSEP 65 g, nRMSEP 0.21) (Figure 6). For all 
model sets, models combining aboveground biomass and % foliar N as predictors did not meet our 
selection criteria, either because p-values were not significant or the 95% confidence interval for 
parameters overlapped zero. Interaction terms among % foliar N and aboveground biomass also 
were not significant. 
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Table 5. Hybrid models of end of season belowground biomass and root:shoot ratio, where model set numbers refer to Table 2. Predictors for model sets were spectral 
estimates (source model number from Table 4 in parentheses). The best models are in bold (see methods for criteria). Legend: Belowground biomass (BG) (g), root:shoot 
ratio (RS), aboveground biomass (AG) (g), N is the sample size, F is the F statistic, df is degrees of freedom, P is the p-value, EV (% explained variance), β0 is the intercept, 
β1–2 are parameter slopes, where β1 is for the first parameter under predictors and β2 is for the second (if present). L0–2 and H0–2 are the lower and upper bounds for the 95% 
confidence interval for each coefficient as calculated by bootstrapping across 9999 permutations of the data. 

Model Predictors N F df P RMSEP nRMSEP EV β0 L0 H0 β1 L1 H1 β2 L2 H2 
Mixed spp. models                 

H1a. BG ~ log(%N) (S2a) 12 3.4 1,10 0.094 231.1 0.29 26 571 282 943 −430 −904 −12 - - - 
H2a. BG ~ AG (S3a) 12 2.3 1,10 0.163 241.6 0.3 19 1550 −16 3254 −199 −446 73 - - - 
H3a. BG ~ AG (S3a) + log(%N) (S2a) 12 1.6 2,9 0.248 229.3 0.29 27 950 −807 3414 −69 −465 283 −342 −1088 327 
H4a. RS ~ log(%N) (S2a) 12 6.9 1,10 0.026 0.4 0.27 41 1.7 0.8 2.6 −0.6 −1.0 −0.2 - - - 
H5a. RS ~ AG (S3a) 12 3.1 1,10 0.111 0.5 0.31 23 1.0 0.5 1.7 −0.0 −0.0 0.0 - - - 
H6a. RS ~ BG (H1a)/AG (S3a) 12 2.8 1,10 0.126 0.5 0.31 22 0.3 0 0.8 0.3 0.1 0.8 - - - 

Typha spp. models                 
H1b. BG ~ log(%N) (S2b) 10 5.1 1,8 0.053 64.6 0.21 39 294 148 516 −242 −442 −14 - - - 
H2b. BG ~ AG (S3b) 9 2.7 1,7 0.145 71.4 0.23 28 171 109 308 −0.1 −0.2 0.1 - - - 
H3b. BG ~ AG (S3b) + log(%N) (S2b) 9 5.2 2,6 0.048 50.9 0.17 64 592 172 958 0.4 −0.1 0.9 −848 −1698 −142 
H4b. RS ~ log(%N) (S2b) 10 47.7 1,8 <0.001 0.3 0.24 86 2.5 1.4 4.1 −5.4 −7.0 −4.0 - - - 
H5b. RS ~ AG (S3b) 10 5.0 1,8 0.056 0.3 0.26 38 0.6 0.4 1.1 −0.0 −0.0 0.0 - - - 
H6b. RS ~ BG (H1b)/AG (S3b) 9 4.5 1,7 0.071 0.3 0.26 39 0.1 −0.1 0.6 0.6 0 1.2 - - - 

S. acutus models                 
H1c. BG ~ log(%N) (S2c) 8 5.9 1,6 0.052 212.6 0.29 49 8 6 11 −4 −9 −1 - - - 
H2c. BG ~ AG (S3c) 5 9.5 1,3 0.054 136.7 0.18 76 1196 512 1648 −2 −5 −1 - - - 
H3c. BG ~ AG (S3c) + log(%N) (S2c) 5 4.5 2,2 0.181 119.3 0.16 82 388 −2044 2237 −3 −5 −1 1515 −2264 5282 
H4c. RS ~ log(%N) (S2c) 5 0.5 1,3 0.537 2.5 0.33 14 −9.0 −38.1 23.7 22.4 −40.0 79.6 - - - 
H5c. RS ~ AG (S3c) 5 6.0 1,3 0.093 1.6 0.21 67 9.8 4.0 16.9 −0.0 −0.1 −0.0 - - - 
H6c. RS ~ BG (H2c)/AG (S3c) 5 11.9 1,3 0.041 1.2 0.16 80 −0.5 −2.9 1.8 1.8 0.7 2.8 - - - 
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Figure 6. (Left) Typha spp. best belowground biomass (g·m−2) model (model H4b, % foliar N (A) is 
the predictor). (Right) S. acutus best belowground biomass (g·m−2) model (model H2c, aboveground 
biomass (B) is the predictor). (C,D) the measured vs. predicted belowground biomass outcome from 
the best models for Typha spp. and S. acutus respectively. RMSEP is root mean squared error of 
prediction in g·m−2, while nRMSEP is normalized RMSEP. 

4.2.2. Root:Shoot Ratio Hybrid Models 

Hybrid models relating spectral reflectance estimates of aboveground plant characteristics to 
root:shoot ratio were also statistically significant (Table 5; Figure 7). The best models were species 
specific. For Typha spp., % foliar N as a direct single predictor provided the best model (nRMSEP 
0.24, explained variance 86 %) (Table 5; Figure 7). For S. acutus, combining indirect spectral estimates 
of belowground biomass (as estimated by spectral estimates of aboveground biomass) and direct 
spectral estimates of aboveground biomass into a single predictor provided the best model 
(nRMSEP 0.16, explained variance 80 %) (Table 5; Figure 7). 
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Figure 7. Best root:shoot ratio models for Typha (model H4b) (A) and S. acutus (model H6c) (B). The 
measured vs. predicted outcomes from the best models for Typha (C) and S. acutus (D). RMSEP is root 
mean squared error of prediction, nRMSEP is normalized RMSEP. 

5. Discussion 

We found significant relationships between remote-sensing-based estimates of aboveground 
plant characteristics, belowground biomass and root:shoot ratios. In our study, field and spectrally 
estimated % foliar N and aboveground biomass had negative relationships with belowground 
biomass and biomass allocation in S. acutus and Typha spp. Field spectroradiometer-based 
reflectance measurements estimated % foliar N with higher accuracy than multispectral, moderate 
resolution Landsat 7 satellite data. Nonetheless, Landsat 7 bands overlapped with some 
hyperspectral wavelengths associated with % foliar N. Also, Landsat 7 estimates of % foliar N were 
significant for all species, suggesting this public data source might be utilized for estimating coarse 
variation in canopy N at broad scales. Additionally, inundation had a significant influence on foliar 
N estimation, and building models of flooded and non-flooded plots separately improved % foliar N 
estimation. Landsat 7 was particularly useful for S. acutus models where 70% of foliar N variation 
was explained within non-flooded plots. Further, estimates of % foliar N and aboveground biomass 
from Landsat 7 bands were helpful in estimating belowground biomass and biomass allocation. 

5.1. Correlations among Foliar N, Aboveground Biomass and Spectral Reflectance 

Remote-sensing studies often estimate foliar N concentration [54,63,64]. In our study, full 
spectrum field spectroradiometer reflectance data provided the most accurate estimation of % foliar 
N for Typha. Component 1 explained the majority of variation and closely mirrored the spectral 
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signature of both species. One interpretation is that component 1 estimates the relative cover of the 
species within the plot. Thus for spectra important to N estimation, we look to Components 2 and 3, 
where Component 2 explains the most variance. For both species, reflectance data over 500–700 nm, 
1000–1200 nm, and greater than 1700 nm were particularly informative. Reflectance over  
500–700 nm encompasses peak greenness and the red edge. Reflectance at 550 nm, peak greenness, is 
associated with chlorophyll [45,65], which contains 6.5% N by weight: 30%–50% of foliar N is within 
ribulose-1,5-biphosphate carboxylase-oxygenase (rubisco) inside chloroplasts [47]. Chlorophyll and 
foliar N are thus associated with photosynthesis and plant productivity. Red edge reflectance also 
has been associated with plant stress and N accumulation [66]. 

Reducing hyperspectral to multispectral data resulted in some loss of precision. All Landsat 7 
bands corresponded to bands with high absolute loadings values from hyperspectral analysis, 
though not all hyperspectral bands with high absolute loadings values were captured by Landsat 
measures. Shortwave spectra were important for estimating foliar N and likely corresponded to 
amide bond vibration within proteins [47] (Figure 4). Improvements in the availability and spatial 
resolution for full spectrum hyperspectral data may one day allow improved site-wide analysis of % 
foliar N. Additionally, such hyperspectral data should improve estimates of parameters which rely 
on foliar N measures, such as belowground biomass. 

Water depth influenced spectral reflectance of % foliar N in this study. Water is a strong 
absorber of light, particularly near infrared reflectance [20]. As a consequence, models of 
non-flooded plots generally converged with fewer components and explained greater variance than 
flooded plots. Models of flooded plots also were slightly improved over models of the full dataset, 
suggesting that flooding doesn't limit the ability to estimate N, but rather that datasets should be 
stratified by water depth before analysis. For aboveground biomass, stratifying analyses by water 
depth did not improve performance over the full model, perhaps because fewer samples were 
available for aboveground biomass models and model subsets could not converge. 

Future studies wishing to stratify analysis by water depth can apply the modified normalized 
difference water index (MNDWI) across study sites to identify flooded pixels [67]. This index relies 
on the reduction in reflectance in green and mid-range infrared wavelengths in flooded vs. 
non-flooded pixels. MNDWI is better able to distinguish water than metrics derived from red and 
near infrared spectra, such as the normalized difference vegetation index (NDVI) [67]. 

5.2. Estimating Trends in Belowground Biomass and Biomass Allocation Ratio Using Multispectral  
Hybrid Models 

In combination with our experimental study, we present a first use of spectral data to indirectly 
estimate belowground biomass and biomass allocation. This effort links several relationships 
observed in literature: remote-sensing often estimates aboveground biomass [1,47], and foliar N 
concentration [54,63,64,68–70], foliar N is linked to environmental N [71–74], and aboveground 
biomass and environmental N together can help estimate biomass allocation [33,75–77]. Our study 
starts to link remotely-sensed signals to whole-plant biomass. 

Plants in our system appeared to correspond to a balanced growth concept, such that plants had 
either no relationship or a negative relationship with aboveground biomass and a negative 
relationship with foliar N, a parameter that might serve as a proxy for plant nutrient status. Past 
studies suggest plants may increase allocation of photosyntate belowground under nutrient 
limitation to increase absorptive area for nutrient capture and to increase rhizomatic carbohydrate 
storage as a buffer against future scarcity [41]. However, we suggest caution before assuming that 
growth patterns detected across a narrow range of nutrients applies outside the studied range. For 
example, in the case of Spartina alterniflora, the dominant macrophyte within eastern U.S. coastal salt 
marshes, sometimes this species has followed different patterns under different environmental 
conditions (e.g., isometric growth sensu Gross et al. [78] and balanced growth sensu Valiela et al. [79], 
Morris et al. [80] and Deegan et al. [33]). Interestingly, Gross et al. [78] observed isometric growth for 
interior marsh S. alternifora, whereas at the channel edge, a location where the majority of nutrient-rich 
sediments are deposited, S. alterniflora did not grow isometrically. Reliably modeling belowground 
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biomass therefore requires study specific investigations of biomass relationships across site-wide 
nutrient gradients. 

In our study, when foliar N was correlated with belowground biomass, log transformation 
improved the relationship, such that belowground biomass was very high were foliar N was low. The 
majority of the error in RMSEP was derived from plots with low N and high belowground biomass, 
where even logarithmic curves failed to capture the steepness of the relationship among these 
variables. While patterns of root growth in response to nutrient limitation are complex, a non-linear 
increase in belowground biomass at low N seems more reasonable than a linear increase [81]. 

Other factors can influence model estimates as well. We employed a detection limit for response 
variables in our hybrid models and included only samples with >10 g for belowground biomass, or 
>0.01 for root:shoot ratio. Early data exploration suggested that these cut-offs were important for 
improving model outcomes. Such was particularly true for S. acutus, a species that was under 
represented in our study areas. Also, low belowground biomass plots for S. acutus mostly were 
located in the Twitchell west pond, an impoundment that also had tall dead thatch covering 60% of 
plots, obscuring portions of S. acutus stems (Table 1). For S. acutus, thatch accumulation over lower 
portions of vertically oriented conical stems can mask reflectance from live vegetation, increasing 
signal noise. Excluding these low biomass plots with high thatch cover improved model 
performance considerably. In addition, multispectral PLS regression can only generate as many 
latent variables (components) as there are bands, and thus has less capacity to minimize background 
effects introduced by non-target cover types. Areas with high cover type heterogeneity probably 
would be better measured by hyperspectral reflectance with fine spectral resolution. Sensors that 
may work better in heterogeneous sites include AVIRIS, a hyperspectral sensor (400–2500 nm, 4 m to 
20 m spatial resolution depending on platform) (aviris.jpl.nasa.gov). However, Landsat, which 
measures shortwave infrared spectra, is promising for measuring foliar N and whole plant biomass 
trends, particularly for pixels that have high cover of target response species. Landsat 8 Operational 
Land Imager, while not available when our study was conducted, also includes two shortwave infrared 
bands and may be useful for future work. These techniques may have broadest utility within coastal 
marshes, many of which are dominated by one to a few species (e.g., salt and brackish marshes). 

Finally, mixed species models performed poorly compared to species specific models. For 
situations where all species do not respond similarly to predictor variables, mixed species models 
may give misleading results [53]. We recommend undertaking species specific investigations before 
generalizing to mixed species models, to identify potentially confounding correlates. 

5.3. Applications of Multispectral Hybrid Modeling of Belowground Biomass and Root:Shoot Ratio 

Many models for carbon accounting or for modeling ecosystem transitions may be improved  
by incorporating spatially explicit variation in productivity. For example, the Marsh Equilibrium 
Model [82] is a process-based model predicting carbon sequestration and coastal marsh fate with sea 
level rise. Among other variables, users parameterize this model with a single estimate of 
aboveground biomass and root:shoot ratio. Other models related to wetland longevity with climate 
change include the Sea Level Affecting Marshes Model [83], which takes marsh accretion as an input 
parameter. Currently these models allow only one number to estimate accretion, below and 
aboveground biomass or root:shoot ratio, which is not as realistic. There have been efforts to make 
such models more spatially explicit [84,85], but more work remains. Our modeling approach provides 
another tool to assist with precision forecasting of wetland fates as climate changes and sea levels rise. 

Additionally, our approach may advance ecological theories concerning belowground biomass. 
For example, there is controversy concerning the influence of eutrophication within coastal marshes. 
Some suggest excess environmental nutrients reduce belowground biomass and accelerate marsh 
loss [33,75,76,86]. Further, Turner et al. [87,88] reasoned that sediment diversions onto marsh 
surfaces, a common wetland restoration technique, might have unintended consequences when 
sediments are nutrient rich. Such diversions could reduce belowground biomass and soil stability 
within coastal marshes, making them vulnerable to hurricane damage. Contrarily, others argue that 
declining sediment supply is a main threat to coastal wetlands [89,90]. In this view, sediment 
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diversions increase marsh health by stimulating belowground productivity, adding to soil volume, 
and increasing marsh accretion [77,89,91]. We do not enter this debate except to suggest that our 
modeling approach may reduce the cost of estimating correlations among eutrophication, plant 
uptake as foliar N, and resulting productivity responses, helping to resolve these issues. 

6. Conclusions 

Hyperspectral and multispectral analysis are promising tools for estimating % foliar N in 
wetlands and also for indirectly estimating relative measures in belowground biomass and biomass 
allocation. Species specific investigations of these relationships are necessary to parameterize new 
modeling efforts at other sites. Currently, measures of variation in belowground biomass are 
difficult to obtain. However, publically available Landsat data provide global and long-term 
estimates of landscape change [92]. When properly supported by field and experimental studies, this 
modeling approach may reduce the time and cost of site and landscape monitoring of belowground 
biomass and root:shoot ratio. Approaches in this paper can assist with identifying high and low 
extremes of foliar N and belowground biomass which might be targeted for additional 
investigations. Our approach may provide best results within low diversity areas with somewhat 
homogeneous plot cover. Water depth also influences model outcomes and must be accounted for or 
minimized. As hyperspectral imaging technologies become more widely available, the predictive 
capacity and applicability of such models also may improve. 
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