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ABSTRACT 36!

Leaf area index (LAI) and leaf chlorophyll content (Chll) represent key biophysical and biochemical 37!

controls on water, energy and carbon exchange processes in the terrestrial biosphere. In combination, LAI 38!

and Chll provide critical information on vegetation density, vitality and photosynthetic potentials. 39!

However, simultaneous retrieval of LAI and Chll from space observations is extremely challenging. 40!

Regularization strategies are required to increase the robustness and accuracy of retrieved properties and 41!

enable more reliable separation of soil, leaf and canopy parameters. To address these challenges, the 42!

Regularized canopy reflectance model (REGFLEC) inversion system was refined to incorporate enhanced 43!

techniques for exploiting ancillary LAI and temporal information derived from multiple satellite scenes. 44!

In this current analysis, REGFLEC is applied to a time-series of Landsat data.  45!

A novel aspect of the REGFLEC approach is the fact that no site-specific data are required to calibrate the 46!

model, which may be run in a largely automated fashion using information extracted entirely from image-47!

based and other widely available datasets. Validation results, based upon in-situ LAI and Chll 48!

observations collected over maize and soybean fields in central Nebraska for the period 2001-2005, 49!

demonstrate Chll retrieval with a relative root-mean-square-deviation (RMSD) on the order of 19% 50!

(RMSD=8.42 µg cm-2). While Chll retrievals were clearly influenced by the version of the leaf optical 51!

properties model used (PROSPECT), the application of spatio-temporal regularization constraints was 52!

shown to be critical for estimating Chll with sufficient accuracy. REGFLEC also reproduced the dynamics 53!

of in-situ measured LAI well (r2=0.85), but estimates were biased low, particularly over maize (LAI was 54!

underestimated by ~36 %). This disparity may be attributed to differences between effective and true LAI 55!

caused by significant foliage clumping not being properly accounted for in the canopy reflectance model 56!

(SAIL). Additional advances in the retrieval of canopy biophysical and leaf biochemical constituents will 57!

require innovative use of existing remote sensing data within physically realistic canopy reflectance 58!

models along with the ability to exploit the enhanced spectral and spatial capabilities of upcoming 59!

satellite systems. 60!

Keywords: Landsat; Leaf chlorophyll; LAI; SAIL; PROSPECT; Canopy reflectance; Model inversion 61!
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1. Introduction 66!

The ability to accurately model fluxes of carbon dioxide, water vapor and heat in the terrestrial biosphere 67!

is important for improving water resource management, agricultural productivity and our understanding 68!

of ecosystem functioning. However, the capacity to do this depends on 1) the physical realism of the 69!

model employed (Kalma et al., 2008), 2) the quality of meteorological model forcing fields (Ershadi et 70!

al., 2013) and 3) the ability to specify model inputs and parameters with adequate accuracy (Jung et al., 71!

2007; Zaehle, 2005). State of the art process-oriented terrestrial biosphere models (TBMs) may be 72!

characterized by improved process understanding, but many of the parameters controlling vegetation 73!

structure and function can be challenging to define with acceptable accuracy over spatial and temporal 74!

domains (Groenendijk et al., 2011; Knorr and Heimann, 2001; Wang et al., 2007). Remote sensing can 75!

support such modeling efforts by offering spatially and temporally distributed information on important 76!

vegetation characteristics, which would be very difficult to obtain otherwise. Likewise, the integration of 77!

observation based model constraints (Dorigo et al., 2007; Houborg et al., 2013; Kaminski et al., 2012) are 78!

key towards reducing uncertainties of model predicted surface fluxes in space and time (Bonan et al., 79!

2011; McCabe et al., 2005). To advance these issues, the work presented here focuses on the retrieval of 80!

canopy biophysical and leaf biochemical constituents and their use as potential constraints in spatially and 81!

temporally distributed model simulations. 82!

Leaf Area Index (LAI), defined as one-sided green leaf area per unit of horizontal ground area, is a key 83!

biophysical parameter used in most TBMs that often functions as the primary remote sensing based 84!

descriptor of vegetation density, phenology and distribution across a landscape (Bonan et al., 2011; 85!

Medvigy et al., 2009; Sellers et al., 1996). Mapping LAI using remotely sensed data has been a major 86!

community objective (e.g. Bacour et al., 2006; Chen and Cihlar, 1996; Gray and Song, 2012; Knyazikhin 87!

et al., 1998; Viña et al., 2011) and a range of multi-year validated global and regional datasets of LAI 88!

have been made available at resolutions of ~1 km based on medium resolution optical sensors such as 89!

MODIS (Myneni et al., 2002; Yang et al., 2006), SPOT/VEGETATION (Baret et al., 2013, 2007) and 90!

MODIS/MISR (Pinty et al., 2011). Reported accuracies (direct validation against in-situ measurements) 91!

vary widely, but typically range between 0.5 – 1.0 LAI units Root-Mean-Square-Difference (RMSD) 92!

(Garrigues et al., 2008; Yang et al., 2006; http://landval.gsfc.nasa.gov/), although significantly higher 93!

errors may occur as a result of land cover misclassification and large uncertainties in surface reflectance 94!

due to aerosol and cloud contamination. Finer spatial resolution LAI is required to effectively resolve 95!

processes in heterogeneous landscapes at the scale of individual fields, and recent studies have 96!

investigated the prospect of generating potentially global LAI from Landsat surface reflectance data. 97!

These include a physically-based algorithm that uses canopy spectral invariants theory (Ganguly et al., 98!
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2012), as well as a reference-based methodology that uses high-quality LAI retrievals from MODIS to 99!

produce MODIS consistent Landsat-resolution LAI (Gao et al., 2012). For the latter a mean absolute 100!

difference of 0.23 was reported based on a comparison against measurements aggregated to the field scale 101!

(Gao et al., 2012).  102!

While accurate LAI inputs are essential for modeling land surface processes at different spatial scales, 103!

there is a need to implement supplemental remote sensing based determinants of vegetation function in 104!

order to better diagnose spatiotemporal variations in overall plant physiological condition and 105!

photosynthetic performance. Leaf chlorophyll content (Chll), defined as total chlorophyll content 106!

[chlorophyll a + chlorophyll b] on a leaf area basis, may serve as an additional and potentially important 107!

variable for land-surface remote sensing because of its close relationship to leaf nitrogen (Evans, 1989; 108!

Sage et al., 1987) and thus leaf photosynthetic capacity (Houborg et al., 2013; Kattge et al., 2009). Chll 109!

level differs according to plant species and for a given plant type there may be a significant evolution of 110!

Chl content along the leaf cycle, as modulated by changes in nutrient and water availability, 111!

environmental conditions and plant phenology (Evans, 1989; Schlemmer et al., 2013; Xu and Baldocchi, 112!

2003). The use of Chll as a proxy for plant physiological status and photosynthetic functioning is 113!

convenient in a remote sensing context as it directly controls leaf absorption in the visible region. Chll 114!

may be retrieved from satellite observed reflectances by inversion of leaf optics and canopy reflectance 115!

models (Jacquemoud et al., 2009). However, retrieving Chll from space observations is challenging as the 116!

influence of atmospheric effects, canopy characteristics and background reflectance may confound the 117!

detection of relatively subtle differences in canopy reflectance resulting from changes in Chll (Daughtry 118!

et al., 2000). Accordingly, remote estimation of Chll has been associated with fairly large uncertainties, 119!

with reported accuracies typically ranging between 8 - 15 µg cm-2 RMSD based on a variety of empirical 120!

and physically-based approaches and sensor data (e.g. Bacour et al., 2002; Botha et al., 2007; Delegido et 121!

al., 2011; Houborg and Anderson, 2009; Jacquemoud et al., 1995). The chlorophyll predictive ability of 122!

the PROSPECT leaf optical properties model, that form the basis of most radiative transfer model 123!

inversion studies (Jacquemoud et al., 2009), is in itself on the order of 9-10 µg cm-2 RMSD (Feret et al., 124!

2011, 2008). 125!

In physically based frameworks, the accuracy of LAI and Chll estimates depend in part on the ability to 126!

regularize the ill-posed inverse problem caused by measurement and model uncertainties and the limited 127!

information carried by the radiometric signal. Indeed, different combinations of model parameters can 128!

produce almost identical spectra (Baret and Buis, 2008; Combal et al., 2002; Weiss et al., 2000), resulting 129!

in non-unique solutions. Regularization strategies are required to increase the robustness and accuracy of 130!

retrieved properties and to improve the separation of soil, leaf and canopy variables. Introducing prior 131!
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information on the distribution of model variables, canopy characteristics and soil background conditions 132!

may significantly improve the estimation accuracy of biophysical variables (Combal et al., 2002; 133!

Darvishzadeh et al., 2008; Koetz et al., 2005). However, this regularization technique typically relies on 134!

the existence of experimental data collected at the site of interest and the calibrated models may have 135!

limited applicability over other sites and land cover types.  136!

Ultimately, the goal is to develop versatile and automated image-based methodologies that can be applied 137!

over a diversity of land cover types, soil backgrounds and atmospheric conditions, while removing the 138!

need for site-specific calibration. To do this, the amount of information used in the inversion process 139!

needs to be increased by considering either 1) image-based prior information on land cover and 140!

phenological LAI dynamics (Dorigo et al., 2009; Houborg et al., 2007; Koetz et al., 2005), 2) additional 141!

spectral bands with optimized sensitivity to the parameters of interest (Clevers and Gitelson, 2013; 142!

Delegido et al., 2010), 3) multi-angular information (Bacour et al., 2002; Vuolo et al., 2008), 4) the 143!

addition of noise and multiple solutions in the inversion (Rivera et al., 2013) or 4) spatial and temporal 144!

constraints such as spectral signatures of adjacent pixels (Atzberger and Richter, 2012; Atzberger, 2004) 145!

and multi-temporal-patch inversion (Lauvernet et al., 2008).  146!

The regularized canopy reflectance model (REGFLEC) couples leaf, canopy and atmospheric radiative 147!

transfer models and utilizes a multi-step regularized inversion approach for retrieving LAI and Chll from 148!

multi-spectral at-sensor radiance data (Houborg and Anderson, 2009b). REGFLEC introduces various 149!

image-based constraints in an effort to solve the inverse problem, such as separate retrieval of soil 150!

background reflectance and leaf/canopy characteristics, use of ancillary image-based information, and 151!

utilization of the radiometric information of associated pixels for estimating an optimal set of class-152!

invariant vegetation parameters (Houborg and Anderson, 2009b; Houborg et al., 2013). The model then 153!

establishes a suite of predictive vegetation index (VI) relationships, specific to each scene and dependent 154!

on land cover class, soil background and atmospheric conditions, in order to map LAI and leaf Chl 155!

content over the modeling domain.  156!

The work presented here establishes important refinements to the REGFLEC retrieval system and its 157!

application to multi-spectral Landsat satellite time-series data for joint LAI and Chll retrieval. A key 158!

objective of this study is to demonstrate the achievable accuracy of LAI and Chll estimation using a few 159!

standard broad spectral bands available operationally (i.e. green, red and near-infrared) and to evaluate 160!

the impact of various spatio-temporal constraints and REGFLEC configurations on LAI and Chll retrieval 161!

accuracies. An extensive dataset of in-situ LAI and Chll collected over maize and soybean sites in central 162!

Nebraska over a 5-year period (2001-2005) is used for validation. The atmospheric and canopy radiative 163!
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transfer models that form the basis of REGFLEC are briefly described in Section 2.1 and 2.2, followed by 164!

a detailed description of the REGFLEC retrieval system (Section 2.2).  Additional Sections outlining the 165!

study area are presented in Section 2.3, along with biophysical field measurements (Section 2.4) and 166!

information on the Landsat data and REGFLEC setup process in Section 2.5. Results are presented and 167!

discussed in Section 3. 168!

 169!

2. Approach and Methodology 170!

 171!

2.1. Atmospheric radiative transfer model 172!

 173!

The vector version of the 6S (Second Simulation of the Satellite Signal in the Solar Spectrum) 174!

atmospheric radiative transfer model (Kotchenova et al., 2006; Vermote et al., 1997) is used for 175!

converting at-sensor radiances to directional surface reflectances. As further detailed in Houborg et al. 176!

(2011), 6S simulates the reflection of solar radiation by a coupled atmosphere-surface system for a wide 177!

range of atmospheric, spectral and geometrical conditions and it has demonstrated good performance 178!

(Kotchenova et al., 2006; Vermote et al., 1997; Proud et al., 2010). Input parameters include surface 179!

elevation, sun zenith (θsz), view zenith (θvz), sun azimuth (θaz) and satellite azimuth (θsaz) angles, total 180!

column ozone (O3), aerosol optical thickness at 550 nm (τ550), total precipitable water (TPW), and aerosol 181!

volume and size distribution. 182!

 183!

2.2. Canopy Reflectance (CR) model 184!

The Markov chain canopy reflectance model, ACRM (Kuusk, 2001) and the Scattering by Arbitrary 185!

Inclined Leaves model, 4SAIL (Verhoef, 1985, 1984; Verhoef et al., 2007), both with a hot-spot 186!

correction implemented (Kuusk, 1991), consider the canopy as a turbid medium in which leaves are 187!

randomly distributed in space (canopy is considered horizontally homogeneous). The models operate in 188!

the spectral domain 400-2500 nm and calculate directional canopy reflectance at a spectral resolution of 1 189!

nm given the observation geometry, canopy structure, leaf reflectance and transmittance and soil 190!

reflectance. This study focuses exclusively on REGFLEC applications based on the 4SAIL model, which 191!

is the most widely used CR model in the remote sensing community (Jacquemoud et al., 2009). In 4SAIL, 192!

canopy structure is characterized by LAI, leaf angle distribution (LAD), and hot-spot parameter (SL). In 193!

the version used here, LAD is assumed ellipsoidal and represented by the mean leaf inclination angle (θl) 194!

(Campbell, 1986). Soil spectral reflectance is approximated as a function of two soil parameters (s1 and 195!

s2) (Houborg and Boegh, 2008; Price, 1990) and a parameter (fB), representing the canopy fraction of 196!
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senescent leaf material, is incorporated (Houborg and Anderson, 2009b). The model sensitivity to SL is 197!

generally low for near-nadir viewing directions and is parameterized here as a function of LAI (Verhoef 198!

and Bach, 2007). The wavelength dependent relative proportion of direct and diffuse flux in incoming 199!

radiation is calculated as a function of τ550.  200!

 201!

Leaf spectral reflectance and transmittance for green and senescent leaves are simulated using the leaf 202!

optical PROperties SPECTra (PROSPECT) model (Feret et al., 2008; Jacquemoud and Baret, 1990). The 203!

input variables of PROSPECT are the leaf mesophyll structure parameter (N), which is related to leaf 204!

thickness and cellular arrangement, leaf chlorophyll a and b content (Chll), leaf water content (Cw), dry 205!

matter content (Cm), and leaf brown pigment (Cbp). Cw is not considered here given that leaf water does 206!

not affect leaf reflectance in the visible to near-infrared domain. The N, Chll and Cm of senescent leaf 207!

material is fixed at 3, 5 µg cm-2 and 100 g m-2, respectively and green and senescent leaf material is 208!

assumed to be completely dissociated (Verhoef and Bach, 2003).  209!

 210!

Canopy reflectance spectra representative of intermixed green and senescent leaves are simulated by 211!

weighing the leaf reflectance and transmittance spectra for green (Cbp=0) and senescent (Cbp=1) leaves 212!

with fB (Houborg and Anderson, 2009b). In PROSPECT, the specific absorption coefficients and the 213!

refractive index of leaf material are determined on the basis of experimental data. Feret et al. (2008) 214!

reassessed the refractive index and absorption coefficients based on a comprehensive dataset of leaf 215!

biochemical and optical properties, giving rise to two new versions: PROSPECT-4 (P4) and PROSPECT-216!

5 (P5), with the latter version providing separate treatment of chlorophylls and carotenoids (Fig. 1a). 217!

REGFLEC implements both of these as well as the original version (PROSPECT-3; Baret and Fourty, 218!

1997). The three calibrations are characterized by significant differences in the Chl specific absorption 219!

coefficients, with P5 and particularly P4 displaying higher contrasts between non-absorption (550 nm) 220!

and absorption wavelengths (450 and 680 nm) compared to the flatness of P3 (Fig. 1a). Although P5 is 221!

included as an option in REGFLEC, the carotenoids content (Car) is not yet specifically treated and set to 222!

zero, assuming that absorption of light by photosynthetic pigments is entirely caused by chlorophylls. In 223!

this form, light absorption in P5 is in closer agreement with P3 over the blue to beginning of the green 224!

waveband region (400 – 540 nm) (Fig. 1a). Accordingly, modeled canopy reflectances using P5 and P3 225!

agree closely in the blue band of Landsat 7 (Fig. 1b). In contrast large divergences in simulated canopy 226!

reflectances occur in the chlorophyll sensitive green band as a result of using P5, P4 or P3 (Fig. 1b). The 227!

effect of the adopted PROSPECT calibration on the LAI and Chll retrieval results are evaluated in Section 228!

3.3.1. 229!

  230!
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Figure 1 231!

 232!

2.3. The REGularized canopy reFLECtance model (REGFLEC) 233!

REGFLEC (see www.regflec.com) (Fig. 2) combines the atmospheric radiative transfer (Section 2.1) and 234!

canopy reflectance (Section 2.2) models for translating at-sensor radiance observations from a multi-235!

spectral sensor like Landsat into maps of Chll and LAI. REGFLEC adopts a Look-Up-Table (LUT) based 236!

inversion scheme and implements spatial and temporal regularization strategies in an effort to better 237!

control the confounding influence of atmospheric effects, leaf and canopy characteristics and soil 238!

background on retrieved biophysical properties, based entirely on image-based methodologies. 239!

 240!

Figure 2 241!

 242!

As shown in Fig. 2, the REGFLEC (Version 2.5) retrieval approach consists of 7 steps, including largely 243!

automated routines for (1) multi-scene resizing, co-registration and cloud screening (Section A.1), (2) 244!

atmospheric correction (Section A.1), (3) land cover classification (Section A.2), (4) forward runs with 245!

the CR model for computing LUTs of spectral reflectances and VIs (Section A.3), (5) initial estimation of 246!

the soil background signal (Section A.4), (6) retrieval of optimal class-invariant vegetation parameters 247!

(Section A.5), and (7) pixel-wise mapping of LAI and Chll based on a suite of appropriate spectral 248!

reflectance relationships (Section A.6). Retrieved values are informed by preceding steps to reflect pixel-249!

specific differences in view and illumination geometry, land cover class, phenological stage, soil 250!

background and atmospheric condition. In step 6, multi-scene spectral reflectance observations over dense 251!

vegetated pixels are exploited to constrain the retrieval of the class-specific parameters. The inversion 252!

process may also make use of ancillary LAI, derived independently from satellite data (Section A.7), as 253!

an additional constraint in an effort to improve the separation of LAI and Chll effects on observed 254!

reflectance spectra. The REGFLEC multi-step retrieval and regularization methodology is described in 255!

greater detail in Appendix A. 256!

 257!

The overall idea of LUT approaches is to find the model parameter combination that yield the best fit 258!

between measured and modeled LUT spectra, which is typically achieved by minimizing a merit function 259!

based on the RMSD or mean absolute error (MAE). In REGFLEC, the optimal parameter combination 260!

(i.e. LAI, Chll, N, θl, fB, Cm, s1, and s2) is not determined in a single LUT inversion. Instead, soil 261!

parameters and class-specific vegetation parameters are retrieved separately (step 5 and 6) before 262!

mapping LAI and Chll over the modeling domain (step 7). Optimal solutions are achieved by minimizing 263!
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the MAE between modeled and measured reflectances and assigning penalties (e.g. for out of range 264!

conditions) as detailed in Houborg and Anderson (2009). In addition, the LUT inversion is iterative in 265!

that the minimization function is evaluated for a range of plausible parameter combinations, by using the 266!

LUTs in both forward and inverse mode for calculating LAI/Chll and reflectances, as described further in 267!

Section A.3 to A.5. The advantage of this alternative iterative LUT approach is that it is more flexible, 268!

less sensitive to LUT parameter entry values (Section A.3) and facilitates integration of spatial and 269!

temporal constraints such as the ancillary LAI and multi-scene constraint. 270!

 271!

REGFLEC is planned to be made available for distribution primarily to researchers interested in refining 272!

and further developing certain aspects of the retrieval system. An online submission system will facilitate 273!

streamlined web-based processing requests for regions and time-periods of interest. The REGFLEC job 274!

requests will be queued on a central in-house processing unit, automatically executed and providing time-275!

series imagery distributed via FTP. 276!

 277!

2.4. Study area 278!

LAI and Chll measurements from three sites (Ne1, Ne2, Ne3) located at the University of Nebraska-279!

Lincoln Agricultural Research and Development Center near Mead, Nebraska 280!

(http://ameriflux.ornl.gov/fullsiteinfo.php?sid=72) (Fig. 3), were used for validating REGFLEC retrievals. 281!

The three sites are all approximately 65-ha fields located within 1.6 km of each other. Ne1 has been 282!

continuously under maize since 2001, whereas Ne2 and Ne3 are under a maize-soybean rotation. Ne1 and 283!

Ne2 are both irrigated with a center pivot system, whereas Ne3 is rainfed. The region is characterized by a 284!

temperate continental climate with the growing season beginning in May and ending in October. Maize is 285!

characterized by a longer growing season than soybean and period of peak green-up typically precedes 286!

soybean by approximately 2-3 weeks. This study focuses on data collected over a five-year period (2001 287!

– 2005) covering all phenological stages found in maize and soybean (Gitelson et al., 2012). The annual 288!

precipitation totals ranged from 475 mm (2001) to 670 mm (2004), and the precipitation totals for the 289!

months of July and August were lowest in 2001 (96 mm) and 2003 (70 mm) (compared to 219 mm, 114 290!

mm, and 142 mm in 2002, 2004 and 2005, respectively), resulting in water limited crop conditions at the 291!

rainfed Ne3 site (Verma et al., 2005). Irrigation at Ne1 and Ne2 approximately doubles the amount of 292!

water available when compared to precipitation alone (Kalfas et al., 2011). A detailed description of the 293!

sites is given in (Verma et al., 2005). 294!

 295!

Figure 3 296!
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 297!

2.5. Field measurements of LAI and Chll 298!

 299!

Within each of the three fields, six small (20x20 m) intensive measurements zones (IMZ) have been 300!

carefully established to represent the spatial variability in soil type, landscape features, and crop 301!

production potential as a basis for accurate upscaling of ground measurements to the whole-field level 302!

(Verma et al., 2005). Green LAI was determined from destructive samples in each IMZ at approximately 303!

10 to 14 day intervals and data at the six IMZs were area-weighted averaged to obtain field-wide 304!

representative values (Gitelson et al., 2003b). Fraction of green leaves (fg) was derived from the 305!

destructive measurements of green and total LAI. Chll was estimated non-destructively using reflectance 306!

measurements of upper canopy leaves collected in-situ on maize and soybean leaves using a 307!

spectroradiometer equipped with a leaf clip as described in (Gitelson et al., 2005). Chll determined 308!

analytically in the lab was related to the red edge chlorophyll index [CIred edge = (Rnir/Rrededge) – 1] for the 309!

determination of linear regression coefficients (Ciganda et al., 2009). The linear model allowed Chll 310!

estimation in both species, with a RMSD of less than 6 µg cm-2 in the Chll range from ~1 – 90 µg cm-2 311!

(Gitelson et al., 2005). Spectral reflectance measurements were collected approximately twice a week 312!

during the growing seasons of 2001 to 2005 and Chll of each leaf was retrieved by applying the calibrated 313!

CIrededge vs. Chl relationship. Predominantly green leaves were sampled, and estimates of total (green + 314!

senescent) Chll (Chlt) was approximated as Chll × fg. This may underestimate Chlt, particularly during 315!

significant degrees of senescence, where the “green” samples may already be partly senescing (Section 316!

3.2). The uncertainty of the resulting in-situ Chll estimates is approximately 10%. The same uncertainty 317!

level is assumed for the LAI measurements and accounts for measurement errors and intra-field 318!

variability not captured by the selected measurement sites. The field measurements of LAI and Chll, 319!

which was found to be representative of the whole fields (Gitelson et al., 2012; Gitelson et al., 2003b), 320!

were interpolated to match the Landsat acquisition dates (Section 2.4) and compared to Landsat retrievals 321!

extracted within field-wide rectangles fitted to each site (540 m x 540 m for all sites) and subsequently 322!

averaged to produce a single value of LAI and Chll for each field.  323!

 324!

2.6. Landsat data and REGFLEC setup 325!

 326!

A total of 34 predominantly clear Landsat-5 TM and Landsat-7 ETM+ images (Fig. 4) were acquired over 327!

the 2001 – 2005 study period from the USGS EarthExplorer (http://earthexplorer.usgs.gov). All scenes 328!

were processed to standard terrain correction (Level 1T), which provides systematic and geometric 329!

accuracy by incorporating ground control points and a digital elevation model. The geodetic accuracy is 330!
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typically within 30 m. The Mead sites are affected by striping in the Landsat-7 scenes due to scan line 331!

corrector failure of the ETM+ sensor in May 2003 (Maxwell et al., 2007), but the data in between the 332!

stripes, that are approximately 4 pixels wide at this location within the Landsat swath, are still useful. The 333!

image digital counts were input to REGFLEC for further processing. For each year, the total number of 334!

scenes were first automatically co-registered and resized (the Mead sites are located in the center of the 335!

selected scene subset of 1136 x 523 pixels – Fig. 3) and corrected for cloud contamination. At-sensor 336!

radiance data from each individual Landsat band (green, red and near-infrared) were atmospherically 337!

corrected following the internal REGFLEC procedure described in Section A.1. Aerosol size distribution 338!

(τtype) was retrieved from the Konza EDC AERONET site, which is located ~250 km south of Mead. 339!

 340!

REGFLEC was run with different configurations (Table 1) in order to evaluate the impact of PROSPECT 341!

model versions and regularization constraints on retrieval accuracies. The nominal REGFLEC run (Rnom) 342!

implements PROSPECT-4, soil background constraint (Section A.4), multi-scene constraint (Section A.5) 343!

and ancillary LAI constraint (Section A.7). Five additional runs were configured on the basis of the 344!

nominal run configuration by changing each of the settings one at a time (Table 1). All runs used a year-345!

specific land cover map generated by REGFLEC based on seasonal differences in phenology from 346!

ancillary LAI time-series data (Gao et al., 2012) and Cropland Data Layer products for Nebraska (Section 347!

A.2). Over the studied years, the adopted classification approach was found to facilitate proper class 348!

separation of the maize and soybean study sites. 349!

 350!

Table 1 351!

Figure 4 352!

 353!

3. Results and Discussions 354!

 355!

3.1. In-situ Chll and LAI variability 356!

 357!

Fig. 5 displays averaged growing season time-series of measured Chll and LAI for maize and soybean 358!

fields at Mead. The time-series were constructed by crop-specific averaging of all available data points 359!

over the five-year study period (2001 – 2005) for the three sites (Ne1, Ne2, Ne3). As a result, the maize 360!

and soybean time-series were based on a total of 11 (Ne1: 2001 – 2005; Ne2 and Ne3: 2001, 2003, 2005) 361!

and 4 (Ne2 and Ne3: 2002, 2004) site-years, respectively. Fig. 5a shows overall dynamics of green LAI 362!

and fraction of senescent vegetation (fB) in maize and soybean over the course of the growing season. 363!

Green-up starts earlier for maize (precedes soybean green-up by 20-30 days), the growth period is 364!
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typically longer for maize than for soybean, and the maximum LAI of maize (~5) is higher than for 365!

soybean (~4). The large standard deviations (SD) and wide ranges are the result of significant interannual 366!

and inter-field variability caused by differences in environmental conditions and agricultural management 367!

practices (e.g. irrigated versus rainfed). This is also reflected in the time-series of Chll, particularly for 368!

maize, which is characterized by SD on the order of ±10 µg cm-2 throughout the growing season.  369!

 370!

Maize is characterized by average Chll values on the order of 60 µg cm-2 during peak LAI, whereas values 371!

between 30 – 40 µg cm-2 are more characteristic for soybean (Fig. 5b). Similar differences in Chll 372!

between maize and soybean cultivars for healthy green vegetation have been reported in other studies 373!

(e.g. Daughtry et al., 2000; Singh et al., 2013) and are a result of contrasting leaf structures and 374!

functionally different species types (i.e. C3 versus C4) with characteristic levels of peak Chll. Chll 375!

typically increases during the green-up stage, reaching peak values in the reproductive stage, before 376!

declining again during late reproductive and senescence stages when green LAI also declines. The onset 377!

and magnitude of the late growing season decline in Chll varies markedly from year to year, as evidenced 378!

by the large SD (Fig. 5b). 379!

 380!

The availability of between 6 – 8 Landsat acquisitions each year that are distributed over the full growing 381!

season (Fig. 4) together with a wide range in measured LAI and Chll responding to differences in plant 382!

species, plant development stage (green-up, reproductive, senescence), climate and management 383!

practices, allow for a thorough evaluation of the REGFLEC retrieval capacity. 384!

 385!

Figure 5 386!

 387!

3.2. Evaluation of LAI and Chll retrievals (nominal run) 388!

 389!

Fig. 6a compares REGFLEC retrieved Chll against field-wide in-situ observations over a five-year period 390!

(2001 – 2005) that encompass different development stages (green-up, reproductive, senescence) of maize 391!

and soybean. These REGFLEC results are based on the nominal run configuration (Rnom), which embeds 392!

PROSPECT-4 and all three regularization constraints (SC, MC, LC) (Table 1). The impact of alternative 393!

REGFLEC configurations is discussed in Section 3.4.  394!

 395!

REGFLEC predicts higher values of Chll for maize (55±5 µg cm-2) than for soybean (30±5 µg cm-2) 396!

during green-up and reproduction (fB<0.1), which is consistent with the in-situ measurements (55±9 µg 397!

cm-2 and 32±6 µg cm-2, respectively) (Fig. 5b). The overall performance of REGFLEC in reproducing the 398!
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dynamics of in-situ measured Chll is characterized by a coefficient of determination (r2) of 0.69, a mean 399!

bias error (MBE) of 0.04 µg cm-2, and a root-mean-square-deviation (RMSD) of 8.42 µg cm-2, which 400!

amounts to a relative RMSD of 19.1 % (Table 2, Fig. 6a). Several factors may affect the comparability 401!

between satellite retrievals and in-situ measurements. For instance, in maize canopies, the vertical 402!

distribution of leaf Chl can be well described by a bell-shaped curve (Ciganda et al., 2008), with maximal 403!

Chll in leaves around the ear leaf located approximately 1 – 1.5 m from the top of the canopy (Ciganda et 404!

al., 2012). The Landsat bands in the visible spectrum are characterized by relatively poor canopy 405!

penetration ability (due to high absorption) so that only a few leaf layers contribute to the canopy 406!

reflectance observed by the Landsat sensor. Consequently, the Landsat-based Chll retrievals are likely to 407!

be lower than the in-situ measurements that represent maximal Chll (Section 2.3), which is corroborated 408!

by a ~6% underestimation of maize Chll (for fB<0.1).  409!

 410!

Discrepancies tend to be more pronounced during senescence (Fig. 6a), which for maize may partly be 411!

explained by enhanced complexity of the vertical Chll distribution (Ciganda et al., 2008; Gitelson et al., 412!

2014) making direct comparisons between in-situ measurements and top of canopy satellite retrievals less 413!

viable. Another factor of uncertainty is the adopted multiplication of in-situ measured Chll with the 414!

fraction of green vegetation to produce a total (green + senescent) Chll (Chlt) estimate comparable to that 415!

being retrieved by REGFLEC. This implicitly assumes that entirely green leaves were sampled and could 416!

result in underestimation of the actual Chlt, particularly during advanced stages of leaf senescence. With 417!

these issues in mind, the Chll retrievals appear reasonable and demonstrate the ability of REGFLEC in 418!

reproducing significant crop-specific seasonal and interannual Chll variability in irrigated and rainfed 419!

maize and soybean fields (Fig. 5). The Chll retrieval accuracies compare favorably to most results 420!

reported in other comparable studies on agricultural crops and grasses (e.g. Botha et al., 2010, 2007; 421!

Delegido et al., 2011; Jacquemoud et al., 2000, 1995), especially when considering the wide range in 422!

observed Chll and crop conditions occurring over the five-year study period.  423!

 424!

Degradation in model performances has often been observed during the leaf senescence stage (Bacour et 425!

al., 2002; Houborg and Boegh, 2008; Wang et al., 2005). Except for a few outliers, REGFLEC captures 426!

observed reductions in chlorophyll during the beginning to advanced stages of leaf senescence (fB = 0.1 – 427!

0.6) (Fig. 6a).  REGFLEC calculates Chlt by multiplication of green Chll with pixel-specific values of (1 - 428!

fB) (Section A.6). The onset of senescence is determined automatically for each class based on ancillary 429!

LAI (or EVI2) time-series data. During senescence, Chll and LAI predictions are constrained by 430!

penalizing solutions that result in Chll or LAI increases relative to retrievals from the preceding Landsat 431!
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scene at corresponding pixel locations. This implementation proved effective at reproducing Chlt over the 432!

studied sites.  433!

 434!

The overall performance of REGFLEC in reproducing the dynamics and magnitudes of in-situ measured 435!

LAI is characterized by a high correlation (r2=0.85), whereas the RMSD (1.25 m2 m-2), relative RMSD 436!

(41 %) and MBE (-0.88 m2 m-2) indicate significant discrepancies (Table 2 and Fig. 6a). As ancillary LAI 437!

retrievals (Section A.7) were used to constrain the retrievals, the REGFLEC-based LAI will reflect the 438!

characteristics of that dataset to a large extent. Accordingly, the ancillary LAI estimates are also biased 439!

low (MBE = -0.86) and represented by similar levels of accuracy (RMSD = 1.26) (Table 2 and 440!

supplemental Fig. 1). The impact of the ancillary LAI constraint on the vegetation retrievals will be 441!

discussed in more detail in Section 3.4.   442!

 443!

Independent linear regressions to the maize and soybean LAI data result in an excellent fit for soybean (r2 444!

= 0.95) with a 13% underestimation (slope = 0.87) (Fig. 6a). The destructively measured maize LAI on 445!

the other hand is being underestimated by 36 % (slope = 0.64) (Fig. 6a). Significant clumping has been 446!

observed in maize canopies (Demarez et al., 2008), with the degree of clumpiness dependent on a 447!

complex interaction of leaf size, plant development stage, row spacing and view observation angle 448!

(Duthoit et al., 2008; España et al., 1998; López-Lozano et al., 2007). According to España et al., (1998) 449!

for all phenological stages, clumpiness is more important for near-nadir viewing directions (because of 450!

row effect; e.g. Landsat) and for fully-developed plants (high LAI), potentially yielding clumping factors 451!

as low as 0.6 (corresponding to a 40 % underestimation of effective LAI). Demarez et al., (2008) 452!

compared several methods of LAI estimation and found that effective LAI underestimated destructive 453!

LAI measurements in maize by 32 %, which corresponds closely to the skew reported in this study 454!

(y=0.64x; Fig. 6a). The 4SAIL canopy reflectance model used in REGFLEC assumes homogeneous 455!

canopies with randomly distributed leaves and predicts an effective LAI (i.e. LAI × clumping) that will be 456!

lower than the true LAI in more heterogeneous and clumped canopies. A recent study also found that 457!

SAIL was not representing the spectral behavior of row crops such as maize, potatoes and sunflower well 458!

(Atzberger and Richter, 2012) and the large LAI underestimation over the Mead maize sites may indeed 459!

be partly attributable to differences between effective and true LAI caused by significant canopy 460!

clumping not properly accounted for in REGFLEC (i.e. SAIL) or in the ancillary LAI used as 461!

regularization constraint. 462!

 463!

Table 2 464!

Figure 6 465!
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 466!

3.3. Class-specific vegetation retrievals 467!

 468!

The LAI and Chll predictive spectral relationships are strongly affected by model parameterizations, 469!

especially the values used for leaf structure (N), leaf inclination angle (θl) and dry matter content (Cm) 470!

(Fig. A1). A common approach is to fix these parameters using a priori information, typically taken from 471!

in-situ observations or from literature values. However, these vegetation parameters are not easily 472!

measured and approaches that rely on intensive field work for model calibration and parameterization are 473!

impractical from an operational stand point. REGFLEC adopts an approach independent of local 474!

calibration data that exploits the temporal and spatial radiometric information content of multiple satellite 475!

scenes (see Section A.5). In order for this approach to be meaningful, it is critical that the land cover map 476!

used as input to REGFLEC accurately separates individual crop types (such as maize and soybean), as 477!

any inter-class contamination may limit the utility of the inversion system for retrieving a unique set of 478!

optimized class-invariant vegetation parameters. 479!

 480!

Table 3 lists the year-specific optimized parameter combinations for the study sites produced by the 481!

REGFLEC inversion system using the nominal configuration (Rnom). There are notable crop-specific 482!

differences in derived N and θl, ranging between 3.3 – 3.9 and 65 – 69° for maize and 1.3 and 46 – 56° for 483!

soybean, respectively. Note that the inversion considers modest spatio-temporal variability in θl (Section 484!

A.5) as indicated by differences in the site-derived values (Table 3). The predictive green reflectance 485!

relationships are strongly influenced by N (Fig. A1a) and the high N values are the main cause for the 486!

high Chll levels characteristic of the maize retrievals (Fig. 6a). θl works in the opposite direction and 487!

increases in θl will significantly decrease estimated Chll for the same green reflectance value (Fig. A1a). 488!

Therefore, a low N (e.g. 1.5) along with a near-horizontal mean leaf inclination angle (e.g. θl=20) could 489!

result in similar levels of Chll as a high N (e.g. 3.5) and near-vertical leaf angle inclination (e.g. θl=75) 490!

(Fig. A1a). Variations in θl strongly affect spectral relationships used for LAI prediction (e.g. EVI2) (Fig. 491!

A1b), which limits the number of feasible N and θl combinations, as only a few will minimize the overall 492!

difference between modeled and observed spectral reflectances (green, red and near-infrared), while 493!

assuring that Chll and LAI remain within a realistic range.  494!

 495!

Maize and soybean have contrasting leaf structures and canopy architectures, with soybean tending 496!

towards a more horizontal leaf angle distribution (LAD) whereas the LAD for maize is more spherical 497!

(Gitelson et al., 2005). These tendencies are supported by the contrasting N retrievals and lower values of 498!
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θl retrieved over Ne2 and Ne3 during soybean rotation years (2002 and 2004) (Table 3). N represents the 499!

leaf anatomy and cannot be directly measured. It has been determined by inverting the PROSPECT model 500!

using databases of measured leaf reflectance and transmittance spectra (e.g. Hosgood et al., 1995) and the 501!

typically accepted range of N is on the order of 1 – 3 (Feret et al., 2011; Jacquemoud and Baret, 1990), 502!

although a verifiable set of species-specific values does not exist. Clearly, the derived N values for maize 503!

are outside the ‘realistic’ range of values reported in the literature, but expanding the allowed N range (1 – 504!

4) was deemed necessary in order to achieve realistic Chll values for maize and properly match observed 505!

spectral signatures. In Richter et al. (2009) PROSPECT-SAIL (PROSAIL) failed to invert over maize and 506!

Atzberger and Richter (2012) demonstrated that forward simulations with PROSAIL using field measured 507!

biophysical parameters as input did not match observed spectral signatures of maize, as the 1D turbid 508!

medium SAIL model does not take into account row effects, shading and heterogeneous canopy 509!

architectures. Issues with the PROSPECT calibration may also impair the capability of PROSAIL to 510!

properly simulate observed canopy spectra (Section 3.4.1). Another potential source of uncertainty comes 511!

from light scattered at the surface of leaves; this partly polarized portion of the reflected light does not 512!

enter the leaf and thus conveys no direct information about its interior (e.g. leaf biochemistry). 513!

Polarization measurements may be needed to effectively correct for this confounding factor (Vanderbilt et 514!

al., 1985). 515!

 516!

Model uncertainties and limitations of this sort may severely reduce LAI and Chll retrieval accuracies and 517!

caution should be exercised when using field measured data or ‘realistic’ ranges reported in the literature 518!

for model parameterization. This is particularly true for N, as it strongly affects Chll and cannot be 519!

measured directly. As such, it may function more conveniently as a model calibrator that is being 520!

optimized to better match observed and modeled reflectance spectra (Houborg and Anderson, 2009b). By 521!

doing this, SAIL and/or PROSPECT model limitations are being compensated for by N adjustments, 522!

which could result in erroneous leaf reflectance and transmittance spectra. At least for the studied area, 523!

these adjustments do result in realistic LAI and Chl values being simulated by SAIL-PROSPECT (Rnom) 524!

for both soybean and maize. Ideally, a more physically realistic canopy reflectance model with 525!

consideration of 3D effects (e.g. DART; Gastellu-Etchegorry, 1996) should be adopted, but the enhanced 526!

complexity is an obvious limitation for satellite-based applications, particularly given the limited 527!

radiometric and spatial information content of the Landsat sensors. Multi-sensor approaches and future 528!

satellite systems may offer opportunities for investigating this further. 529!

 530!

Table 3 531!

 532!
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3.4. Impact of configuration and regularization constraints 533!

 534!

In physically-based frameworks, the accuracy of vegetation retrievals depend on the quality and 535!

radiometric information content of the input radiance data, the quality of the atmospheric correction, the 536!

physical realism and parameterization of the models used, and techniques applied for regularizing the 537!

inversion process. The impact of PROSPECT model version and three different regularization constraints 538!

(Table 1) on LAI and Chll retrieval accuracies are evaluated below. The output from each REGFLEC 539!

configuration is compared to in-situ measurements in Fig. 6b – f, with statistic measures of performance 540!

listed in Table 2. Fig. 7 provides time-series and difference maps of Chll and LAI over the studied fields 541!

during 2002 to showcase the impact of REGFLEC configurations in a spatial context.  542!

 543!

3.4.1. Influence of PROSPECT version 544!

REGFLEC was run with 3 different versions of PROSPECT (P3, P4 and P5) characterized by different 545!

chlorophyll absorption coefficients (Fig. 1) and refractive indices. P4 and P5 are based on the same 546!

experimental dataset of leaf biochemical and optical properties, but P5 allows separate treatment of 547!

chlorophylls and carotenoids. However as the carotenoids content was unrealistically set to zero for these 548!

analyses, the results cannot be used to assess the actual validity of PROSPECT-5, albeit providing useful 549!

insights into the impact of PROSPECT calibration. The choice of PROSPECT model version has a 550!

significant impact on the Chll retrieval performance with P4 (Rnom) performing best (RMSD=8.42 µg cm-551!
2, r2=0.69), followed by P5 (RP5) (RMSD=11.6 µg cm-2, r2=0.56) and then P3 (RP3) (RMSD=12.7 µg cm-2, 552!

r2=0.38) (Table 2, Fig. 5a-c). P4 is characterized by greater chlorophyll absorption than P3 and P5 in the 553!

400 – 550 nm region (Fig. 1a), which results in lower canopy reflectance in the blue and green bands of 554!

the Landsat sensor for a given Chll (Fig. 1b). This implies that for the same model parameterization, the 555!

inversion of the same canopy reflectance spectra will yield an increasingly higher Chll value when 556!

changing from P4 to P5 to P3. Accordingly, the use of both P5 and P3 caused REGFLEC to overestimate 557!

Chll (MBE = 4.48 and 4.79 µg cm-2, respectively) (Table 2).  558!

 559!

The generally higher Chll levels simulated with RP5 and particularly RP3 are clearly evident in the time-560!

series maps for the 2002 growing season (Fig. 6a). When looking at crop specifics, RP3 does reasonably at 561!

reproducing the magnitudes and variability of maize Chll (Fig. 6c) and interestingly does so based on a 562!

more ‘realistic’ class-specific parameter combination (N~1.0, θl~50, Cm=80 g m-2) (Table 3). However, 563!

RP3 has difficulty reproducing the lower Chll values characteristic of soybean, which are being 564!

overestimated by ~50% on average (Fig. 6c). In the RP3 simulation N hits the lower bound (=1.0) for 565!
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soybean and still predicts relatively high Chll (~50 µg cm-2 on average), suggesting chlorophyll absorption 566!

is too low when produced by this calibration. Rnom (using P4) on the other hand, provides a much better 567!

approximation of low Chll (e.g. those characteristic of soybean). However, P4 needs a wider N range to 568!

reproduce the high Chll characteristic of maize, as discussed in Section 3.3. The Chll simulated with P5 569!

can be modulated by changing the carotenoid content and it is likely that a real test with P5 (Car > 0) 570!

could result in improved estimation of Chll, particularly if hyperspectral information is available for 571!

properly discriminating chlorophyll and carotenoid pigments (Blackburn, 2007; Gitelson et al., 2006; 572!

Sims and Gamon, 2002). The LAI retrieval accuracy also decreases when using P3 or P5 in place of P4 573!

(MBE increases from -0.88 to ~ -1.0), although the impact is modest as the ancillary LAI constraint was 574!

active in all three simulation runs (Fig. 6a-c). 575!

 576!

These results highlight the strong sensitivity of vegetation retrievals (particularly Chll) to the adopted 577!

refractive index spectrum and specific absorption coefficients for pigments in PROSPECT and there is a 578!

need for continued research to improve the modeling of leaf reflectivity for application to both monocots 579!

(maize) and dicots (soybean) (Comar et al., 2014). While the blue spectrum holds information valuable 580!

for LAI and Chll detection (Huete et al., 2002; Hunt et al., 2011), the large differences in calibrated 581!

absorption coefficients in the blue spectrum (Fig. 1) adds to the significant uncertainties with using this 582!

wavelength region in remote sensing applications (Fensholt et al., 2006). The predictive ability of 583!

PROSPECT-4 and 5 chlorophyll retrievals are reportedly on the order of 10 µg cm-2, while failing 584!

completely for the widely used LOPEX experimental dataset (RMSD ~ 30 µg cm-2, attributed to a bias) 585!

(Feret et al., 2008), highlighting the significant challenges and uncertainties associated with applying 586!

physically-based approaches. Clearly, a high degree of realism in process description and robust 587!

knowledge of the refractive index and specific absorption coefficients is fundamental for reliable 588!

quantification of foliar pigments when inverting a canopy reflectance model (Feret et al., 2011, 2008; le 589!

Maire et al., 2004).  !590!

 591!

3.4.2. Impact of spatio-temporal constraints 592!

Low Chll and LAI estimation accuracies have been attributed to soil background interference in a number 593!

of studies (Botha et al., 2010; N. Gobron et al., 1997). REGFLEC separates the estimation of the 594!

background signal from the retrieval of class-specific canopy parameters to reduce the number of free 595!

parameters and minimize potentially confounding influences of the background reflectance signal 596!

(Section A.4). The accuracy of the established soil parameter maps (s1 and s2) depend on the number and 597!

distribution of soil pixels (LAI < 0.5) in the image and the ability to reliably fill any spatial gaps using 598!
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maps of s1 and s2 generated during sparse vegetation cover conditions. If previously generated soil 599!

parameter maps are not used as a constraint (RnoSC), spatial gaps (LAI > 0.5) will be filled based on the 600!

extrapolation of s1 and s2 values from existing soil pixels in the given scene. The mean of RnoSC Chll 601!

retrievals (46.3 µg cm-2) is higher than for Rnom (43.9 µg cm-2), and the impact of the soil background 602!

constraint on Chll is clearly visible in the scatter plots (Fig. 6a and d) and maps (Fig. 7a), particularly over 603!

intermediate vegetation coverage (Fig. 7b). It is also reflected in the Chll retrieval capacity (RMSD 604!

decreases from 8.42 to 9.31 µg cm-2, Table 2). Establishing the soil background signal below a vegetation 605!

canopy based on signals from neighboring or pre-growing season sparsely vegetated pixels is associated 606!

with large uncertainties, as the background reflectance signal responds to changes in soil texture, soil 607!

moisture and ground cover conditions, which may vary significantly in space and time. Irrigation effects 608!

constitute an additional complication. While physically-based implementations of the soil moisture effect 609!

on the soil reflectance spectra exist (Verhoef and Bach, 2007), the required detailed spatial information is 610!

not readily available. Further detailed investigations are needed to develop improved image-based 611!

approaches to take these issues into account. 612!

 613!

Figure 7 614!

The multi-scene constraint (Section A.5) simultaneously incorporates spectral reflectance observations 615!

over intermediate to dense vegetation from multiple Landsat scene acquisitions over the growing season 616!

to derive an optimal set of class-specific (and seasonally fixed) vegetation parameters. When this 617!

constraint is not invoked (RnoMC), the retrieval of class-specific vegetation parameters (N, θl and Cm) is 618!

undertaken independently for each scene (if a sufficient amount of intermediate to dense vegetation pixels 619!

exist) allowing for unconstrained fluctuations in N, θl and Cm over the course of the growing season for a 620!

given land cover class. The importance of the multi-scene constraint is clearly illustrated by the RnoMC 621!

validation statistics (Table 2, Fig. 6e), with r2 decreasing to 0.35 and the RMSD increasing to 12.3 µg cm-622!
2 for Chll. The reduced retrieval accuracy is partly the result of occasional temporal jumps in N, such as in 623!

2003 when retrieved N changed from 1.5 on DOY 191 to 3.75 on DOY 207, which results in unrealistic 624!

temporal Chll behavior. The temporal Chll dynamics are also affected over the 2002 growing season and 625!

the Chll of the maize (Ne1) and soybean (Ne2, Ne3) sites is not well discriminated (e.g. approximately 626!

similar levels on DOY 220) (Fig. 7a). The multi-scene constraint is needed to arrive at well-constrained 627!

class-specific vegetation parameters and avoid temporal variations in N and Cm over the growing season 628!

for a specific land cover class.  629!

 630!
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The plot of measured Chll against retrievals without the ancillary LAI constraint (RnoLC) (see Section A.7) 631!

shown in Fig. 6f is characterized by significantly more scatter (r2=0.41 and RMSD=11.2) compared to 632!

retrievals constrained by ancillary LAI (r2=0.71 and RMSD=8.42) (Fig. 6a). This is not unexpected, as 633!

LAI and Chll have a mutually compensating effect on canopy spectra making accurate separation 634!

difficult. Large differences in retrieved Chll are especially evident over sparsely vegetated pixels (Fig. 6a 635!

and b). Chll retrievals based on Landsat data are characterized by large uncertainties for low LAI (LAI < 636!

1) due to decreasing spectral sensitivity and increasing influence of confounding factors, especially LAI 637!

and soil background (Houborg et al., 2009). Thus, minor changes in derived LAI and soil reflectance may 638!

result in markedly different Chll retrievals and this issue becomes especially evident when LAI is not 639!

being constrained, as illustrated by the enhanced intra-field Chll variability in the RnoLC output for DOY 640!

180 over low LAI pixels (Fig. 7a and b).  641!

 642!

Surprisingly, unconstrained (RnoLC) LAI retrievals are characterized by the highest estimation accuracies 643!

(RMSD = 1.01) and reduced underestimation of destructively measured LAI (MBE=-0.66) (Table 2, Fig. 644!

6f). On average, the simulations underestimate soybean and maize LAI by 9% and 26%, respectively 645!

(Fig. 6f), which is a considerable improvement over the constrained LAI validation results (Fig. 6a-e, 646!

Table 2). The ancillary LAI dataset used in this study (Gao et al., 2012) produces MODIS consistent LAI 647!

at the Landsat spatial scale by relating LAI retrievals at the MODIS 1 km scale to co-incident Landsat 648!

surface reflectances based on a regression tree approach. Given the coarse resolution of the MODIS 649!

sensor, high LAI values in sub-pixel agricultural fields are likely to be under-sampled by this approach, 650!

causing under-estimation of actual LAI (Gao et al., 2012; Guindin-Garcia et al., 2012). While in-situ LAI 651!

observations may be incorporated into the training process to effectively reduce under-sampling of high 652!

LAI values (Gao et al., 2014) or used for developing accurate empirical LAI prediction algorithms 653!

(Gitelson et al., 2007; Viña et al., 2011), these implementations have limited utility for more operationally 654!

oriented applications. In addition, SAIL outputs an effective LAI that may diverge considerably from the 655!

true LAI due to foliage clumping effects and it is important that the ancillary LAI used as a constraint 656!

complies with this definition.  657!

 658!

The REGFLEC unconstrained LAI retrievals produce spatial and temporal patterns that are similar to 659!

those recorded in the ancillary LAI dataset (Fig. 7b), with generally modest differences in LAI 660!

magnitudes (see also supplemental Fig. 1). Nevertheless, the impact on retrieved Chll is visibly significant 661!

over the 2002 growing season, notably for the soybean fields (Ne2 and Ne3), where Chll typically 662!

increases by 10 – 25 µg cm-2 compared to Rnom simulations (Fig. 7a). Variations in retrieved Chll may 663!
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partly be the result of spatio-temporal dynamics in θl considered by Rnom but not RnoLC (Section A.5). This 664!

highlights the strong sensitivity of the Chll retrievals to even small changes in confounding factors. 665!

 666!

4. Summary 667!

 668!

The achievable accuracy of joint LAI and Chll retrieval was examined within a regularized model 669!

inversion system, using standard broad spectral bands (green, red and near-infrared) available from an 670!

operational remote sensing system. A fundamental property of the REGFLEC model is the ability to 671!

retrieve both LAI and Chll directly from at-sensor radiances using a fully integrated system of radiative 672!

transfer models that can be applied over most regions without the need for site-specific calibration, using 673!

information extracted entirely from image-based and readily available datasets. As part of a iterative 674!

LUT-based inversion approach, REGFLEC diagnoses a suite of predictive LAI and Chll spectral 675!

reflectance relationships, which are specific to each scene acquisition (view and illumination geometry) 676!

and dependent on land cover class, leaf structure, canopy architecture and soil background conditions. 677!

Validation against in-situ data collected over maize and soybean sites in central Nebraska over a 5-year 678!

period demonstrated that it is feasible to retrieve LAI and Chll from Landsat data with good accuracy 679!

when the inversion process has been properly regularized. 680!

 681!

The shape of canopy spectra depend on many internal and external factors that may easily confound the 682!

detection of the signal attributed to a single biophysical property such as LAI or leaf Chl. A physical 683!

model is required to properly account for these confounding factors and derive meaningful spectral 684!

relationships. However, physically-based systems are sensitive to uncertainties in model parameterization 685!

and limitations in the description of physical processes. In this study, the Chll predictability strongly 686!

depended on the adopted refractive index spectrum and specific absorption coefficients for pigments in 687!

PROSPECT, and it was necessary to significantly expand the allowed range of the leaf structure 688!

parameter (N) in order to properly match observed spectral signatures and achieve realistic Chll for maize 689!

with PROSPECT-4. Importantly, applications of SAIL-PROSPECT using field measured data or 690!

‘realistic’ parameter distributions as input can lead to biased Chll results due to calibration issues like this.  691!

 692!

The ill-posed nature of model inversion, which results in different combinations of model parameters 693!

corresponding to almost identical spectra, constitutes an additional complication. The limited information 694!

carried by the radiometric signal of space based platforms calls for the application of novel spatio-695!

temporal regularization techniques to introduce additional information useful for guiding the inversion 696!

process in the right direction. The use of ancillary LAI, based on downscaled MODIS LAI, was shown to 697!
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be effective at regularizing the ill-posed inverse problem, with improved separation of LAI and Chll 698!

effects on observed reflectance spectra. Likewise, establishing the soil background signal for vegetated 699!

pixels based on a pre-growing season satellite scene and imposing a multi-scene constraint for the 700!

retrieval of class-specific vegetation parameters, lead to improved robustness of the retrievals. Although 701!

the applied temporal and spatial constraints proved effective, reliable extraction of Chll magnitudes from 702!

satellite observed top of canopy reflectances remains extremely challenging. Variations in atmospheric 703!

conditions, vegetation structure and soil background, in addition to model uncertainties, all complicate the 704!

detection of relatively subtle differences in canopy reflectance resulting from changes in Chll. Accurate 705!

detection of absolute Chll is essential for meaningful utilization within process-based land surface models 706!

for parameterization of photosynthetic capacity (Houborg et al., 2013) and for precision farming 707!

applications requiring consistent information on leaf nitrogen status. In order to ensure the retrieval of 708!

consistent and realistic Chll levels on a crop-specific basis, a set of land cover based nominal Chll values 709!

(representative of optimal unstressed conditions) could potentially be incorporated to guide the inverse 710!

retrieval of class-specific vegetation parameters (favoring best fit solutions that provide the closest 711!

approximation to the nominal Chll). This would require information on crop type and associated nominal 712!

Chll from an extensive literature review and existing databases (e.g. TRY; Kattge et al., 2011). 713!

 714!

Accurate retrieval of vegetation biophysical properties is complicated by the competing balance between 715!

the physical realism of models that describe the transfer and interaction of radiation inside the canopy and 716!

the need of simplified descriptions for effective parameterization in a remote sensing context. The 717!

homogeneous canopy assumption of a turbid medium canopy reflectance model like 4SAIL may not be 718!

appropriate for heterogeneous canopies with more complex structures and significant shadowing effects 719!

(Schlerf and Atzberger, 2006) and will lead to LAI underestimation in case of canopy clumpiness (as 720!

shown for maize in this study). However, the simplification is often required to reduce the dimensionality 721!

of the inversion process (Goel, 1988). Recognizing that effective LAI is being retrieved, improved 722!

approximations of true LAI may be achieved by division with vegetation clumping index values derived 723!

from multi-angular data (Pisek et al., 2013).  A key objective for future research is to investigate how the 724!

type, complexity and physical realism of canopy reflectance models may affect the retrieval accuracies 725!

within the framework of REGFLEC. Additional model choices such as NADIM (Gobron et al., 1997b), 726!

4SAIL2 (Verhoef and Bach, 2007), and DART (Gastellu-Etchegorry, 1996) are in the process of being 727!

implemented for this purpose.  728!

 729!

Future applications of REGFLEC will focus on implementing additional spectral bands in order to 730!

increase the amount of information used in the inversion process. Indices based on bands in the red-edge 731!
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region (Dash and Curran, 2007; Gitelson et al., 2003b) are characterized by improved sensitivity over the 732!

full range of chlorophyll values and reduced sensitivity to confounding factors. Additional bands on the 733!

near-infrared plateau would be helpful for improved detection of leaf senescence. Hyperspectral data 734!

streams have the potential to enhance Chl retrieval capabilities even further (e.g. Malenovský et al., 735!

2013), although careful attention to confounding factors remains a necessity (Baret, 1991). Unfortunately, 736!

super- or hyperspetral information is not available or being freely distributed on a routine basis by the 737!

existing suite of space satellites. The pair of Sentinel-2 satellites from the European Space Agency, with 738!

the first satellite scheduled to launch in 2015, will be delivering super-spectral data at resolutions down to 739!

10 m with an exceptional revisit capability of 2 – 5 days once both satellites are in orbit, which is likely to 740!

be highly beneficial for joint LAI and Chll detection within the framework of REGFLEC, significantly 741!

advancing the ability to monitor plant physiological conditions (Clevers and Gitelson, 2013; Clevers and 742!

Kooistra, 2012; Schlemmer et al., 2013). In the meantime, continuation with Landsat data has been 743!

secured with the successful launch of Landsat-8. Nevertheless, with Landsat alone, given a 16-day revisit 744!

time that can be significantly lengthened due to cloud contamination, the temporal sampling frequency is 745!

rarely sufficient to properly resolve time-varying dynamics in vegetation functioning. In the present 746!

study, even with two Landsat satellites available, temporal gaps of up to 30 days occurred (Fig. 4). In 747!

order to improve temporal sampling frequency, data from multiple instruments may be used 748!

synergistically (e.g. Landsat, SPOT) or the spatial detail from high spatial resolution sensors such as 749!

Landsat may be fused with high frequency observations from spatially coarse resolution sensors such as 750!

MODIS (Gao et al., 2006).  751!

To conclude, physically-based joint retrieval of LAI and Chll from Landsat observed reflectances, 752!

independent of local calibration data, remains a challenging task due to the ill-posed nature of model 753!

inversion and the limited information carried by the radiometric signal. Continued development of image-754!

based regularization techniques is needed to mitigate this ill-posed inverse problem (i.e. properly 755!

discriminate contributions from the atmosphere, canopy and soil) and achieve higher estimation 756!

accuracies. Clearly, additional advances in the retrieval of canopy biophysical and leaf biochemical 757!

constituents for reliable detection of rapid changes in vegetation health and photosynthetic functioning 758!

will require innovative (and potentially synergistic) use of existing remote sensing data within physically 759!

realistic canopy reflectance models as well as the ability to exploit the enhanced spectral and spatial 760!

capabilities of upcoming satellite systems. Relating satellite-retrieved leaf-level biochemical constituents 761!

to key carbon-related parameters (e.g. photosynthetic capacity, light-use-efficiency) in a consistent 762!

manner for integration into land surface models is another important but challenging objective for future 763!

research. 764!
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  1143!

Appendix A: REGFLEC description 1144!

 1145!

The REGFLEC multi-step retrieval and regularization methodology (Fig. 2) is described in detail below. 1146!

 1147!

A.1. Data preprocessing and atmospheric correction (step 1 and 2) 1148!

The current version of REGFLEC requires growing season time-series of Landsat terrain corrected (Level 1149!

1T) products as input. Built in processing routines handle scene sub-setting, co-registration and cloud 1150!

masking. Clouds and cloud shadows are automatically detected using the Fmask object-based approach 1151!

(Zhu and Woodcock, 2012), which has proven highly effective, with overall detection accuracies on the 1152!

order of 96 %. The preprocessed Landsat images of at-sensor radiances are atmospherically corrected 1153!

using 6S (Section 2.1). For Landsat imagery, the sensor view zenith angle (θvz) may vary between -7.5° 1154!

and 7.5°, and the important spatial variation in θvz is extracted automatically from the imagery using 1155!

information on the scene orientation angle and the distance to the scene center meridian. A REGFLEC 1156!

Graphical User Interface (GUI) includes routines for download and on the fly processing of atmospheric 1157!

state and ancillary data from various satellite and ground-based sources (Fig. 2). Surface elevation may be 1158!

retrieved from the GTOPO30 global digital elevation model at approximately 1 km resolution. Point-1159!

specific τ550, total precipitable water (TPW) and aerosol size distribution can be retrieved from 1160!

AERONET data (Holben et al., 1998). In this case, REGFLEC will search for nearby AERONET sites 1161!

and handle all data access and processing needs. Spatially distributed τ550 data at 10 km resolution can be 1162!

acquired from the MODIS aerosol product (MOD/MYD04) and TPW at 1 or 5 km resolution can be 1163!
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retrieved from the MODIS water vapor products (MOD/MYD05) or at 45 km resolution from the 1164!

Atmospheric Infrared Sounder (AIRS) standard retrieval product by interfacing directly with the 1165!

respective data distribution servers. O3 is also retrievable from AIRS data. Alternative O3 sources 1166!

embedded within REGFLEC include the Total Ozone Mapping Spectrometer (TOMS) (1.25x1° 1167!

resolution) and the Aura Ozone Monitoring Instrument (OMI) (0.25° resolution). The REGFLEC GUI 1168!

conveys quality and uncertainty information, and it is possible to combine the various products for gap-1169!

filling purposes.  1170!

 1171!

A.2. Land cover classification (step 3) 1172!

A land cover map that accurately separates individual crop classes represents a critical component of the 1173!

REGFLEC retrieval technique, although knowledge of the actual cover types is not currently a 1174!

requirement. An embedded and automated land cover classification scheme performs class separation 1175!

based in part on an unsupervised ISODATA classification technique (Tou and Gonzalez, 1974) and 1176!

Normalized Difference Vegetation Index (NDVI) time-series data, thereby using differences in phenology 1177!

to distinguish functionally different cover types. An ISODATA classification with input of cloud-1178!

screened atmospherically corrected NDVI images is first run to generate a large number (~100) of initial 1179!

classes. Time-series correlation coefficients (r2) and Root-Mean-Square-Deviations (RMSD) are 1180!

computed between class-averaged NDVI time-series, with these metrics then used to combine classes 1181!

with similar phenology (r2 > 0.92) and NDVI magnitudes (low RMSD). If ancillary LAI is used to 1182!

constrain the vegetation parameter retrievals (Section A.7), it is possible to use the independent LAI time-1183!

series data in place of NDVI as a proxy for phenology. Additionally, within the conterminous USA, the 1184!

classification may make use of Cropland Data Layer (CDL) products from the U.S. Department of 1185!

Agriculture National Agricultural Statistics Service 1186!

(http://www.nass.usda.gov/research/Cropland/SARS1a.htm) to guide the grouping of iso-classes. The 1187!

CDL classifies U.S. crop cover types using satellite imagery from the Advanced Wide Field Sensor 1188!

(AWIFS) and Landsat, together with a variety of ancillary datasets and ground truth data (Han et al., 1189!

2012). The spatial resolution of most CDL data is 30 m and covers all 48 adjoining states starting from 1190!

2009, although many states have yearly CDL data back to 1997. The full CDL dataset can be 1191!

automatically accessed within REGFLEC and used either as a stand-alone land cover classification or as 1192!

ancillary input to the embedded land cover classification routine. 1193!

 1194!

A.3. LUT generation (step 4) and access 1195!
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LUTs of spectral reflectances and VIs (Table A1) are generated by running SAIL-PROSPECT (Section 1196!

2.2) in forward mode for a given view and illumination geometry (θsz, θvz, θaz, θsaz) over a wide parameter 1197!

distribution space (Table A2). The ranges adopted for LAI and Chll (0 – 8 and 10 – 90 µg cm-2, 1198!

respectively) are expected to cover the variability observed in most ecosystems. The LUTs consist of 8 1199!

dimensions, as a reflectance value must be stored for all possible combinations of each LAI, Chll, N, θl, 1200!

fB, Cm, s1, and s2 entry. For some parameters, the LUTs are only computed for a few entries to reduce the 1201!

computational demand of the LUT generation (total number of parameter combinations = 636480/LUT). 1202!

The parameter range for N and θl have been set particularly wide (1 – 4 and 5 – 80°, respectively) to make 1203!

the system applicable to a wide range of leaf structures and canopy architectures. A previous study using 1204!

REGFLEC (Houborg and Anderson, 2009b) indicated that these model parameters may function more as 1205!

internal calibrators of the model system, compensating for input reflectance errors and model 1206!

deficiencies, causing deviations from a ‘realistic’ set of cover specific parameter values while still 1207!

maintaining reliable LAI and Chll estimations. This tendency is discussed in greater detail in Section 3.3. 1208!

 1209!

The LUTs are used in forward mode for LAI/Chll estimation (as a function of observed reflectances) and 1210!

in inverse mode for spectral reflectance estimation (as a function of LAI/Chll). Chll and LAI spectral 1211!

relationships are established for given parameter entries (N, θl, fB, Cm, s1, and s2) by fitting a polynomial 1212!

or exponential equation to the modeled reflectance or VI value at each Chll and LAI entry, respectively. 1213!

Parameter entry values that fall in between the respective LUT entries (Table A2) are considered by 1214!

linearly interpolating between bounding parameter values when accessing the LUTs (Houborg et al., 1215!

2009), which makes the results less sensitive to the specified parameter entries. 1216!

 1217!

When using Landsat data, green band reflectance (Rgreen) relationship are used for Chll prediction. Clearly, 1218!

modeled Rgreen responds significantly to changes in Chll (Fig. A1a) and for dense cover conditions 1219!

(LAI>2.5), Chll – Rgreen relationships are largely unaffected by further increases in LAI and changes in 1220!

soil background conditions due to a very low leaf transmittance in the green spectrum (Houborg et al., 1221!

2009). However, at high vegetation densities, Chll – Rgreen relationships are highly sensitive to changes in 1222!

both N and θl (Fig. A1a), with an increase in N leading to an increase in Chll (for the same Rgreen), whereas 1223!

Chll will decrease if θl increases. The two-band enhanced vegetation index (EVI2, Jiang et al., 2008) is 1224!

used as the primary LAI predictor, given its improved sensitivity over dense vegetation. In this study, 1225!

EVI2 (Table A1) is used in place of the three-band EVI (Huete et al., 2002) due to difficulties matching 1226!

observed and modeled reflectance values in the blue band. While the index normalization causes changes 1227!

in N to have a relatively minor influence on simulated EVI2 – LAI relationships, they remain strongly 1228!

affected by variations in θl (Fig. A1b). At high vegetation densities, Cm also becomes a controlling factor 1229!
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(Fig. A1b). While normalized vegetation indices typically reduce the effect of confounding factors, single 1230!

band reflectance relationships like LAI - Rnir and Chll - Rgreen (Table A1) maintain improved sensitivity 1231!

over a wider range in LAI and Chll, respectively (Houborg et al., 2009). In any case, proper determination 1232!

of N, θl and Cm is critical for reliable estimation of Chll and LAI when using Landsat-based spectral 1233!

relationships as predictors. 1234!

 1235!

Table A1 and A2 1236!

Fig. A1 1237!

 1238!

 1239!

A.4. Initial soil background estimation (step 5) 1240!

The estimation of soil parameters (s1 and s2) is separated from the estimation of class-specific vegetation 1241!

parameters (Section A.5) to minimize potentially confounding influences of the background reflectance 1242!

signal on the Chll and LAI retrievals. The basics behind the s1 and s2 retrieval and spatial extrapolation 1243!

technique for sparsely vegetated pixels are described in detail in Houborg and Boegh (2008). To 1244!

summarize, REGFLEC identifies bare soil or low vegetation pixels in the scene and estimates s1 for each 1245!

of these by iteratively changing s1 and s2 until the MAE between satellite observed and modeled 1246!

reflectances (Rgreen, Rred and Rnir) is minimized. The modeled reflectances are derived from LUTs accessed 1247!

in inverse mode (Section A.3), assuming default vegetation parameter and Chll entry values (Houborg et 1248!

al., 2009) and using spatialized LAI estimates. The latter is calculated from a weighted combination of 1249!

LUT-based LAI – NDVI relationships (Section A.3) with input of Landsat reflectance data. As the 1250!

technique is only meaningful for low vegetation cover, derived LAI must be below 0.5 for s1 and s2 to be 1251!

retrieved reliably. This condition is often difficult to meet, leading to large spatial gaps in the soil 1252!

parameter maps. As a result, REGFLEC may initially be run for a scene with predominantly sparse 1253!

vegetation coverage (preferably just before the growing season) in order to more effectively establish the 1254!

spatial variability in the soil signal. The resulting s1 and s2 maps are then used to fill gaps in subsequent 1255!

scenes with more vegetation coverage.  1256!

 1257!

REGFLEC attempts to incorporate changes in soil brightness between the pre-growing season image and 1258!

subsequent scenes. Since the second soil parameter, s2, only accounts for approximately 20% of the 1259!

spectral variability in the soil reflectance (Price, 1990), s2 is assumed conservative in time and all 1260!

brightness changes attributed to s1 variations. A multivariate linear regression is established in order to 1261!

relate s1 in the active scene to the a priori (i.e. pre-growing season) s1 and s2 values. The regression is 1262!
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based on retrievals over pixels identified as soil (or sparsely vegetated) in both scenes and subsequently 1263!

used to fill gaps at vegetated pixels with input of the bare soil (pre-growing season) s1 and s2 values. If 1264!

available, an ancillary soil texture map may be used to extrapolate s1 to unfilled vegetated pixels (LAI > 1265!

0.5) as described in Houborg and Anderson (2009b). Otherwise, the extrapolation to unfilled pixels is 1266!

based on land cover class and proximity to valid soil pixels. The resulting s1 map provides a first estimate 1267!

of the soil background signal. The reliability of the retrievals depends in part on the availability of 1268!

sufficient a priori s1 estimates and matching s1 pairs to generate meaningful transfer functions and 1269!

properly adjust for soil brightness changes between the two scenes. A pixel-wise refinement of s1 is 1270!

implemented in Section A.6 in an attempt to adjust for surface roughness and moisture variability not 1271!

captured by the initial estimates. 1272!

 1273!

A.5. Class-specific parameter retrievals (step 6) 1274!

In an attempt to constrain the inverse retrieval of LAI and Chll from the spectral reflectance signal, N, Cm 1275!

and to some extent θl (see below), are assumed to remain constant within a given land cover class over the 1276!

course of a growing season (Houborg and Anderson, 2009b). A key new attribute of REGFLEC is the 1277!

option to simultaneously exploit spectral observations (over intermediate to dense vegetation) from 1278!

multiple satellite scenes over a growing season, which is typically available in the case of Landsat. The 1279!

retrieval of optimal sets of class-invariant vegetation parameters relies on the availability of intermediate 1280!

to dense vegetation pixels, where the contribution of the background signal to the overall scene 1281!

reflectance is reduced and the total amount of radiation scatter by plants is increased (Daughtry et al., 1282!

2000), which maximizes the sensitivity of the reflectance signal to variations in N, Cm and θl.  1283!

 1284!

Initial class-specific pixel selection is based on a default NDVI threshold of 0.7. Further screening is 1285!

performed to only include the most dense vegetation pixels at each acquisition time. At the same time, 1286!

pixels on the boundary of land cover classes are omitted to avoid mixed pixels. Using an iterative LUT 1287!

approach, REGFLEC then loops through all plausible parameter combinations of N (1.0, 1.2…4.0), θl (15, 1288!

20…80), and Cm (20, 40, 60, 80) and for each combination calculates initial LAI (as a function of 1289!

observed Rnir) and Chll (as a function of observed Rgreen) for all selected class-specific pixels. With Chll 1290!

calculated, LAI is updated as a function of EVI2. The relevant Chl and LAI relationships are established 1291!

by accessing the appropriate scene-specific LUTs (Section A.3), using the initial estimates of soil 1292!

parameters (Section A.4). These spatio-temporal Chl and LAI estimates are then input to the LUTs for 1293!

retrieving modeled spectral reflectances (Rgreen, Rred, Rnir) for each high NDVI pixel. The optimal class-1294!

specific parameter combination (i.e. N, θl, Cm) is the one that results in the smallest relative MAE between 1295!
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the multi-scene modeled and observed spectral reflectances, while assuring that Chll and LAI of 1296!

associated pixels remain within a realistic range (Table A2).  1297!

 1298!

Due to the ill-posed nature of model inversion (Combal et al., 2002), different parameter settings may 1299!

yield identical reflectance spectra. As such, it can be very difficult to separate relative contributions of 1300!

LAI and Chll from the total reflectance signal (Wu et al., 2008). While the use of multi-scene spectral 1301!

observations, as described above, represents a temporal regularization technique that can be helpful in 1302!

guiding the inverse retrieval process, REGFLEC may also embed ancillary LAI, derived independently 1303!

from satellite data (Section A.7), as a constraint on the parameter retrievals. The ancillary LAI is 1304!

integrated into the routines described above to 1) select class-specific pixels suited for the inversion (LAI 1305!

> 2), 2) estimate initial LAI (instead of LAI – Rnir relationships), and 3) calculate modeled spectral 1306!

reflectances (a weighted average of REGFLEC and ancillary LAI is used). 1307!

 1308!

Imposing temporal constraints on N and Cm is meaningful as they are typically fairly constant over the 1309!

growing season for a given species type (Hosgood et al., 1995). θl may exhibit greater intra-class 1310!

variability dependent on phenological stage (Huemmrich, 2013; Ross, 1981) and information on θl in 1311!

space and time should ideally come from independent sources such as multi-angular satellite imagery. 1312!

However, such information is currently not available. In REGFLEC, when ancillary LAI is used, spatio-1313!

temporal patterns in θl is deduced from LUT-based θl - Rnir relationships using input of ancillary LAI and 1314!

iterated parameter combinations (N and Cm). This is a reasonable approximation as, for a given LAI, the 1315!

near-infrared reflectance plateau is primarily modulated by θl (Asner, 1998). Following the class-specific 1316!

parameter estimations, additional fine-tuning of θl is done independently for each scene by iteratively 1317!

varying θl (class averaged value ± 15) over high vegetation density pixels to optimize the match between 1318!

observed and modeled spectral reflectances. The resulting θl output is smoothed (to minimize intra-field 1319!

variability) and extrapolated to all class-specific pixels based on proximity in space and time to a valid 1320!

pixel retrieval.    1321!

 1322!

A.6. LAI and Chll retrieval (step 7) 1323!

Following the class-specific multi-scene determination of N, θl, and Cm, each satellite scene is processed 1324!

individually for estimating optimal Chll and LAI for all pixels within each land cover class, by iteratively 1325!

adjusting s1 and fB (if applicable), as outlined in Houborg and Anderson, (2009b). Chll is mapped over the 1326!

modeling domain using model-diagnosed Chl – Rgreen relationships, reflecting differences in LAI, land 1327!

cover (N, θl, Cm), view-sun geometry, soil background (s1, s2) and degree of senescence (fB, if applicable). 1328!
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A combination of LAI – MTVI2, LAI – EVI2 and LAI – Rnir relationships (Table A1) are used to derive 1329!

the final LAI product. Ancillary LAI may be used as an additional constraint on the pixel-wise retrievals 1330!

using the approach described in Section A.5. Note that adopted VI relationships are exclusively model 1331!

derived and that no site-specific (in-situ) data are used for calibration purposes. 1332!

 1333!

When REGFLEC is applied to multiple scenes, the activation of the fB module (for considering leaf 1334!

senescence) will be determined automatically for each class based on ancillary LAI or NDVI time-series 1335!

data (significant continuous declines in LAI/NDVI are assumed indicative of senescence onset). During 1336!

senescence, further increases in Chll and total LAI are assumed unlikely and predictions are constrained 1337!

by penalizing combinations (s1, fB) that result in an increase in Chll or total LAI, or a decrease in fB 1338!

relative to the retrievals from the preceding Landsat scene at corresponding pixel locations. There is a 1339!

strong link between fB and the differences between red and green reflectances, as increasing the amount 1340!

of senescent leaf material causes an increase in red relative to green reflectance (Houborg et al., 2009). As 1341!

a result, REGFLEC adopts fB – RGVI relationships (Table A1) for the delineation of horizontal fB 1342!

gradients. For any iterated fB value, appropriate fB – RGVI relationships (LUTs) are accessed and applied 1343!

for disaggregating fB onto each pixel. These are then used to update the green LAI and total (green + 1344!

senescent) Chll values. 1345!

 1346!

A.7. Ancillary LAI constraint 1347!

Some studies have shown increased robustness when integrating leaf level biochemical variables to the 1348!

canopy level (e.g. leaf Chl×LAI) (Baret et al., 2007; Gitelson et al., 2005; Weiss et al., 2000) as leaf and 1349!

canopy scale variables can have a mutually compensating effect on canopy reflectance (Lewis and 1350!

Disney, 2007). Ancillary LAI may be used within the REGFLEC retrieval scheme (Section A.5 and A.6) 1351!

in order to better separate LAI and Chll effects on observed reflectance spectra. Since other model 1352!

parameters (N, θl, Cm) are kept free with wide ranges (Table A2), this LAI constraint could prove to be 1353!

particularly important for regularization purposes. REGFLEC embeds an automated routine for retrieving 1354!

ancillary LAI from Landsat using MODIS LAI products as reference (Gao et al., 2012). In this approach, 1355!

homogeneous and high-quality LAI retrievals from MODIS (1 km) are used as references to develop a 1356!

regression tree relating these MODIS LAI samples to atmospherically corrected Landsat surface 1357!

reflectances derived using the Landsat ecosystem disturbance adaptive processing system (LEDAPS) 1358!

(Masek et al., 2006).  Landsat bands 2-5 and 7 are used to build the regression tree and multiple MODIS 1359!

and Landsat image pairs are used in the process to include a wider range of sampled LAI. The same 1360!

regression tree is then applied to all Landsat scenes for producing LAI values at 30 m resolution that are 1361!
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consistent with the MODIS LAI product. Evaluations against field measurements have shown that this 1362!

approach can produce accurate estimates of LAI from Landsat (Gao et al., 2012). 1363!



!
!

!
 
Fig. 1 a) Spectral variability of the Chlorophyll a and b specific absorption coefficients used in PROSPECT-5 (P5), 
PROSPECT-4 (P4), and PROSPECT-3 (P3). For P5, the specific absorption coefficients of the carotenoid content 
(Car) are also shown, although this component is not specifically treated (Car = 0) in the current REGFLEC 
implementation of P5. Spectral response filters of the Landsat-7 blue, green and red bands are shown using the 
secondary y-axis. b) SAIL-PROSPECT simulated canopy reflectances using the three PROSPECT versions for two 
different values of Chl (30 and 60 µg cm-2). The symbols represent integrated reflectance values over the blue, 
green and red wavelength region using the Landsat 7 response filters (a). For these simulations, LAI=4, θl=55, 
s1=0.2, N=1.8, Cm=30, fB=0, θs=30, θv=0. 
  



!
 
Fig. 2 Diagram of the REGularized canopy reFLECtance (REGFLEC) modeling system for translating at sensor 
radiance observations into leaf area index (LAI) and leaf chlorophyll content (Chll). REGFLEC combines 
atmospheric (6S), canopy (SAIL) and leaf (PROSPECT) models and adopts an iterative LUT-based inversion 
approach. The retrieval system implements multiple steps including automated processing streams based on readily 
available image-based sources, and incorporates ancillary information and spatio-temporal constraints for 
regularization purposes. In the provided minimization function (used in both step 5, 6 and 7), pobs and ppre represent 
observed and modeled spectral (green, red, near-infrared) reflectances, respectively and !"# is a penalty operator. 
See Section 2.1, 2.2 and 2.3 for parameter definitions and detailed methodology.  
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!
Fig. 3 Study area near Mead, Nebraska together with the location of the three field sites under continuous maize 
(Ne1) and maize-soybean rotation (Ne2, Ne3). The Landsat scene subset (shown) used as input to REGFLEC 
encompasses 1136 x 523 pixels, with the Mead sites located approximately in the center. 
!
!
! !



!
!
Fig. 4 Timing and frequency of acquired Landsat 5 and 7 scenes over the 2001 – 2005 study period used as input to 
REGFLEC.   
!
! !



!
Fig. 5 Site (Ne1, Ne2, Ne3) and year (2001 – 2005) averaged time-series of measured (a) green LAI and (b) Chll 
for maize and soybean fields at Mead, Nebraska. The bars represent standard deviations and degree of intra and 
inter-field variability over the five year period (2001 – 2005). Note that the maize and soybean time-series were 
based on a total of 11 (Ne1: 2001 – 2005; Ne2 and Ne3: 2001, 2003, 2005) and 4 (Ne2 and Ne3: 2002, 2004) site-
years, respectively. The maximum and minimum observed LAI and Chll values over the studied period are also 
indicated. In (a) the averaged measured canopy fraction of senescent leaf material (fB) is plotted on the secondary 
y-axis.  
!
! !



!
Fig. 6 Validation of REGFLEC total (green + senescent) Chll and LAI retrievals against in-situ measured data from 
irrigated and rainfed agricultural fields over a 5 year period, demonstrating the impact of regularization constraints 
and model choices (Table 1). a) Nominal run configuration (Rnom), b) PROSPECT-5 run (RP5), c) PROSPECT-3 
run (RP3), d) without soil background constraint (RnoSC), e) without multi-scene constraint (RnoMC), f) without 
ancillary LAI constraint (RnoLC). The error bars represent the assumed uncertainty (±10%) of the in-situ 
measurements (section 2.3). 



!
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!
Fig. 7 Maps of total (green + senescent) (a) Chll and (b) LAI over the studied fields in 2002, demonstrating the 
impact of REGFLEC configuration (Table 1).!
! !
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!
Fig. A1 Suite of predictive Chll – Rgreen (a) and LAI – EVI2 (b) relationships established by running SAIL-
PROSPECT with varying N, θl and Cm and LAI and Chll fixed as indicated. In all runs, θs=27, θv=1.5, s1=0.2 and 
s2=0. 
!
! !



!
!

!

Supplemental Fig. 1. Comparative scatter plots of ancillary LAI versus (a) in-situ measured LAI, (b) REGFLEC 
retrieved LAI based on the nominal run configuration (Rnom), and (c) REGFLEC retrieved LAI without ancillary 
LAI constraint (RnoLC).  In (a) the error bars represent the assumed uncertainty (±10%) of the in-situ measurements.  



Table 1 Overview of the different REGFLEC runs performed in this study, indicating the specific 
configurations (regularization constraints) and model choices of each run. P5, P4 and P3 represent different 
PROSPECT versions (section 2.2). 

 

 

 

 

 

 

 

a Soil background constraint (section 2.3.4) 
b Multi-scene constraint (section 2.3.5) 
c Ancillary LAI constraint (section 2.3.7) 
  

Runs P5 P4 P3 SC a MC b LCc 

Rnom  X  X X X 

RP5 X   X X X 

RP3   X X X X 
RnoSC  X   X X 
RnoMC  X  X  X 

RnoLC  X  X X  



Table 2 Quantitative statistic measures of the over performance of REGFLEC in estimating Chl [µg cm-2] 
and LAI [m2 m-2] over maize and soybean using different setup configurations (Table 3). The REGFLEC 
retrievals were evaluated against in-situ measurements (n=68 and 97 for Chll and LAI, respectively) 
collected over 5 growing seasons (2001 – 2005) encompassing different development stages (green-up, 
reproductive, senescence). The last row shows the performance of the ancillary LAI dataset. The best 
performing statistic metrics are indicated in bold. 

O is the mean of the in-situ measurements, S is the mean of REGFLEC retrievals, RMSD is the root-mean-
square difference between model estimates and measurements, RRMSD is the relative RMSD 
(RMSD/O*100), MBE is the mean bias error (if positive REGFLEC overestimates measurements), and r2 is 
the coefficient of determination. O, S, RMSD and MBE have units of µg cm-2. 

 

Runs  O S RMSD RRMSD [%] MBE r2 

Rnom 
Chl 44.1 43.9 8.42 19.1 0.04 0.69 
LAI 3.06 2.19 1.25 41.0 -0.88 0.85 

RP5 
Chl 44.1 48.5 11.6 26.3 4.48 0.56 
LAI 3.06 1.90 1.46 47.6 -1.09 0.85 

RP3 
Chl 44.1 49.8 12.7 28.8 4.79 0.38 
LAI 3.06 2.06 1.37 44.8 -1.00 0.85 

RnoSC 
Chl 44.1 46.3 9.31 21.1 1.93 0.67 
LAI 3.06 2.15 1.29 42.1 -0.91 0.83 

RnoMC 
Chl 44.1 42.5 12.3 27.8 -3.13 0.35 
LAI 3.06 2.21 1.22 39.9 -0.86 0.85 

RnoLC 
Chl 44.1 43.3 11.2 25.4 -0.66 0.41 
LAI 3.06 2.45 1.01 32.8 -0.62 0.85 

Ancillary LAI 3.06 2.14 1.25 41.1 -0.86 0.83 
 

  



Table 3 Optimized year-specific class-invariant vegetation parameters for the study sites (Ne2, Ne2, Ne3) 
based on REGFLEC runs using the nominal configuration (Table 3). θl is given for each site with an 
associated standard deviation to indicate the degree of spatio-temporal variability considered by the retrieval 
system (section 2.3.6). In year 2001, 2003 and 2005 all three sites were under maize rotation.  

Year N θl Cm 
 Maize Soybean Ne1 Ne2 Ne3 Maize Soybean 
2001 3.5 - 67±0.4 66±0.8 68±0.5 20 - 
2002 3.9 1.3 66±1.9 46±5.8 52±2.4 20 60 
2003 3.6 - 66±1.5 66±1.1 68±1.1 20 - 
2004 3.3 1.3 65±1.2 54±1.9 56±2.2 20 20 
2005 3.8 - 69±1.1 68±1.3 70±0.7 20 - 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table A1 List of spectral bands and indices dedicated for Chll and LAI retrieval as part of the REGFLEC 
iterative LUT approach (section A.3-A.6). LUTs are generated for each of these given the parameter ranges 
listed in Table 2. nirR  is near-infrared reflectance, greenR  is the green band reflectance, NDVI is the 

normalized difference vegetation index, EVI2 is the two-band enhanced vegetation index, and MTVI2 is the 
second modified triangular vegetation index. The normalized difference vegetation index using red and green 
band reflectances (RGVI) is adopted here for predicting spatial variations in fB (section A.7). !
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Index Formula Reference 

L
A

I 

LAI=f(Rnir)
  

nirR   

LAI=f(NDVI) Rnir − Rred( ) Rnir + Rred( )   Rouse et al. (1974) 

LAI=f(EVI2) 2.5 Rnir − Rred( ) Rnir + 2.4Rred −1( )   Jiang et al. (2008) 

LAI=f(MTVI2) 
1.5 1.2 Rnir − Rgreen( )− 2.5 Rred − Rgreen( )"# $%

2Rnir +1( )2 − 6Rnir − 5 Rred( )− 0.5
 Haboudane et al. (2004) 

 

C
hl

 Chl=f(Rgreen)
 

greenR   

fB=f(RGVI) Rred − Rgreen( ) Rred + Rgreen( )     



 

 

Table A2 Specific values and ranges for 8 input parameters used for building multi-dimensional LUTs of the 
spectral bands and indices listed in Table 1. For some parameters, the LUTs are only computed for a few 
entries but REGFLEC considers parameter values that fall in between the respective LUT entries by linearly 
interpolating between bounding parameter values (Houborg et al., 2009). 

 

 

 

 

 

 

Parameter Abbr Unit LUT entries 

Leaf area index LAI m2 m-2 0.2,0.7,1.2,1.7,2.2,2.7,3.2,3.7,4.2,4.7,5.2,5.7,6.2,6.7,7.2,7.7 

Leaf chlorophyll content Chl µg cm-2 14,20,26,32,38,44,50,56,62,68,74,80,86 

Mean leaf inclination angle θl Deg 5,10,15,20,25,30,35,40,45,50,55,60,65,70,75,80,85 

Leaf structure parameter N  1.0,2.0,4.0 
Dry matter content Cm g m-2 10,200 
Canopy fraction of  
senescent material fB  0.0,0.2,0.4,0.6,0.8 

Soil parameter s1  0.1,0.25,0.6 

Soil parameter s2  -0.1,0.0,0.1 


