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Abstract: Despite the potential implications of a cropland canopy water content (CCWC) thematic 
product, no global remotely sensed CCWC product is currently generated. The successful launch of 
the Landsat-8 Operational Land Imager (OLI) in 2012, Sentinel-2A Multispectral Instrument (MSI) 
in 2015, followed by Sentinel-2B in 2017, make possible the opportunity for CCWC estimation at a 
spatial and temporal scale that can meet the demands of potential operational users. In this study, 
we designed and tested a novel radiative transfer model (RTM) inversion technique to combine 
multiple sources of a priori data in a look-up table (LUT) for inverting the NASA Harmonized 
Landsat Sentinel-2 (HLS) product for CCWC estimation. This study directly builds on previous 
research for testing the constraint of the leaf parameter (Ns) in PROSPECT, by applying those 
constraints in PRO4SAIL in an agricultural setting where the variability of canopy parameters are 
relatively minimal. In total, 225 independent leaf measurements were used to train the LUTs, and 
102 field data points were collected over the 2015–2017 growing seasons for validating the 
inversions. The results confirm increasing a priori information and regularization yielded the best 
performance for CCWC estimation. Despite the relatively low variable canopy conditions, the 
inclusion of Ns constraints did not improve the LUT inversion. Finally, the inversion of Sentinel-2 
data outperformed the inversion of Landsat-8 in the HLS product. The method demonstrated ability 
for HLS inversion for CCWC estimation, resulting in the first HLS-based CCWC product generated 
through RTM inversion. 

Keywords: radiative transfer inversion; harmonized Landsat sentinel product; PRO4SAIL; canopy 
water content 

 

1. Introduction 

Agricultural drought, defined as the deficiency of soil moisture required for proper plant growth 
resulting in plant stress and yield reduction [1], is primarily monitored using agricultural drought 
indices [2]. Along with temperature, precipitation, and soil moisture content, vegetation (cropland) 
canopy water content (CCWC) is a known key parameter for monitoring agricultural drought due to 
its close relation to vegetation stress, biomass productivity, and nutrient transportation [3–5]. 
Although agricultural drought monitoring is important throughout the entire growing season [1], it 
is especially critical during growth periods where water shortages could result in significant loss of 
yield [6,7]. In irrigation-fed agricultural regions, CCWC is critical information for implementing 
flexible precision irrigation practices [4,8]. This is increasingly relevant, as growers seek to improve 
efficiency through the adoption of advanced irrigation technologies, which rely on precise, 
geographically distributed monitoring of water in- and out-flows from farm to basin scale [9]. The 
spaceborne remote sensing of CCWC eliminates the need for expensive, labor intensive field 



Remote Sens. 2020, 12, 2803 2 of 28 

 

measurements, and minimizes uncertainties caused by within-field variations in soil type and 
microtopography [10,11]. Further development of remote sensing methods for CCWC assessment, is 
therefore of paramount importance. 

Remote sensing techniques for the estimation of CCWC have been proposed relying on thermal, 
microwave, and optical data [4,12,13]. The detection of apparent thermal inertia through remote 
sensing by measuring surface albedo and the diurnal temperature range has been observed to have 
a proportional relationship with water content [14,15], although these methods perform poorly in 
heavily vegetated regions [16]. Microwave remote sensing methods for land surface water detection 
[17–19] show promising results for the detection of water content in agricultural drought monitoring 
applications [20,21], albeit lacking the combined temporal and spatial resolution required for 
operational agricultural applications [1]. The use of optical data relies primarily on the strong water 
absorption features in the 700–2500 nm spectral range. The increasing availability of moderate 
resolution (10–30 m) optical data, the development of data assimilation techniques for filling data 
gaps and decreasing space-borne product uncertainty [22,23], open the possibility of developing 
CCWC thematic products to meet the needs of operational users [24–26]. 

Optical-based estimation of water content typically involve empirical methods, relying on 
statistical relationships between field measured CCWC and water sensitive spectral indices [27–29]. 
The normalized difference water index (NDWI) [30] has been found to be one of the most robust 
indices for detecting variations in vegetation water content and biomass [31]. A major limitation of 
these approaches is the fact that the relationship between CCWC and spectral indices is highly 
dependent upon field sampling methods, imagery preprocessing quality, and on the choice of the 
statistical model used [32–34]. Transferability of empirical methods, required for systematic large-
scale application, is further limited due to region-specific variations in vegetation species, canopy 
properties, and soil properties [35–37]. 

The inversion of radiative transfer models (RTM) provides a physically-based alternative to the 
empirical methods. RTMs can potentially be transferred among different regions, since they explicitly 
model the interaction between electromagnetic energy and vegetation biophysical components; 
thereby, limiting the uncertainty caused from variations in surface properties [38–40]. The PROSAIL 
coupled RTM [41], is an extensively used model [42–44] which generates top-of-canopy bidirectional 
reflectance and is known for representing homogenous landscapes well [36]. PROSAIL is the result 
of combining the leaf Propriétés Spectrales model (PROSPECT) and the Scattering by Arbitrarily 
Inclined Leaves model (SAIL), where the output of PROSPECT is used as an input in SAIL (Figure 
1). 

 
Figure 1. Conceptual diagram of PRO4SAIL forward use. The input parameters are listed in the light 
green boxes with the respective units. The leaf biophysical acronyms definitions: internal leaf 
structure (Ns), dry matter content (Cm), water content (Cw), chlorophyll content (Ccab), and carotenoid 
content (Ccar). PROSPECT produces leaf reflectance (ρ) and transmittance (τ) which are used as inputs 
in SAIL, along with the SAIL canopy architectural inputs: leaf area index (LAI), a soil reflectance scale 
parameter (αsoil), average leaf angle (ALA), fraction of diffuse incoming solar radiation (skyl), sun 
zenith angle (θs), sensor viewing angle (θv), relative azimuth angle between the sensor and sun (φ), 
and the hot-spot size parameter (HotS) to produce an estimated bidirectional surface reflectance 
(surface ρ). 



Remote Sens. 2020, 12, 2803 3 of 28 

 

The PROSPECT model, which simulates hemispherical reflectance and transmittance between 400–
2500 nm of a leaf [45], is based on the plate theory model [46] where a leaf can be conceptualized as one 
or multiple compact absorbing plates. The model calculates the radiative transfer of energy at the surface 
and inside the leaf with two classes of user input variables: 1) the leaf structure parameter (Ns) which is 
the number of homogenous layers (or plates) specifying the number of cell wall interfaces within the plant 
leaf mesophyll and 2) the biochemical components of the leaf: the properties which the absorption 
coefficient of each plate is derived. Several versions of the model have been published since first 
introduced in 1990 [45,47–49]; the most recent improvements with the release of PROSPECT-5 [50] and 
PROSPECT-D [51], which separates total carotenoids and anthocyanins from total pigment content, 
respectively. The input parameters to PROSPECT-5 are leaf structure parameter Ns (unitless), leaf 
chlorophyll a + b concentration Ccab (µg cm-2), carotenoid concentration Ccar (µg cm-2), equivalent water 
thickness Cw (g cm-2), and dry matter content Cm (g cm-2). 

SAIL is a one-dimensional RTM which simulates canopy bidirectional reflectance as a function 
of leaf reflectance and transmittance, soil reflectance, canopy architectural properties, and 
illumination/viewing geometries [52]. SAIL considers the canopy as a horizontal, turbid medium 
made up of randomly distributed leaves; where the azimuth angle of the leaves is assumed to be 
randomly distributed, and their zenith angle characterized by a mean leaf inclination input. Like 
PROSPECT, SAIL has been numerically optimized resulting in the 4SAIL model [53]. The input 
parameters to 4SAIL are leaf reflectance and transmittance, leaf area index (LAI) (m2 m-2), canopy 
background reflectance, (i.e., soil reflectance scale parameter), leaf angle distribution from average 
leaf angle ALA (unitless) [54], fraction of diffuse incoming solar radiation skly (unitless), sun zenith 
angle θs (deg), sensor viewing angle θv (deg), relative azimuth angle between the sensor and sun φ 
(deg), and the hot-spot size parameter HotS (m m-1) [55]. 

PRO4SAIL inversion is performed by using known values of surface reflectance (i.e., the satellite 
observations) to estimate the values of the unknown leaf biochemical parameters and/or canopy 
structural parameters. PRO4SAIL inversion for estimating CCWC (calculated as the product of Cw 
and LAI) is most commonly utilized in agricultural [7,56] and fire danger assessment applications 
[34,57,58]. The systematic generation of agricultural monitoring thematic products derived from RTM 
inversion, however, has been limited in the past both by the ill-posed nature of the inversion problem 
[59–61] and by the lack of optical space-borne instruments with spatial, temporal, and spectral 
resolution adequate to meet the needs of operational agricultural monitoring [62,63]. 

Inversion problems are ill-posed as more than one solution typically exists [59,60], primarily due 
to the number of unknown variables exceeding the number of observed variables [64]. Specifically, 
model parameters which influence the same spectral region contribute to this uncertainty, causing 
more than one combination of parameters to produce very similar spectral outputs [65]. In the case 
of Cw retrieval in PROSPECT inversion, Ceccato, et al. [66] demonstrated the coupled influence of Cm 
and Ns with Cw in the SWIR region; thereby, illustrating that the observed SWIR reflectance alone 
does not provide sufficient information to invert the model and estimate Cw. PRO4SAIL inversion 
solving is further complicated by the fact that SAIL introduces additional parameters to model the 
top-of-canopy reflectance (Figure 1). 

Various strategies have been proposed and implemented to constrain the number of viable 
solutions; thereby, alleviating the ill-posed nature of the inversion. Spatial constraints have been 
applied by splitting the inversion problem into separate landcover sub-domains [67–69]. Temporal 
constraints have also been utilized when a time series of images are available [39,70], and have 
demonstrated to improve inversion performance by constraining parameter variability through 
accounting of image acquisition periods [71]. Finally, statistical constraints, which consider typical 
parameter ranges and distributions [40,72], as well as their intercorrelations [73,74], have been 
utilized to lower inversion uncertainty through the collection of a priori information [60]. 

The Ns parameter in PROSPECT has been identified as a primary source of uncertainty in 
estimating leaf reflectance and transmittance [66] as it is the only parameter that cannot be directly 
measured, or easily correlated to other measurable parameters [66,75], yet little has been done to 
constrain the parameter in PRO4SAIL inverse problems for a few reasons. First, constraining the Ns 
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parameter would likely prove to be fruitless in areas where species composition and canopy 
architectures are diverse since the distribution of leaf-level Ns within the canopy would likely be 
highly variable. Second, overall PRO4SAIL top-of-canopy reflectance has been demonstrated to be 
less sensitive to variations of Ns as compared to LAI, ALA, and the soil reflectance parameter [36]. 
Because croplands have a relatively homogenous species composition and canopy architecture, 
however, the range of possible LAI and ALA values is narrower than in natural vegetation; thereby, 
limiting their overall impact on the model output. Similarly, other characteristics of croplands may 
translate into limited sensitivity to LAI in PRO4SAIL. Most notably, there is some saturation, 
especially in the near infrared (NIR) and short wave infrared (SWIR) spectral regions, for LAI greater 
than two [76], which is not uncommon in croplands. Further relevant for the inversion of PRO4SAIL 
in croplands, is the fact that in dense vegetation (i.e., LAI greater than two) the background 
reflectance from soil is completely masked [77]. 

In addition to the specific model inversion issues, agricultural monitoring through remote 
sensing requires the availability of data acquired with adequate spatial and temporal resolution [78–
82]. Because of the rapid changes in plants during the growing season, coarse spatial resolution 
instruments with daily or near-daily temporal resolution, such as the moderate resolution imaging 
spectroradiometer (MODIS) or the medium resolution imaging spectrometer (MERIS), were until 
recently the only potential data source for operational crop monitoring, even though their spatial 
resolution, much coarser than the average field size in most countries, was a severe limitation to their 
practical use [62,83]. Similarly, the potential for operational agricultural applications of the ocean and 
land colour instrument (OLCI) onboard Sentinel-3, designed as the successor to MERIS, is limited by 
the coarse spatial resolution. 

The successful launch of the Landsat 8 Operational Land Imager (OLI) in 2012, Sentinel 2A 
multispectral instrument (MSI) in 2015, Sentinel 2B MSI in 2017, and the systematic acquisition 
schedule and free data distribution policy of both missions create unprecedented opportunities for 
meeting the demands of agricultural monitoring, especially when assimilated with other remote 
sensing products. The newly available NASA Harmonized Landsat-Sentinel (HLS) product is the 
combination of both data sets through atmospheric, radiometric, and geometric corrections [84,85], 
and has the advantage of frequent revisits (2–3 days over the entire globe) [86] while maintaining a 
spatial resolution (30 m resolution), both of which are necessary for capturing short-term 
environmental conditions. Thanks also to constantly increasing computing power, these new data 
sources make it possible to envision moderate resolution operational agricultural monitoring systems 
[87], placing a greater emphasis on the development of methods and algorithms for the systematic 
generation of physically-based remotely sensed thematic products. 

In this study, we propose and test a methodology for the generation of a multi-temporal CCWC 
product from the time series of Landsat-8 and Sentinel-2 HLS reflectances, through look-up table 
(LUT) inversion of PRO4SAIL. The uncertainty of the CCWC retrievals is reduced by constraining 
the possible values of PRO4SAIL parameters combining spatial, temporal, and statistical ancillary 
and a priori information, including crop types from the USDA Crop Data Layer (CDL) product, LAI 
from the MODIS MCD15A2 product, and crop-specific ranges of Ns, Cw, and Cm values from field 
measurements [88]. In order to establish a baseline for the assessing the performance of the proposed 
methodology (henceforth, "Strategy 3"), two alternative inversion strategies were also considered: a 
minimally constrained inversion, where no crop-specific information is used and the possible range 
of all parameters is derived from literature (henceforth, "Strategy 1"), and a partially constrained 
inversion, where values of Ns values from [88] are used (henceforth, "Strategy 2"). This paper 
therefore also assesses whether the use of Ns values stratified by phenology (early, mid, and late 
season) and crop type (monocotyledon and dicotyledon) improves the inversion of CCWC in 
croplands.  

The results are validated by comparing the estimated CCWC with a new, extensive set of field 
measurements acquired over three growing seasons. The validation data are more representative of 
the complete phenological cycle of multiple crops species than those used in previous PRO4SAIL 
inversion validation studies. The results and implications for systematic CCWC retrieval using the 
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HLS-product are presented and discussed, including the future directions for CCWC HLS-product 
incorporation into the existing agricultural monitoring framework. 

2. Materials and Methods  

2.1. Data 

2.1.1. Study Area 

The study area, covering an extent of 8 km x 8 km, is located south of Genesee (Idaho) in the 
Palouse Prairie bioregion of the Western United States (Figure 2). The bioregion covers a large area 
(~16,000 km2) in southeastern Washington, west central Idaho, and northeastern Oregon, and is 
characterized by a series of loess-covered basalt tablelands with moderate to high relief ranging in 
altitude from 370 to 1800 m [89]. The study region is agriculturally productive, with wheat yields 
occasionally exceeding 7000 kg ha-1 [90]. The climate is characterized by hot, dry summers followed 
by wet and relatively warm winters: typically, between 60% and 70% of the annual precipitation 
occurring between November and April [91]. Once a widespread prairie composed of perennial 
grasses such as Blue bunch wheatgrass (Pseudoroegneria spicata) and Idaho fescue (Festuca idahoensis), 
today it is virtually entirely converted to croplands. Three full growing seasons (2015–2017) are 
considered in the study. 

 
Figure 2. Location of the Palouse bioregion within the conterminous United States (top left) and 
location 8 km by 8 km study area within the Palouse bioregion (bottom left). Biophysical and top of 
canopy spectral data were collected from plots located in wheat, barley, and garbanzo fields (right). 
Sentinel-2 HLS product reflectances during early phenological stages for wheat, garbanzo, and barley 
on 2 May 2016, with crop mask, are used to provide geographic context and displayed as false color 
composition: R = SWIR 1.6 (1.57–1.65 µm), G = NIR (0.85–0.88 µm), and B = Blue (0.45–0.51 µm). 

2.1.2. Remotely Sensed Data and Ancillary Products 

Harmonized Landsat Sentinel Surface Reflectance Data 

The Harmonized Landsat Sentinel product (HLS) consists of surface reflectances from the 
Landsat-8 Operational Land Imager (OLI) and Sentinel-2 Multispectral Instrument (MSI) virtual 
constellation of moderate resolution satellite systems. The most recent HLS version 1.4 product was 
used as input data for the PRO4SAIL inversion. The "harmonization" of Landsat-8 and Sentinel-2 
occurs through a set of algorithms which involves re-gridding the data to a common 30 m 
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georeferenced grid, atmospheric correction, bidirectional reflectance distribution function (BRDF) 
correction and normalization to nadir viewing geometry, and spectral bandpass adjustment [84]. 

The images were accessed through the NASA Harmonized Landsat Sentinel-2 FTP (accessed 
via: hls.gsfc.nasa.gov). The spectral bands included in the HLS product are presented in Table 1. 

Table 1. Harmonized Landsat Sentinel (HLS) product spectral bands. Table was adapted from [85]. 

Band name OLI Band Number MSI Band Number Wavelength (µm) 
Coastal Aerosol 1 1 0.43–0.45 

Blue 2 2 0.45–0.51 
Green 3 3 0.53–0.59 
Red 4 4 0.64–0.67 

Red-Edge1 - 5 0.69–0.71 
Red-Edge 2 - 6 0.73–0.75 
Red-Edge 3 - 7 0.77–0.79 
NIR Narrow 5 8A 0.85–0.88 
NIR Broad - 8 0.78–0.88 

SWIR 1 6 11 1.57–1.65 
SWIR 2 7 12 2.11–2.29 

Water vapor - 9 0.93–0.95 
Cirrus 9 10 1.36–1.38 

Thermal Infrared 1 10 - 10.60–11.19 
QA       

The HLS product is distributed in the Sentinel-2 tiling geometry; the 8 km by 8 km study area is 
located within the 11TNM HLS tile. Every available HLS product for the study area was acquired for 
2015–2017. 

PRO4SAIL Illumination and Viewing Geometry Parameters 

PRO4SAIL requires illumination and viewing parameters (Figure 1), that were extracted from 
the HLS metadata of each image. The Sun zenith angle (θs), provided in the HLS metadata for the 
center of the tile [92], was kept constant throughout the study area; this is a reasonable approximation 
given the negligible variation of θs in a tile. The viewing zenith angle (θv) was set to 90˚, because the 
HLS product is normalized to nadiral conditions. Because azimuthal geometry is inconsequential on 
BRDF for a nadir viewing angle [93], the sun-sensor azimuth parameter (φ) was set to a fixed value 
of 0. Previous analysis has established that the hotspot is always located outside the Landsat-8 and 
Sentinel-2 swath for overpasses at the latitude of the study region [92,94]. Because our plots were 
located well outside of the hotspot configuration, and in the interest of limiting free parameters in 
the inversion, the model was applied by assuming non-hotspot conditions. In this study we used the 
default value of fraction of diffuse incoming solar radiation (skyl) recommended in PRO4SAIL, 
namely the value proposed by François, et al. [95]. 

MCD15A2H LAI Product 

The Collection 6 MODIS MCD15A2H LAI 8-day composite product at 500-m resolution [96] was 
used for to constrain the range of LAI values for the LUT generation. The MCD15A2H product is 
derived exploiting the MODIS red (648 nm) and near-infrared (858 nm) bands using a LUT-based 
procedure which is generated with a three-dimensional radiation transfer equation [97]. The product 
is generated daily at 500 m spatial resolution and composited using the most suitable pixels available 
within the 8-day acquisition periods of both MODIS sensors, Terra, and Aqua. All MCD15A2H LAI 
products for tile h09v04 that encompasses the study area were downloaded for the 2015–2017 
growing seasons. 
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Cropland Data Layer (CDL) Product 

The United States Department of Agriculture (USDA) National Agricultural Statistics Service 
(NASS) geospatial Cropland Data Layer (CDL) product is a 30 m resolution, geo-referenced, crop-
specific landcover classification layer which is annually updated and publicly available. CDL 
production is performed using decision tree supervised classification of satellite imagery, including 
Landsat-8 and Disaster Monitoring Constellation satellite data, for all 48 conterminous states. The 
thematic landcover map includes over 110 different crop categories with mapping accuracies for 
major crops in large production states ranging from 85% to 95% [98]. The CDL product and crop 
mask is distributed through the NASS online CropScape tool for 2015–2017 [99]. 

2.1.3. Field Sampling Dataset 

Leaf-level Parameters 

An extensive experimental data collection was conducted to acquire leaf measurements [88] 
used for constraining Ns, Cw, and Cm. Detailed information about the controlled experiment and 
sampling relevant to Ns is reported in Boren, et al. [88]. The sampling methodology for Cw and Cm is 
summarized in this section. 

Four crop species were grown at the University of Idaho Pitkin’s forest research nursery during 
the summers of 2015 and 2016: three monocotyledons (hard red wheat, Triticum durum Desf., soft 
white wheat Triticum aestivum L., and upland rice, Oryza sativa L.) and one dicotyledon (soy, Glycine 
max L.). Leaf area, fresh weight, and dry weight measurements were taken at the same frequency of 
spectral measurements and from the same samples in Boren, et al. [88]. The leaf area measurement 
protocol was adapted from [100], scanning all the leaves of the sample with a flatbed scanner (Epson 
4490 Photo Scanner) to measure the total leaf area [cm2]. The total fresh weight (g) of all the leaves 
was measured immediately after measuring the leaf area, and the total dry weight (g) was measured 
after drying at 60 ºC for 48 h. Cw (g cm-2) for each leaf sample was measured using Equation (1), and 
Cm (g cm-2) was measured using Equation (2), 𝐶  =  𝐹𝑊 − 𝐷𝑊𝐿𝐴 , (1) 

𝐶  =  𝐷𝑊𝐿𝐴 , (2) 

where FW (g) and DW (g) are the average fresh and dry weights of the leaves, and LA (cm2) is the 
corresponding plot average leaf area. The distributions of Cw and Cm from the leaf measurements are 
presented in Figure 3. 

 
 

Figure 3. Histogram of Cw (a) and Cm (b), measured on 225 leaf samples grown in controlled 
conditions. 

  

(a) (b) 
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LAI and Leaf Water Content 

Field measurements of LAI and Cw were collected on a number of 30 m × 30 m plots, over the 
course of three years (2015 to 2017) during the entire crop season of the study area (April–September); 
thus, ensuring that the dataset captures the full range of water content and phenological stages of the 
vegetation. Samples were collected from crops which were aggregated into three crop type groups: 
dicotyledon (Garbanzo fields), spring monocotyledon (Barley), and winter monocotyledon (Winter 
Wheat).  

Each plot corresponds to a single 30 m × 30 m pixel in the HLS product grid; all field 
measurements were conducted on Landsat-8 and Sentinel-2A overpass days, within 1 h of the 
overpass time. Because the study area is located in the overlap region of neighboring Landsat-8 and 
Sentinel-2A paths, up to two Landsat-8 acquisitions were available every 16 days (every 7 and 9 days) 
and two Sentinel-2A acquisitions every 10 days. 

To ensure that field measurements could be meaningfully compared to remotely sensed data, 
the site sampling followed a "scaled up" approach adapted from the sampling methods used in the 
VALERI field campaigns [101]. For each plot, 17 sample locations were established along the 
perimeter and on two transects, as illustrated in Figure 4. 

 

Figure 4. Sampling scheme. Measurements were acquired at 17 locations (black dots) within the 30m 
× 30m plot. 

At each sample location, LAI was estimated, and fresh leaf material was destructively extracted; 
for wheat and barley, one stem was removed, while for garbanzo, one average leaf was extracted 
from the top of the plant. Leaf quality, size, and health were considered when selecting for an average 
leaf. After extraction, leaf material was bagged, and put in a cooler for further processing in the lab.  

The PocketLAI® smartphone app was used for the estimation of LAI. A Samsung Galaxy Rugby 
Pro™ 5-megapixel camera was used for image collection below the canopy at each sampling location; 
LAI was estimated from the images using the 57.5˚ gap fraction algorithm [102].  

Upon returning to the lab, garbanzo leaves were scanned using a leaf scan protocol adapted 
from Fladung and Ritter [100] to calculate the average leaf area. Wheat and barley average leaf area 
was determined instead by dividing LAI by the plant population density (# plants m-2) using the 
density information provided by the grower. The fresh leaf weight was recorded and divided by the 
number of samples for an average fresh leaf weight. Leaves were dried in an oven at 60 ˚C for 48 h 
and weighed again to determine average dry leaf weight. Average plot Cw was calculated using 
Equation (1). CCWC was calculated using CCWC = 𝐶  x LAI (3) 

where Cw is leaf water content calculated from (1) and LAI (m2 m-2) is leaf area index. The units for 

CCWC are (g m-2).  
Field plot data points corresponding to missing, poor quality or cloudy HLS acquisitions were 

discarded using the HLS data quality assessment (QA) band [85] and excluded from further analysis. 
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Observations with low, average, and high aerosol quality were retained, while observations labeled 
as cloud shadow, adjacent cloud, cloud, or cirrus were rejected. A summary of the field sampling 
plots is presented in Tables 2 and 3. In total, 102 CCWC field data points were retained. 

Table 2.  Summary table of field sampling plots for each year. 

Year Plot Crop 
Number of Field 
Measurements 

20
15

 
A Barley 4 
B Barley 3 
C Barley 4 
D Barley 4 
E Garbanzo 3 

20
16

 

A Winter Wheat 13 
B Winter Wheat 12 
C Barley 8 
D Garbanzo 11 
E Garbanzo 11 

20
17

 

A Barley 5 
B Winter Wheat 6 
C Winter Wheat 6 
D Garbanzo 6 
E Garbanzo 6 

Table 3. Summary table of field sampling plots for each year, crop type, and sensor overpass. 

  Total Dicot 
Mono. 
Winter 

Mono. 
Spring 

L8 
observations 

S2 
observations 

L8 S2 

2015 18 3 0 15 18 0 5 0 
2016 55 22 25 8 33 22 12 7 
2017 29 12 12 5 15 14 3 4 

Total 102 37 37 28 66 36 20 11 

2.2. Methods 

An integrated (spatial, temporal, and statistical) PRO4SAIL inversion strategy workflow was 
designed and implemented using HLS reflectances as the primary input, and the accuracy of the 
resulting CCWC product was validated using the CCWC field reference dataset. A conceptual 
diagram, which illustrates the processing flow of the integrated strategy, is presented in Figure 5. 

The inversion is performed adopting a LUT approach, which is conceptually simple and widely 
used in RTM inversion [38,65,103]. In the first step, a comprehensive database of possible values of 
the input variables is compiled, based on a priori information, and the model is run in forward mode 
to generate corresponding modeled reflectance values (i.e., the look-up table). The inversion is then 
performed by minimizing the difference between the observed and modeled reflectance using a cost 
function, then retrieving the corresponding value of the biophysical parameters from the table. 

To determine the effectiveness of the proposed integrated LUT inversion strategy, two other 
LUT generation strategies were carried out and analyzed. The various strategies are outlined in detail 
in Section 2.2.1. Details about the spectral pre-processing and inversion cost-function is presented in 
Section 2.2.2. Finally, the metrics of success for validation of the various strategies are presented in 
Section 2.2.3. 

While the individual components of the constraining and inversion strategies used in this paper 
have been used in previous studies, this is the first study to comprehensively compare them on the 
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same dataset, and the first study to perform CCWC inversion using HLS data. Furthermore, this 
study directly builds on the results of Boren, et al. [88], evaluating the effectiveness of constraining 
LUT inversion of field-level parameters by stratifying Ns as a function of crop type and phenology. 

 
Figure 5. Conceptual diagram of PRO4SAIL inversion optimization using a priori information and 
HLS product. Input datasets are presented in the blue ovals while processing steps and intermediate 
data are presented in the green and white rectangles, respectively. Finally, the final cropland canopy 
water content (CCWC) output is presented in the yellow diamond. 

2.2.1. LUT Generation 

In this study, a LUT size of 100,000 was selected as a compromise between computing resource 
requirement and inversion accuracy [65]. Probability distributions were used to generate a range of 
parameter values for running the coupled model in the forward mode, using three strategies that 
increasingly incorporate a priori knowledge and ancillary datasets to constrain the possible values of 
the parameters. The three strategies, including the key elements of constraint, are summarized in 
subsections 1, 2, and 3, respectively. All the relevant parameter value constraints for each strategy is 
presenting in Table 4. Additional relevant information related to constraints of strategy 2 and strategy 
3 are presented in Tables 5 and 6.  

For each realization of the set of input parameters, the PRO4SAIL model was run in forward 
mode, resulting in simulated spectral reflectances. The coastal aerosol, water vapor, and cirrus HLS 
bands were excluded from LUT generation and inversion because they do not contain relevant 
spectral information for the retrieval of CCWC. 

Table 4. Parameterization of the PRO4SAIL radiative transfer model. The distributions used during 
LUT generation for each parameter are listed along with fixed values. The asterisk indicates that water 
thickness and dry matter content log-gaussian distributions in Strategy 3 were generated using a 
covariance matrix to simulate the correlation between water thickness and dry matter content. The 
covariances are presented in Table 5. 

  Strategy 1 Strategy 2 Strategy 3 

Model Parameters Symbol Units Parameter values 

Leaf Parameters 

PROSPECT-5 
          

Leaf chlorophyll 

content 
Ccab µg cm-2 

Gaussian µ = 32.81, σ = 

18.87 

Gaussian µ = 32.81, 

σ = 18.87 

Gaussian µ = 32.81, 

σ = 18.87 

Leaf carotenoid 

content 
Ccar µg cm-2 

Gaussian µ = 8.51,  

σ = 3.92 

Gaussian µ = 8.51,  

σ = 3.92 

Gaussian µ = 8.51, 

 σ = 3.92 
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Water thickness Cw g cm-2 
Gaussian µ = 0.027, σ = 

0.018 

Gaussian µ = 0.027, 

σ = 0.018 

Log-Gaussian* 

µ = 0.027, σ = 0.018 

Dry matter content Cm g cm-2 
Gaussian µ = 0.013, σ = 

0.01 

Gaussian µ = 0.013, 

σ = 0.01 

Log-Gaussian* 

µ = 0.013, σ = 0.01 

Leaf structure 

index 
Ns - Uniform: 1.0–4.0 

Uniform: plant 

type and 

phenological stage 

dependent (Table 

6) 

Gaussian: plant type 

and phenological 

stage dependent 

(Table 6) 

Canopy variables 

4SAIL 
         

Leaf area index LAI m2 m-2 Uniform: 0.0–8.0 Uniform: 0.0–8.0 
Gaussian: plant type 

and date dependent 

Average leaf angle ALA degree Uniform: 30–70 Uniform: 30–70 

Plant type 

dependent: 

Erectophile and 

Uniform 

Soil coefficient αsoil unitless Uniform: 0–1 Uniform: 0–1 Uniform: 0.3 – 0.7 

Table 5. Covariance matrix of Cw and Cm parameters used for LUT generation in strategy 3. 

 Cw Cm 
Cw 3.2 x 10-4 1.5 x 10-4 
Cm 1.5 x 10-4 1.0 x 10-4 

Table 6. Parameterization of the Ns parameter in PRO4SAIL. Values in the strategy 2 column were 
used as the minimum and maximum range bounds for generating uniform Ns values while the values 
in strategy 3 were used as the mean and standard deviation values for generating gaussian Ns values. 
Values based on Table 2 results in Boren, et al. [88]. 

  Strategy 2 Strategy 3 
Phenological 

stage 
Monocotyledon Dicotyledon Monocotyledon Dicotyledon 

Early 1.0–1.5 2.0–2.5 µ = 1.35, σ = 0.28 µ = 2.15, σ = 0.27 
Mid 1.5–2.0 2.0–2.5 µ = 1.5, σ = 0.23 µ = 1.96, σ = 0.25 
Late 1.5–2.0 2.0–2.5 µ = 1.66, σ = 0.25 µ = 2.15, σ = 0.27 

Strategy 1: Single LUT from nominal range of the parameters 

A single LUT, of a size of 100,000, with gaussian distributions of inputs for leaf-level Ccab, Ccar, 
Cw, and Cm was generated for strategy 1. The probability distributions of the pigment parameters, Ccab 
and Ccar, were characterized using basic statistics retrieved from 17 independent leaf datasets, which 
contain biophysical information from a large range of species, growing conditions, and 
developmental stages [73]. The gaussian probability distributions of Cw and Cm were generated using 
the leaf measurements described in Section 2.1.3. ALA was minimally constrained using nominal a 
priori knowledge for the study region and plants. Ns values were generated in a uniform distribution 
using a previously characterized reasonable range between 1.0 and 4.0 [66]. 
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In PRO4SAIL, the soil reflectance for 4SAIL is governed by a user input soil coefficient (value 
between 0 and 1) which scales two archived soil reflectance endmember signatures (400–2500 nm), 
dry and wet soil, in a linear mixture model, ρsoil(λ) = αsoil x ρsoil (λ) + (1 − αsoil ) x ρsoil (λ) (4) 

where ρsoil is the soil reflectance at wavelength λ, αsoil is the user input soil coefficient, ρsoildry and 
ρsoilwet is the reflectance of dry and wet soil, respectively. In this study, the wet and dry soil 
endmember spectral data provided with the model was used (accessed via: 
teledetection.ipgp.jussieu.fr). 

Strategy 2: Phenology–specific LUTs with constrained Ns 

The second strategy uses the same probability distribution of Ccab, Ccar, Cw, Cm, ALA, and αsoil as 
strategy 1 but uses crop type and phenological stage dependent values for the Ns parameter. Since it 
is known that the Ns parameter varies with species and phenology [48,88], strategy 2 is designed to 
assess the effectiveness of constraining the Ns parameter based on crop species and phenological 
class. The Ns parameter was constrained by using the values, stratified by crop type and phenological 
stage, presented in Boren, et al. [88]. Three separate LUTs, with 100,000 realizations each, were 
generated, based on the observed range of the Ns parameter (Table 6): one LUT for monocotyledons 
in the early development stage (Ns between 1.0 and 1.5), one for monocotyledons in the mid and late 
development stages (Ns between 1.5 and 2.0), and one for dicotyledons in all stages (Ns between 2.0 
and 2.5). 

To spatially stratify the study area for constraining the inversion based on crop type, the USDA 
CDL landcover classes were aggregated into the three crop type classes (spring monocotyledon, 
winter monocotyledon, and dicotyledon) for each year to create a cropland landcover thematic map. 
The cropland landcover map was used to assign each pixel a class which was used to identify the 
appropriate LUT for inversion. The USDA CDL landcover layer was determined to be an accurate 
layer for spatial segmentation of the study area based on observations made in the field between 2015 
and 2017. 

The study periods were segmented using normalized difference vegetation index (NDVI) 
calculated from the HLS product and the 50% threshold method [104] adapted from Rojas, et al. [105] 
to temporally aggregate days of the study period into phenological stages for each crop type. The 
NDVI [106] was calculated using the HLS surface reflectance values extracted for each overpass and 
field plot location as NDVI = ρNIR − ρRedρNIR + ρRed (5) 

where ρNIR is the near-infrared band 5 and 8A for Landsat-8 and Sentinel-2, respectively, and ρRed 
is the red band 4 for both Landsat-8 and Sentinel-2. 

For each plot pixel, the maximum and preceding minimum NDVI values were identified to 
determine the start-of-season (SOS) and end-of-season (EOS). SOS is the moment when NDVI 
reached the average between maximum and minimum NDVI for the year. EOS was identified as the 
moment when NDVI returns to the average between maximum and minimum. The growing season 
period, defined as the time between SOS and EOS, was subsequently divided into three phenological 
classes for each crop type using knowledge of the local growing season: early, mid, and late, 
corresponding to vegetative development, flowering, and yield formation and ripening, respectively. 
SOS generally coincided with the onset of the early phenological class for all pixels. The mid 
phenological class was determined using observations made in the field during measurements. The 
remaining days before EOS were classified as the late phenological class (Figure 6). 
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(a) (b) 

Figure 6. Temporal profile of normalized difference vegetation index (NDVI) for a garbanzo plot (a) 
and winter wheat plot (b) from 2016. The red dashed line indicates the average between maximum 
and minimum NDVI observed for each plot during 2016. The value is indicated in the plot. NDVI 
values are from pixels which passed the QA filter described in Section 2.2. 

The plots were aggregated into crop types. An average NDVI threshold was calculated for each 
crop type using the pixels of each plot. The averaged NDVI thresholds were then applied to all pixels 
in an image for each crop type. Each pixel was assigned a phenological period depending on the crop 
type landcover class. This step was repeated for each year. 

Strategy 3: Crop and time-dependent LUTs with constrained Ns, LAI, and ALA  

The third strategy adopts an integrated LUT generation approach where ancillary information 
and a priori knowledge is used for constraining LAI and ALA. 

The field boundaries and crop information from the CDL were combined with the MCD15A2H 
product to generate LAI probability distributions, for each crop and 8-day period. The MCD15A2H 
product, with the minimum time difference to the HLS overpass used in the inversion, was 
resampled, using B-spline interpolation, to a 30 m spatial resolution, and was used to extract LAI 
statistics for each CDL field boundary area within the entire HLS scene (Figure 7). 
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Figure 7. Extraction of LAI pdf for each crop type (upper right), obtained by combining the resampled 
MCD15A2H product from June 1st, 2016 (lower left) and the aggregated CDL product from 2016 
(lower right). The resampled MCD15A2H was masked to exclude any area not been identified as 
cropland by the USDA CDL product. 

The CDL map was also used to inform the selection of reference ALA values. The SAIL presets 
for erectophile leaf distribution was used for the inversion of monocotyledon crops, and the uniform 
leaf distribution was used for pixels classified as dicotyledon. 

Multivariate log-gaussian distributions were used for Cw, and Cm based on the data collection 
presented in Section 2.1.3 (Tables 4 and 5). The leaf measurements from Boren, et al. [88] were used 
to further constrain the Ns parameter based on estimated Ns for different crop types and phenological 
stages; generating different gaussian probability distributions for monocotyledon and dicotyledon 
plants at various growth stages are listed in Table 6. The soil parameter was constrained to the 0.3 to 
0.7 range, to reflect realistic canopy closure conditions for the study area. 

2.2.2. Spectral Pre-processing and LUT Inversion 

After the LUTs were generated by forward model computation, reflectance spectra were 
converted to Landsat-8 and Sentinel-2 band reflectance as an integral product of the spectra with each 
Landsat-8 [107] and Sentinel-2 [108] band spectral response functions. As per the HLS product [84], 
spectral band pass adjustments were made to the Sentinel-2 bands to reflect the HLS Sentinel product 
more closely. 

Finding the solution for LUT inversion consists of selecting the reflectance realization, the 
difference of which from measured reflectance is minimal and identifying the corresponding set of 
input variables. The choice of a cost function is critical when running an inversion problem, since it 
may dictate the quality of the inversion given the unknown distribution of errors and nonlinearity 
on the model [44,109]. In accordance with the results of the comparison of cost functions presented 
in Rivera, et al. [44], the absolute error cost function was used in the present study, defined as: 

D(P, Q) =  |p(λ ) − q(λ )| (6) 

where D(P,Q) is the distance between the satellite observed reflectances (P) and LUT reflectances 
(Q), p(λi) is the satellite observed surface reflectance and q(λi) is the LUT retrieved surface reflectance 
at wavelength λi, and n is the number of available spectral bands. 

For strategies 1 and 2, the inversion was performed by selecting the spectral realization which 
had the lowest absolute difference compared to the measured spectra across all bands of interest. The 
inversion of the strategy 3 LUT instead used spectra normalization. 

Spectra normalization has shown to improve performances of inverse problem solving by 
compressing dataset; thereby, increasing the probability of matching observed and simulated spectra 
[44]. This is especially useful in spectral regions where variation is narrow, such as the visible region 
with Ccab [44]. To our knowledge, normalization has not been applied to solve LUT inversion 
problems for retrieving Cw. Lastly, it has been found that the non-linear correlation between 
parameters can be better handled when applying regularization methods on the individual variables, 
rather than simultaneously on the combined synthetic variable [44,110,111]. Often, inversions for a 
combined synthetic variable (i.e., CCWC) are successful, but due to a compensation effect between 
the individual parameters (i.e., high Cw and low LAI or vice versa), the results are poor for the 
individual parameters which make up the synthetic canopy parameter. 

Since it is better to have balanced successful performance in retrieving all individual parameters 
in an operational setting [109], we treated the inversion of each single variable of interest (Cw and LAI) 
separately in the third strategy. The inversion of Cw was also spectrally constrained to the NIR and 
SWIR bands for both Landsat-8 and Sentinel-2 retrievals. For inversion of LAI, we spectrally constrain 
the inversion to exclude only the coastal aerosol, water vapor, cirrus bands as mentioned above. Since 
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it was recommended in a previous study that normalization not be applied to solve for LAI due to 
the broad range of spectral variation [44], normalization was exclusively used for the retrieval of Cw.  

Finally, instead of using the single best solution, the mean of top solutions has improved the 
robustness of inversion problems in the past [112,113]. The mean of the top 1% of inversion solutions 
with the lowest difference from the observation was used as the solution in strategy 3. 

2.2.3. Validation 

A quantitative comparison between estimated and measured leaf and canopy parameters was 
completed through linear regression analysis, and calculation of the root-mean-square error (RMSE), 
mean absolute error (MAE), and the Nash–Sutcliffe efficiency (NSE), Equations (7), (8), and (9): 
where yi and yi’ are the measured and estimated CCWC values, respectively, and n the number of 
measurements. 

RMSE = ∑ (y − y )n , (7) 

MAE = ∑ |y − y |n , (8) 

NSE = 1 − ∑ (y − y ′)∑ (y − y) , (9) 

These measures are commonly used as goodness-of-fit measures for biophysical parameter 
retrieval [114]. MAE was used together with RMSE to characterize variation in the errors of predicted 
parameters, the greater the difference between the measures, the greater the variance in the 
individual errors. The NSE score ranges between -∞ to 1, where a score of 1 indicates a perfect match 
between estimated and observed data. An NSE score of 0 corresponds to an outcome where the 
observed mean is a better predictor than the model [115]. 

3. Results 

The HLS LUT inversion strategies were applied to the 8 km by 8 km study area (Figure 1) 
throughout the 2015–2017 growing seasons, using all the HLS images (Table 3) that were retained 
after the QA screening described in Section 2.1.3. Figure 8 illustrates a comparison of inversion 
strategy results for four dates during the 2016 growing season (May 2, June 1, June 20, and July 15); 
for each crop type. Table 7 presents the phenological stages at these four dates. 
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Figure 8. HLS-CCWC inversion results on 8 km by 8 km subsets of both Sentinel-2 and Landsat-8 HLS 
data for each inversion strategy (presented as columns). The inversions were performed during the 
2016 growing season for May 2 (top), June 1 (second from top), June 20 (second from bottom), and 
July 15 (bottom) overpasses. The sensor during overpass as is labeled next to the date as S2 and L8 for 
Sentinel-2 and Landsat-8, respectively. The corresponding crop-type CDL land cover field boundaries 
are present on the right. 

Table 7. Phenological stages used for inversion strategies 2 and 3 for each crop type in Figure 8 
images; early, mid, and late phenological stages correspond to emergence, establishment, and 
maturation. 

Crop Type 2-May 1-Jun 20-Jun 15-Jul 
Dicotyledon Early Early Early Late 

Spring Monocotyledon Early Early Mid Late 
Winter Monocotyledon Early Mid Mid Late 

Qualitatively, the inversion results are consistent with the typical CCWC patterns observed 
throughout the growing season: increase in water content during emergence to peak dates in June, to 
then decrease during senescence and maturation in mid-July. Figure 8 also shows that the within-
field variability and the salt-and-pepper noise in the maps of estimated CCWC is greatly reduced by 
the introduction of constraints of biophysical parameters in strategy 3, compared to strategies 1 and 
2. This is also evident from Figure 9, reporting the boxplots of the estimated CCWC for each inversion 
strategy and crop-type for the same dates as the images in Figure 8, and showing that the spread of 
the estimated values is greatly reduced by Strategy 3, compared to Strategies 2 and 3. 
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Figure 9. Box plots of the distribution of estimated CCWC in the 8 km x 8 km study area for May 2, 
June 1, June 20, and July 15 during the 2016 growing season. Results are aggregated into CCWC values 
for each crop-type: dicotyledon (left column), spring monocotyledon (middle column), and winter 
monocotyledon (right column). Mean and standard deviations are plotted above each respective box 
plot for each strategy, labeled S-1, S-2, and S-3 for strategy 1, 2, and 3, respectively. 

The estimated CCWC spatial variation and temporal progression are consistent with the 
retrieved NDWI spectral index derived from the coincident HLS imagery for each of the dates from 
Figure 8 (Figure 10). 
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Figure 10. Comparisons of strategy 3 CCWC product (top) for each labeled date and sensor (S2 and 
L8 for Sentinel-2 and Landsat-8, respectively) with the coincident normalized difference water index 
(NDWI) derived image (bottom) for the 8 km x 8 km study area. 

Figure 11 compares the time series of values of CCWC estimated through the three inversion 
strategies, with the coincident measurements acquired on the five field plots in the 2016 growing 
season. Overall, CCWC estimated through all three strategies are consistent with the field 
measurements; however, there is an evident underestimation by strategies 1 and 2 of the peak water 
content in wheat and barley plots (plots A, B, and C), and a slight overestimation of the peak water 
content by strategy 3 in one of the garbanzo plots (plot E). The correlation between measured and 
estimated CCWC increases progressively with each strategy, as more ancillary information is used: 
R2 = 0.73, R2 = 0.74, and R2 = 0.81, for strategies 1, 2, and 3, respectively. 

 

Figure 11. Time series of measured (black crosses) and estimated (red dots) CCWC for each inversion 
strategy (#1: left, #2: middle, and #3: right) during the 2016 growing season. Plots A and B were located 
in winter wheat fields. Plot C was located in a barley field. Plots D and E were located in from 
garbanzo fields. 
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The scatterplots of estimated and measured Cw, CCWC, and LAI, obtained using all points 
acquired in the three years of field data collection campaigns, are presented in Figure 12, and the 
relevant regression metrics (slope, offset, and linear correlation coefficient) and validation metrics 
described in Section 2.2.3 are presented in Table 8. 

 
Figure 12. Scatter plots of measured and estimated Cw, LAI, and CCWC (Left, middle, and right, 
respectively), presented for strategies 1, 2, and 3 (top, middle, and bottom, respectively). The 
regression lines are plotted as a dashed line, the solid 1:1 line is shown for reference. The red dots and 
green triangles correspond to Landsat-8 and Sentinel-2 HLS derived observations, respectively. 

Table 8. Regression and validation metrics for LAI, Cw, and CCWC estimated through the three 
inversion strategies. The table presents the results obtained considering Landsat-8 (L8) data only, 
Sentinel-2A (S2) data only, and both sensors (L8/S2). 

Cw (10-2g cm-2) 

    RMSE MAE NSE Slope Intercept R2 

L8 
Strategy 1 1.90 1.50 0.19 0.35 1.89 0.30 
Strategy 2 2.01 1.56 0.07 0.29 1.97 0.24 
Strategy 3 1.90 1.50 0.18 0.27 2.62 0.21 

S2 
Strategy 1 2.30 1.70 -0.39 0.17 1.80 0.10 
Strategy 2 2.20 1.57 -0.26 0.19 1.77 0.16 
Strategy 3 2.05 1.55 -0.10 0.17 2.36 0.10 

L8/S2 
Strategy 1 2.04 1.56 0.00 0.30 1.80 0.22 
Strategy 2 2.07 1.57 -0.04 0.26 1.87 0.21 
Strategy 3 1.95 1.53 0.09 0.24 2.49 0.17 

LAI (m2 m-2) 
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    RMSE MAE NSE Slope Intercept R2 

L8 
Strategy 1 1.58 1.25 -0.17 0.57 1.51 0.26 
Strategy 2 1.67 1.31 -0.30 0.47 1.65 0.18 
Strategy 3 1.42 1.14 0.06 0.61 0.86 0.33 

S2 
Strategy 1 2.30 1.79 -2.07 1.01 1.04 0.30 
Strategy 2 1.73 1.32 -0.73 0.86 0.80 0.31 
Strategy 3 1.44 1.12 -0.19 0.76 0.61 0.34 

L8/S2 
Strategy 1 1.87 1.44 -0.75 0.71 1.41 0.25 
Strategy 2 1.69 1.31 -0.43 0.59 1.41 0.22 
Strategy 3 1.43 1.14 -0.02 0.66 0.79 0.33 

CCWC (103g m-2) 

    RMSE MAE NSE Slope Intercept R2 

L8 
Strategy 1 0.56 0.43 0.59 0.66 0.28 0.63 
Strategy 2 0.59 0.44 0.56 0.57 0.24 0.71 
Strategy 3 0.49 0.35 0.69 0.78 0.09 0.74 

S2 
Strategy 1 0.46 0.37 0.66 0.66 0.21 0.73 
Strategy 2 0.57 0.43 0.48 0.57 0.16 0.69 
Strategy 3 0.41 0.33 0.73 0.78 0.03 0.82 

L8/S2 

Strategy 1 0.53 0.40 0.62 0.66 0.25 0.66 

Strategy 2 0.58 0.44 0.53 0.57 0.21 0.70 

Strategy 3 0.46 0.34 0.71 0.78 0.07 0.76 

In all three strategies, the retrieval of LAI and Cw were considerably less accurate than the 
retrieval of CCWC. Apart from strategy 2, CCWC estimation using Sentinel-2A imagery, all strategies 
yielded NSE scores greater than 0.5 for retrieving CCWC. Retrieval of LAI yielded NSE scores less 
than 0 for all strategies with exception to strategy 3 using Landsat-8 imagery. Cw retrieval was slightly 
better than LAI retrieval, but unable to yield an NSE score over 0.5 in any of the strategies. The 
coefficient of determination shows a similar behavior. 

Considering CCWC, which is the primary objective of the current study, the best performance 
for CCWC retrieval was achieved using the Sentinel-2A dataset with strategy 3 constraints, yielding 
a R2 of 0.82, NSE score of 0.73, and RMSE of 0.41 x 103g m-2. The highest error in CCWC retrieval was 
observed using Landsat-8 imagery with strategy 2 constraints, yielding a R2 of 0.71, NSE score of 0.56, 
and RMSE of 0.59 x 103g m-2. In inverting the combined HLS imagery dataset for CCWC retrieval, 
strategy 3 yielded the best performance (R2 = 0.76, NSE = 0.71, RMSE = 0. 46 x 103g m-2) while strategy 
2 had slightly higher errors than strategy 1, but slightly higher coefficient of determination than 
strategy 1 (R2 = 0.70, NSE = 0.53, RMSE = 0. 58 x 103g m-2). 

Finally, a comparison between retrieved CCWC from Landsat-8 and Sentinel-2A imagery 
indicated better CCWC retrieval using the Sentinel-2A imagery than Landsat-8 in each of the three 
strategies. The CCWC retrieval using Sentinel-2A imagery was also more negatively impacted by the 
additional constraint of the Ns parameter, showing an increase in RMSE from strategy 1 to strategy 2 
of about 0.11 x 103g m-2, compared to the 0.03 x 103g m-2 increase from strategy 1 to strategy 2 using 
Landsat-8 imagery. 

4. Discussion 

Among the three approaches considered in this study, inversion strategy 3, which constrained 
the possible values of the PRO4SAIL parameters through the use of a priori information and ancillary 
data, resulted in the best performance in the estimation of CCWC, as reflected by all the validation 
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metrics and by the analysis of the time series of estimated values. A major benefit of the validation 
dataset assembled for the present study, and encompassing the full phenological cycle of wheat, 
barley, and garbanzo crops, is the ability to assess the stability of the inversion throughout the 
growing season. 

These results are in agreement with past studies, showing improved PRO4SAIL inversion results 
by imposing spatial, temporal, and spectral constraints [44,68,70], and by using optimization 
techniques [112,113,116], and normalization [44]. 

The compensation between Cw and LAI for CCWC retrieval is well known [109] and evident in 
the results of this paper, with considerably less accurate retrieval for Cw and LAI than for CCWC 
across each strategy. 

There are a few known issues with PRO4SAIL inversion for estimating canopy biochemical and 
physical properties that can explain the presence of data points with high errors, evident in the 
scatterplots of Figure 12, corresponding to observations acquired either at the beginning or at the end 
of the growing season. It is known that the PRO4SAIL model is more sensitive to small variations in 
LAI and soil background reflectance during periods of low canopy closure [76]. Anisotropic effects 
are also critical when considering the sensitivity of PRO4SAIL to LAI, ALA, and soil background; 
viewing angles close to nadir show the largest sensitivity to ALA and soil background as compared 
to LAI, while off nadir angles display more sensitivity to LAI [36]. Finally, spectral endmembers 
characterizing typical wet and dry soil signatures were used throughout the entire study period. It 
has been found in other similar studies that parameter retrieval may be improved in late season 
periods by replacing the original soil spectral profile with the spectral signature of non-
photosynthetic vegetative material (crop residue) [117]. 

To some extent, some of the errors could be attributed to limitations of the adopted model. The 
canopy system within the 30 m pixel, as modeled by SAIL, is assumed to a homogenous turbid 
medium and does not account for leaves at various positions within the canopy with different water 
content, i.e., leaves having higher water content being more distributed near the top of the canopy. 
Furthermore, multiple-scattering effects within the canopy were not taken into account, potentially 
resulting in an overestimation of water content in some cases. 

The intrinsic limitations of the HLS dataset should also be considered. The spectral resolution of 
the OLI and MSI instruments is not optimal for canopy water retrieval, as both instruments lack 
specific liquid water absorption bands at 970 nm and 1200 nm. Future missions with improved 
spectral capabilities may have better performance in CCWC retrieval under the same inversion 
techniques. The HLS reflectances are atmospherically corrected and normalized for BRDF, but no 
topographic correction is currently performed, and slope effects could potentially translate into errors 
in the RTM inversion. Because all the validation data were acquired on relatively flat portions of the 
study area, we could not assess the occurrence of such errors. Further evaluation of the HLS 
atmospheric correction would be also needed, to assess whether there is any residual effect due to 
the atmospheric water vapor absorption, which would impact the precision of the canopy water 
retrieval. 

It is worth noticing that use of the MCD15A2H product to define a priori probability distribution 
in for LAI in Strategy 3 resulted only in a very modest improvement in LAI retrieval accuracy 
compared to the other strategies (e.g., using both Landsat-8 and Sentinel-2 data, RMSE = 1.87 m2 m-2 
and R2 = 0.25 in Strategy 1, RMSE = 1.69 m2 m-2 and R2 = 0.22 in Strategy 2, RMSE = 1.43 m2 m-2 and R2 
= 0.33 in Strategy 3). Arguably, this is due to the coarse spatial resolution of the MODIS product 
relative to the field size in the study area (evident in Figure 7), which resulted in inaccurate a priori 
values for a large proportion of the image. The availability of higher resolution LAI products would 
likely result in a large improvement of the retrievals. 

Future research is required to investigate the characterization of ALA, as it is one of the most 
important canopy structure parameters affecting canopy radiation scattering and least studied in 
PRO4SAIL research [118]. 

The comparison of the results of Strategy 1 and 2 shows that constraining the Ns parameter was 
not sufficient to significantly improve the accuracy of the retrievals; strategy 2 resulted in slightly 
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better estimation of LAI and slightly worse estimation of Cw and CCWC. The inversion results hence 
imply that Ns does not impact the output of PRO4SAIL as much as canopy structural parameters like 
LAI or ALA, as indicated from previous theoretical studies [36]. The slight increase in accuracy in 
LAI estimation when constraining Ns may warrant further investigation in future studies which 
explore the sensitivity of Ns to LAI, with an emphasis on the need to collecting a more exhaustive 
field dataset during periods of increasing LAI, i.e., at the beginning of the growing season. Finally, 
the inversion of Cw did not substantially improve with the added ancillary information of strategy 3. 

5. Conclusions 

In this paper, we developed and demonstrated a new methodology for the retrieval of cropland 
canopy water content (CCWC) through inversion of the PRO4SAIL radiative transfer model (RTM), 
constraining the possible values of the model parameters by using a priori information derived from 
lab measurements, previously published literature, and operational remotely sensed products. The 
validation data from field measurements were taken throughout the growing season for wheat, 
barley, and garbanzo fields over three growing seasons and capture a complete representation of 
biophysical characteristics over each phenological growth stage. The method was demonstrated by 
inverting reflectances from the Harmonized Landsat Sentinel (HLS) Landsat-8 and Sentinel-2A 
product, resulting in the first HLS-based CCWC product generated through radiative transfer model 
inversion. 

The results were validated with field measurements collected over three growing seasons. 
Comparison with unconstrained PRO4SAIL inversions, demonstrate that the proposed method is 
effective in reducing the uncertainty of the estimates. 

The results also illustrated that crop type and phenology may play a significant role in which 
parameters are more sensitive for PRO4SAIL top-of-canopy reflectance modeling. Retrievals on early 
and late stage crops had larger errors, due to known issues in PRO4SAIL inversion at low LAI values 
when the soil is partially exposed. 

Combining Landsat-8 and Sentinel-2 sensors in a seamless and regridded form, the HLS product 
affords the opportunity for cropland monitoring with sufficient temporal and spatial resolution to 
meet the requirements of operational users. The slope close to unity, low intercept and high 
coefficient of determination (0.78, 0.07, and 0.76, respectively) of the regression between the estimated 
CCWC and the field validation dataset clearly indicate the potential of the proposed approach; while 
the present prototype was developed on a limited study area, the methods proposed are general ones, 
and could potentially path-find the systematic generation of regional to continental HLS-based 
CCWC products. Future work will investigate the scalability of the proposed approach, with a 
priority on testing the prototype on different agricultural regions. 
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