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Abstract

:

Estimation of vegetation water content (VWC) by optical remote sensing improves soil moisture retrievals from passive microwave radiometry. For a variety of vegetation types, the largest unknown for predicting VWC is stem water content, which is assumed to be allometrically related to the water content of the plant canopy. For maize and soybean, measured stem water contents were highly correlated to canopy water contents, so VWC was calculated directly from the normalized difference infrared index (NDII), which contrasts scattering at near-infrared wavelengths with absorption of shortwave infrared wavelengths by liquid water. Woodland tree height is linearly related to woody stem volume, and hence to stem water content. We hypothesized that tree height is positively correlated with canopy water content, and thus with NDII. Airborne color-infrared imagery was acquired at two study areas in a mixed agricultural and woodland landscape, and photogrammetric structure-from-motion point clouds were derived to estimate tree heights. However, estimated tree heights were only weakly correlated with measured data acquired for validation. NDII was calculated from Landsat 8 Operational Line Imager (30-m pixel) and WorldView-3 (7.5 m pixel); but contrary to the hypothesis, NDII was not correlated with woodland tree height. Lastly, the interaction of woodland and crops stem water contents on total VWC in a mixed landscape were simulated for 2 days, one in the early summer and one in the late summer. VWC for the region varied from 2.5 to 3.0 kg m−2, which was just under a threshold for accuracy for soil moisture retrievals using Coriolis WindSat. Woodland tree height should be included as an ancillary data set along with land cover classification for soil moisture retrieval algorithms.
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1. Introduction


Retrieval of soil moisture content from passive microwave brightness temperatures is based on the zero-order tau-omega (τfp − ωfp) model, where: τfp is the vegetation optical depth at frequency f and polarization p, and ωfp is the single scattering albedo at frequency f and polarization p [1,2,3]. Vegetation optical depth occurs in two of the three terms of the tau-omega model, and it is estimated by the product of an attenuation factor (denoted by b) and vegetation water content (VWC, kg m−2) [3,4]. The attenuation factor depends on frequency, polarization and canopy structure [3,4]. Initial work on soil moisture retrievals using passive microwave radiometers was performed in areas with short vegetation cover, in which VWC was easily measured and had small effects on estimated soil moisture [5,6]. For these cover types, the foliar leaf area index (LAI, m2 m−2), the fractional vegetation cover, and canopy water content (CWC, kg m−2) are excellent predictors of VWC.



There are several spectral vegetation indices used to estimate vegetation optical depth [7,8,9,10,11,12,13]. Spectral vegetation indices contrast multiple scattering of near-infrared (NIR) radiation by the foliage with either absorption of red radiation by chlorophyll or absorption of shortwave-infrared radiation (SWIR) by liquid water [14]. CWC is defined as the product of LAI and average leaf water content; thus, CWC may be estimated with spectral NIR-Red vegetation indices that are correlated with LAI, such as the normalized difference vegetation index (NDVI) [15]. Since leaf water content varies by plant species or plant functional type, relationships between NIR-Red indices and VWC are highly empirical [16]. On the other hand, NIR-SWIR spectral indices, such as the normalized difference infrared index (NDII) [17] and the normalized difference water index (NDWI) [18], are sensitive to both LAI and leaf water content. Thus, estimation of VWC using NIR-SWIR indices is less empirical than NIR-Red indices [8,19]. For most vegetation types, NDII is linearly related with CWC up to about 0.8 kg m−2 [19,20,21].



Stem water contents (SWC, kg m−2) contribute to vegetation optical depths for forests, woodlands, and tall crops [8,10,11,22,23,24]. Both data and theory indicate that the dry masses of leaves and stems are allometrically related for structural support and hydraulic transport [25,26,27,28,29,30]. If water contents of leaves and stems are proportional to dry mass, then SWC will be allometrically related to CWC, subsequently leading to correlations between SWC and spectral indices. Different vegetation types have different allometric relationships between CWC and SWC, which lead to different relationships between spectral indices and VWC. The passive microwave retrieval algorithm for the Soil Moisture Active Passive (SMAP) mission makes the allometric relationships between SWC and CWC explicit in terms of a stem factor for different vegetation land cover classes [31,32]. The overall goal of our research was to improve application of spectral vegetation indices for estimating vegetation optical depth, by examining two methods of estimating SWC from CWC.



Our first objective is to compare SWC and CWC for two crops, maize (Zea mays L.) and soybean [Glycine max (L.) Merr.], to determine if measurements on single plants may be used in place of plot-based measurements. Most studies on VWC make plot-based measurements acquired concurrently with remotely sensed data. In addition to random statistical variation, differences in weather, plant density, and developmental growth stage may cause additional variation in relationships between VWC and spectral indices, and that variation may bias soil moisture retrievals. Hence, large numbers of plots need to be sampled to derive robust equations for agricultural regions. Since NDII was linear for the range of CWC, the effects of non-random variation were included in remotely sensed CWC. A fast method of obtaining the allometric relationships between SWC from CWC would then allow vegetation optical depth to be determined with less empiricism than estimating VWC from NDVI.



For woodland and forest land cover types, SWC may be many times greater than CWC; therefore, small random errors or biases in allometric relationships between leaves and stems will have large impacts on estimated vegetation optical depth and the accuracy of retrieved soil moisture content. Deciduous woodlands and forests are perennial cover types, so there will be little change in SWC over a year compared to phenological changes in CWC. Furthermore, it is not practical to measure SWC and CWC for mature trees. For cylinders, cones, and similar geometric solids, volume is proportional to height. Thus, stem volume may be estimated from tree height using either lidar or photogrammetric methods [33,34,35]. If SWC is allometrically related to CWC, we hypothesize that tree height will be positively correlated with the annual maximum CWC. Our second objective is to test this hypothesis with tree heights derived from airborne imagery and CWC estimated from NIR-SWIR spectral indices.



The accuracy of soil moisture retrievals using the tau-omega (τfp − ωfp) model varies with microwave frequency; radiometers that use higher frequencies for retrievals require more accuracy for VWC [3]. WindSat is a multi-frequency dual-polarization passive microwave radiometer developed by the Naval Research Laboratory, which was launched on the US Department of Defense Coriolis satellite on 6 January 2003 [36]. The primary objective of the WindSat mission was to test the ability of polarimetric microwave radiometers to determine both the speed and direction of ocean-surface winds. A secondary objective for WindSat was the simultaneous retrieval of soil moisture content, VWC and land surface temperature from vertically and horizontally polarized brightness temperatures at frequencies of 10 GHz, 18.7 GHz and 37 GHz [37]. The 6-GHz channels on WindSat are not used for soil moisture retrievals because of extensive radio frequency interference [38]. Crops such as maize have large increases of SWC over the growing season, but these changes are small compared to woodland SWC. Our third objective is to simulate the potential effectiveness of both SWC remote sensing methods over a large mixed area of cropland and woodlands in relation to the expected errors for soil moisture retrievals.




2. Methods


2.1. Allometric Model for Vegetation Water Content


Allometric growth is the change in a species geometric form (length, area, volume) with an increase in size to maintain structural support, mass transport or other physical requirements [25,26,27,28]. In general, growth of plant stems and leaf area are allometrically related, which serves as a theoretical basis for estimating stem dry matter or volume using an exponential function:


Ms = α Mc β



(1)




where: Mc and Ms are the mass in the canopy and stems, respectively, and α and β are the allometric coefficients (β equals 1 for a linear relationship). Supporting the general hypothesis, satellite sensors such as Landsat are used to estimate aboveground forest biomass from canopy reflectances [39,40,41], so there is some predictive relationship between remotely-sensed canopy variables and the stems hiding underneath. Water contents of stems and leaves are related to the dry matter contents per volume; therefore, SWC should be allometrically related to CWC. VWC is the sum of CWC and SWC.



Current methods for estimating VWC are to measure water contents per ground area along with spectral reflectances. However, acquiring sufficient plot data for robust predictions is time consuming, which provides an opportunity for water loss by evaporation to bias the relationships. Previous results suggested that the relationship between SWC and CWC is linear for crops [19], so VWC may be estimated directly from CWC:


VWC = (1 + ξ) CWC,



(2)




where ξ (Greek letter xi for xylem) is a coefficient for the relationship between stem and leaf water contents, and (1 + ξ) is the slope of the SWC-CWC line. Effects of both plant density and LAI are included in CWC estimated remotely using NIR-SWIR vegetation indices.




2.2. Study Areas and Field Measurements


At the USDA-ARS Beltsville Agricultural Research Center in Beltsville, Maryland (Figure 1), eight and six fields of maize and soybean, respectively, were selected for sampling. These fields had different planting dates ranging from late April to early July 2015. Different varieties of maize and soybean were planted to compensate for differences in growing season length. Maize and soybean fields planted earlier in the season experienced colder temperatures and higher precipitation during initial growth compared to fields planted later in the season. Effectively the crops germinated and grew under different weather conditions. Two plants from each field were collected weekly from early vegetative growth stages through the mid reproductive growth stages. Stems and leaves were weighed, dried at 65° C, and weighed again. Water contents were the difference between fresh and dry weight.



The other research location was the Choptank River Watershed on Maryland’s Eastern Shore of the Chesapeake Bay (Figure 1). This area was the site for the SMEXVEX08 experiment [42,43]. Land cover type and crop type for 2015 were obtained from the USDA National Agricultural Statistics Service’s Cropland Data Layer [44,45]. The land cover is about 30% maize, 30% soybean, and 33% woodland, with the remainder being housing developments, wetlands, pastures, and other crops. The woodlands are geographically associated with wetlands and streams, which prevented these areas from being cultivated in the recent past. USDA-NASS assessed producer and user accuracies were 93.8% and 84.8% for maize, respectively, and 87.5% and 79.9% for soybean, respectively [46]. In 2014, an independent accuracy assessment of the Cropland Data Layer in the Choptank River Watershed found the overall classification accuracy was 94% (unpublished data). Stations to monitor soil water content were established in cooperation with private landowners, University of Maryland Extension agents, and the United States Geological Survey.



Woodland stand height was determined from roadsides using a Nikon Inc. (Toyko, Japan) Forestry Pro Laser Rangefinder, which measured the distance to a tree, and the angle from the base to the top of the tree. The latitude and longitude for each stand was measured with a Garmin Inc. (Olathe, KS, USA) GPSmap 62st global positioning system.




2.3. Image Data


DigitalGlobe (Westminster, Colorado, USA) WorldView-3 (WV-3) visible/near-infrared (VNIR) and SWIR data were acquired 16 August 2015 in the two areas (A and B) in Figure 1. Images were geospatially registered by DigitalGlobe. All image processing was performed using the Harris Geospatial Solutions (Broomfield, CO, USA) Environment for Visualizing Images (ENVI) version 5.4. The WV-3 data were atmospherically corrected to land surface reflectances using the ENVI FLAASH package. The pixel sizes of WV-3’s VNIR and SWIR spectroradiometers are 1.2 and 7.5 m, respectively, the VNIR layers were resampled to the SWIR layers, so final pixel sizes were 7.5 m (Table 1).



Landsat 8 Operational Land Imager (L8-OLI) data were acquired on 17 August 2015 (WR2 path 15 and row 33), one day after the WV-3 acquisition. The L8-OLI data were atmospherically corrected to land surface reflectances using the ENVI FLAASH package.



There are many spectral indices based on NIR-SWIR reflectances suitable for estimation of foliar water content and CWC [21]. The normalized difference infrared index (NDII) [17] was calculated:


NDII = (RNIR − RSWIR)/(RNIR + RSWIR),



(3)




where: RNIR is the reflectance at near-infrared (NIR) wavelengths and RSWIR is the reflectance at SWIR wavelengths at about 1650 nm wavelength. For analysis of the WV-3 data, RNIR was the NIR-1 and RSWIR was SWIR band 3 (Table 1). For the L8-OLI analysis, RNIR was NIR band 5 and RSWIR was SWIR-1 band 6 (Table 1). The predictive ability of NDII for leaf and canopy water content was equal to or better than other indices [21].



Airborne digital color-infrared photographs were acquired over two areas to determine woodland height (Figure 1). A proprietary camera system was flown at 1700 m above ground level on 7 August 2014 by FalconScan LLC (Crofton, MD, USA). The front-to-back overlap of successive photographs was 75% and side-to-side overlap of adjacent flight lines was 50%. The center point (longitude, latitude, and elevation) for each photograph was calculated from global positioning system and inertial measurement unit data.



A recent method for estimating tree height uses photogrammetric “Structure from Motion” (SfM) point clouds [47,48,49] obtained from numerous overlapping aerial images. The 8-bit TIFF photographs were processed using Agisoft LLC (St. Petersburg, Russia) Photoscan Pro version 1.26 to generate SfM point clouds, from which digital surface elevation models and color-infrared orthomosaic images were generated. Without ground control points, there were curvature artifacts in the initial digital surface elevation models. To reduce the artifacts, 30 ground control points at ground level for each area were determined using GoogleEarth (Google Inc., Mountain View, CA, USA). The accuracy of these ground control points was not known, because location accuracy in GoogleEarth depends on several factors, such as the numbers and types of images (Google Inc. personal communication).



To test the geolocation accuracy of the airborne color-infrared orthomosaics, another 30 control points at ground level in each area were identified in both the orthomosaic images and WV-3 imagery. Root mean square errors (RMSE) between the airborne and WV-3 images were 5.6 m for box A and 10.8 m for box B (Figure 1).



Stand height profiles were determined from the digital surface elevation models at each location where tree heights were measured; each profile went from bare fields or roads, through the stand being measured. Relative stand heights (m) were the difference between the elevation at the 90th percentile on the profile elevation frequency distribution and the local elevation of the adjacent ground. The relative stand heights were compared to the measured tree heights in the two study areas.




2.4. Regional Simulations of VWC


Regional CWC and VWC were calculated from L8-OLI imagery (WR2 path 14 row 33) for the study areas and surrounding area on two dates, early summer (23 June 2015) and late summer (26 August 2015). Both images were atmospherically corrected with the ENVI FLAASH package. The USDA-NASS Cropland Data Layer for 2015 was used for land cover type [46]. Previous work with crops, grasslands, and deciduous woodlands [19,20] established that for the range of NDII found, the relationship between NDII and CWC was linear:


CWC = 0.230 + 1.18 NDII,



(4)




where the linear regression’s RMSE was 0.091 kg m−2 and the R2 was 0.847.



Maize and soybean VWC were calculated using Equation (2) from CWC and measured ξ (Figure 2). VWC of wheat, pasture and grass, and herbaceous wetlands were assumed to equal to CWC. The VWC for non-vegetated land cover was set to zero.



Nelson et al. [50] established an allometric relationship for calculating stem volume based on tree heights in Delaware, USA, which was next to the study area (Figure 1). We used Nelson et al.’s Equation (2) [50]:


V = 11.6h − 17,



(5)




where V is wood volume (m3 ha−1) and h is the average stand height in meters. Generally, water content of wood is about 0.4 m3 m−3 [51], so SWC was set to 0.4V. There is more variation in wood gravimetric water contents (kg water kg−1 wood) among species because there is a large variation in wood density [52]. Relative stand heights were estimated from profiles of the digital surface elevation models from bare ground through the center of each stand. Mean relative stand height was used to calculate SWC, which was then added to remotely sensed CWC to obtain woodland VWC (Figure 2).



The area covered by open water and wetlands is essential for soil moisture retrievals [53] but was not included to emphasize the contribution of woodland SWC and VWC. Image VWC was averaged over a circle of 25-km diameter (about 545,000 total pixels).





3. Results and Discussion


3.1. Crop Vegetation Water Content


There were strong linear relationships between leaf and stem water contents for maize and soybean (Figure 3). The coefficient ξ was 2.86 for maize and 1.71 for soybean. Crop CWC is important for estimating VWC, and hence vegetation optical depth, because it could be estimated directly from NDII. NDVI and NDII are highly correlated. NDVI accounts for differences in LAI and canopy structure, but the chlorophyll extinction coefficient is very large at red wavelengths, so NDVI saturates at lower LAI compared to NDII. Furthermore, estimating CWC from NDVI will require additional parameters such as the ratio of leaf water content to chlorophyll content and wood density.




3.2. Woodland Stand Height


The color-infrared orthomosaics for the two areas covered by the manned aircraft were derived from the individual aerial photographs are shown in Figure 4a and Figure 5a. The digital surface elevation models are shown in Figure 4b and Figure 5b. Wooded areas visible on the orthomosaics are clearly higher than the surrounding fields of crops and bare soil.



The elevation above sea level from GoogleEarth had an overall mean of about 20 m above sea level from the ground control point data. However, there were surface artifacts along the sides of the elevation model (Figure 4b and Figure 5b) because fewer photographs were available for the SfM algorithm. Woodland surface heights varied from 20 to 65 m above mean sea level. Correcting woodland surface heights using a profile from roads or bare ground resulted in a range from 1.9 to 30.7 m, with a mean of 15.8 m and a standard deviation of 7.0 m



Measured stand heights varied from 7 to 31 m with a mean of 18 m and a standard deviation of 5 m. Relative woodland stand heights were weakly correlated (Pearson r = 0.42) with the measured stand heights (Figure 6). Stratifying the stand data into various subsets (e.g., boxes A and B, deciduous and conifer) did not improve the agreement between relative and measured stand heights.




3.3. Spectral Indices and Stand Height


L8-OLI and WV-3 false color composites showed spectral differences (Figure 7 and Figure 8) even though both data sets were atmospherically corrected to ground surface reflectances. Calculation of NDII reduced the differences (Figure 9), but L8-OLI NDII was higher mostly because the NIR reflectances were higher. Using either L8-OLI or WV-3 imagery, NDII did not have a significant correlation with measured stand height (Figure 9a) or relative height (Figure 9b) estimated from the digital surface model. Therefore, the hypothesis that allometric relationships between CWC and SWC could be used to estimate VWC from NDII was rejected. However, this result was not conclusive because of the weak correlation between relative stand heights from the point cloud and measured stand heights from a laser rangefinder (Figure 6). Furthermore, there were no correlations between NDII and the measured stand heights and between NDVI of the color-infrared orthomosaics and relative stand heights. In general, heights from SfM and lidar point clouds are comparable, but each method has its strengths and weaknesses [54,55]. Several ad-hoc hypotheses may be proposed to explain the reason that NDII was not correlated with stand height based on analogies with lidar remote sensing [56,57]. The simplest explanations are either the null hypothesis was correct at the stand scale, or the measurement errors were too large to reject the null hypothesis.



Why did the crops have a strong allometric relationship but the woodlands didn’t? There are two possibilities, the first is that trees are perennial and accumulate woody biomass, which is not living at functional maturity. Crops like maize and soybean are annuals, for which most of the liquid water in stems is in living parenchyma tissues. Second, except for a few coniferous tree plantations in the study area, each stand contained: (a) many different tree species; (b) a variable number of trees per stand; and (c) a range of stem diameters, heights and age classes. Variation in allometric relationships among tree species may have been important [58], whereas we assumed there would be one general relationship based on the deciduous broadleaf tree functional type.





4. Importance of SWC for Soil Moisture Retrievals


Remotely sensed soil moisture is an important data source for agricultural drought monitoring [3]. In regions with a mixture of woodlands and croplands, changes of crop SWC over the growing season are small compared to woodland SWC, so accurate estimations of woodland SWC are necessary for assessing drought. Therefore, simulations were conducted using L8-OLI and land cover data over the study area to compare the importance of an independent estimates of SWC for calculation of VWC (Figure 2).



4.1. Inversion of WindSat Brightness Temperatures


The algorithm for Coriolis WindSat developed by Li et al. [37] retrieves three parameters (surface temperature, soil moisture content, and VWC) from six brightness temperatures (horizontal and vertical polarizations at 10.7, 18.7, and 37.0 GHz) (Figure 10). Sensitivity of soil moisture retrieval to VWC was estimated by varying the three parameters and calculating the six brightness temperatures using the τfp - ωfp model. Then, random noise was added to the brightness temperatures, where the random noise had a Gaussian distribution with zero mean and constant variance. The three parameters were retrieved using a maximum likelihood inversion method [37]. The difference between the input and output soil moisture, divided by the input soil moisture, was the relative error in soil moisture retrieval. This procedure was repeated about 10,000 times to determine the error of soil moisture retrieval at a given VWC (Figure 10).



With greater VWC, simulated errors in retrieved soil moisture content increase exponentially (Figure 10). At a VWC of about 4 kg m−2, soil moisture retrievals are expected to have a 10% error. The sensitivity of WindSat to soil moisture content is less than the Soil Moisture Active Passive (SMAP) and the Soil Moisture Ocean Salinity (SMOS) radiometers, because SMAP and SMOS microwave channels are at a frequency of 1.4 GHz [3]. To compensate for WindSat’s lower sensitivity, it is necessary to obtain the highest possible accuracies for vegetation optical depth from independent remote sensing sources. Then, only two parameters would need to be retrieved from the six brightness temperatures, potentially increasing retrieval accuracy.




4.2. Limits of Woodland Cover for WindSat Retrievals


From Equation 5, a stand with a mean relative tree height of 16 m would be expected to have a stem water content of 6.7 kg m−2 (Figure 11). Since the study area was about one-third woodlands, area weighted SWC would be about 2.2 kg m−2. With 100% tree cover and tree heights of only 10 m, the predicted SWC would equal 4 kg m−2, the threshold for soil moisture retrievals from WindSat (Figure 11). Regional SWC, and thus VWC, depends on the product of woodland cover and woodland height. Therefore, soil moisture retrievals from WindSat for areas with mixtures of vegetation types would be more accurate if ancillary tree height data were included with NDII and a land cover classification.




4.3. Changes of SWC and VWC over a Growing Season


Different vegetation types are usually not distributed randomly across mixed regions such as the Eastern Shore of the Chesapeake Bay (Figure 12). Over a growing season, maize has the largest increase of SWC, but the change is small compared to constant woodland SWC. The VWC of maize was low in early summer, so the VWC averaged over the Choptank River watershed was about 2.5 kg m−2 (Figure 13a). In late summer, maize VWC was at its maximum, increasing the watershed average VWC to about 3.0 kg m−2 (Figure 13b). Because VWC was close to the selected threshold of 4.0 kg m−2, using VWC as an input, rather than including it in the retrieval, would be expected to increase the accuracy for retrieved soil moisture contents.





5. Conclusions


Stem water contents are the largest unknown for retrieving soil moisture contents in mixed woodland-agricultural regions by passive microwave radiometry. For most vegetation types, SWC is allometrically related to foliar water contents, thus CWC retrieval algorithms based on NDII and a landcover classification may provide an objective means of estimating SWC, and thus VWC. We demonstrated that using the allometric relationships for the annual crops, maize and soybean, could be determined using plant-based measurements rather than plot-based measurements.



As an extension of the overall logic of plant allometry, we hypothesized that NDII would be correlated with tree height, because NDII is used to estimate CWC and tree height is used to estimate SWC. The tree height data layer was produced by SfM photogrammetric point clouds acquired at high altitude from airborne color-infrared imagery. With the data and imagery acquired for this study, we rejected this hypothesis. It was considered that the inability of the SfM algorithm to estimate tree heights caused the hypothesis to be rejected, but there was no correlation between NDII and measured tree heights. Allometric relationships used in forestry may not have the accuracy required for this type of remotely sensed data products [58].



For mixed landscapes of maize fields and woodlands, tree height is just as important as the fraction of land covered by the woodlands for accurate soil moisture retrievals. The current SMAP retrieval algorithms for soil moisture [32] use NDVI to assign an average value for SWC based on a stem factor and NDVI. But this algorithm may not be sufficient because the stem factor was based on an average height of plant functional types [31]. For each of the forest and woodland functional types, average height may have little value for predicting stand heights, and hence SWC, for a specific area. It is necessary to have another ancillary data set to estimate woodland SWC. Whereas we used photogrammetric structure-from-motion point clouds, lidar or synthetic aperture radar could be used to create global data sets for use in soil moisture retrieval algorithms [59]. Perhaps global lidar measurements from the Geoscience Laser Altimeter System [60,61] would have the necessary accuracy for woodland and forest SWC for WindSat and SMAP.
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Figure 1. Study area on the Eastern Shore of the Chesapeake Bay in Maryland, USA. The Choptank River watershed is outlined by the thick black line. The green rectangles (labeled A and B) show the locations of the WorldView-3 (WV-3) satellite and airborne image acquisitions. 
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Figure 2. Flowchart for regional simulations. Landsat 8 Operational Land Imager (OLI) data were used to calculate normalized difference infrared index (NDII), from which canopy water content (CWC) was estimated from previous research [19,20]. The land cover classification was the 2015 USDA-NASS Cropland Data Layer [44,45], which was used to determine the method for estimating stem water content. For herbaceous vegetation including crops, the algorithm is similar to the Soil Moisture Active Passive level 2 vegetation water content (VWC) data product [31,32], except that NDII is used instead of normalized difference vegetation index (NDVI). For woodland areas, stem water contents (SWC) was estimated assuming a mean canopy height of 18 m. 
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Figure 3. Changes of leaf and stem water contents for maize and soybean plants over time. Slopes (ξ) were 2.86 and 1.71, R2 were 0.906 and 0.946, and root mean square errors (RMSE) were 43.0 and 3.3 for maize and soybean, respectively. 
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Figure 4. (a) Color-infrared orthomosaic image and (b) digital surface elevation model derived from the airborne photogrammetric point cloud for box A in Figure 1. Whereas the ground surface was flat at about 20 m above sea level, the derived ground surface varied from 0 to 30 m. 
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Figure 5. (a) Color infrared orthomosaic and (b) digital surface elevation model derived from the airborne photogrammetric point cloud for box B in Figure 1. Colors of the digital surface model are the same as Figure 5b. 
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Figure 6. Comparison of relative stand heights derived from airborne photogrammetric digital surface models with measured stand heights. 
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Figure 7. (a) L8-OLI false color composite with red assigned Band 6 shortwave-infrared radiation (SWIR)-1, green assigned Band 5 near-infrared (NIR), and blue assigned Band 4 Red. (b) WV-3 false color composite with similar band assignments. Images cover box A in Figure 1. 
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Figure 8. (a) L8-OLI false color composite and (b) WV-3 false color composite for box B in Figure 1. Band assignments are the same as Figure 8. 
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Figure 9. Normalized difference infrared index (NDII) from L8-OLI and WV-3 compared to (a) measured and (b) relative woodland stand heights. The Pearson correlation coefficients were not significant. 
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Figure 10. Relative errors of WindSat soil moisture retrievals at various vegetation water contents (VWC) after adding random noise to six brightness temperatures (vertical and horizontal polarizations at frequencies of 10.7, 18.7, and 37.0 GHz [40]. Maximum potential error was specified to be under 10%, therefore VWC needs to be less than 4 kg m−2. 
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Figure 11. Stem water content as a function of stand height at 2 fractions of woodland land cover. The linear relationship was from Equation 5, which was empirically determined [50]. 
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Figure 12. The 2015 Cropland Data Layer from the USDA National Agricultural Statistics Service [44,45] for Maryland’s Eastern Shore. The red rectangles show the two locations for acquisition of WV-3 satellite images and airborne color-infrared images. 
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Figure 13. Simulated total vegetation water content (kg m−2) using L8-OLI data acquired on (a) 23 June 2015 and (b) 26 August 2015. Data were averaged over a 25-km diameter circle to simulate the spatial resolution of WindSat. The white outline shows the coastline and the yellow outline shows the boundary for the Choptank River watershed. 
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Table 1. Spectral bands for Landsat 8 Operational Land Imager and WorldView-3.
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Landsat 8 Operational Land Imager (OLI)

	
WorldView-3 (WV-3)




	
Band Name 1

	
Wavelength (nm)

	
Resolution
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Resolution






	
 [image: Remotesensing 10 00273 i001]








1 Includes band number, 2 Panchromatic (Pan), 3 Ground sample distance (GSD), 4 Resampled GSD from DigitalGlobe, 5 Near infrared (NIR), 6 Shortwave infrared (SWIR) band 1.
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