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Preface to ”Remote Sensing of Biophysical

Parameters”

This book reviews the state of the art in the retrieval of biophysical vegetation parameters using

field, satellite and airborne data, as well as the assimilation of remote sensing data with vegetation

models and its usage in a wide variety of applications in remote sensing. The following is a brief

summary of the topics and applications that comprise the book.

In the first contribution of the book, Mathews and Kinoshita highlighted the different burn severity

and green canopy loss patterns in urban Mediterranean riverine systems, which are altered by

invasive riparian vegetation. A combination of satellite and field-based observations was used to

investigate the impact of fuel conditions, fire behavior, and vegetation regrowth patterns.

The study of Pu et al. analyzed the uncertainty of the MODIS LAI/FPAR estimates caused

by different sources, such as inherent model uncertainty, input uncertainty (BRF and biome

classification), clumping effect, and scale dependency.

Regarding the feature selection on forest LAI prediction, Brede et al. developed a workflow for

Sentinel-2 and Landsat harmonised biophysical products’ retrieval, assessing the impact of multiple

properties: the machine learning regression algorithm, a prior knowledge of leaf chemistry, the

radiative transfer model, the addition of a noise in training data and the use of Sun Zenith Angle

(SZA) as an additional feature.

The study of Hussain et al. demonstrated the capabilities of multispectral sensors onboard

unmanned aerial vehicles (UAV) for retrieving the biophysical characteristics of rapeseed crops (leaf

area index (LAI), leaf mass per area (LMA) and specific leaf area (SLA)) at different growth stages,

using empirical methods based on optimal spectral vegetation indices.

Chen et al. developed a generic algorithm for the retrieval of FAPAR that performed well in

separating the green and woody components, which is of great importance for obtaining a better

understanding of the energy exchange within the canopy.

Dealing with the satellites of the EUMETSAT constellation, Garcı́a-Haro et al. presented a

methodology that was developed in LSA SAF to generate biophysical variables from the SEVIRI

sensor on board MSG 1-4 (Meteosat 8-11) satellites. This study provides expert knowledge and

evaluates the potential of the SEVIRI/MSG vegetation products, including both climate data records

(CDRs) and near-real-time observations of FVC, LAI and FAPAR.

Kycko et al. investigated the influence of lead ions on the growth of pea plants, which caused

noticeable changes in the physical properties of plants. This study demonstrates the potential of

hyperspectral techniques and chlorophyll fluorescence measurements to detect the effect of heavy

metals and monitoring of contaminated areas.

In the work by Brown et al., the performances of two hybrid retrieval algorithms in the estimation

of LAI and CCC from MSI data were evaluated. The work also highlights the importance of selecting

the radiative transfer models that can most accurately describe the structure of the canopy in forest

environments.

Bilal et al. evaluated different hybrid methods to estimate biophysical variables (LAI, FAPAR,

FVC, chlorophyll content) in wheat crops from Sentinel-2 data, including a variety of machine

learning (kernel-based and non-kernel-based) algorithms.

In the work of Wocher et al., a simple yet effective, physically based model was developed to

retrieve water content at the leaf and canopy scales using hyperspectral data, allowing for insights

into the physical, and proving the transferability of the model to different sites and crop types.

ix



Finally, Wang and Fang complete the book with an excellent review of LiDAR technology for LAI

retrieval, different validation methods and impact factors.

Francisco Javier Garcı́a-Haro, Manuel Campos Taberner, and Hongliang Fang

Editors
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Abstract: A combination of satellite image indices and in-field observations was used to investigate
the impact of fuel conditions, fire behavior, and vegetation regrowth patterns, altered by invasive
riparian vegetation. Satellite image metrics, differenced normalized burn severity (dNBR) and
differenced normalized difference vegetation index (dNDVI), were approximated for non-native,
riparian, or upland vegetation for traditional timeframes (0-, 1-, and 3-years) after eleven urban
fires across a spectrum of invasive vegetation cover. Larger burn severity and loss of green canopy
(NDVI) was detected for riparian areas compared to the uplands. The presence of invasive vegetation
affected the distribution of burn severity and canopy loss detected within each fire. Fires with native
vegetation cover had a higher severity and resulted in larger immediate loss of canopy than fires with
substantial amounts of non-native vegetation. The lower burn severity observed 1–3 years after the
fires with non-native vegetation suggests a rapid regrowth of non-native grasses, resulting in a smaller
measured canopy loss relative to native vegetation immediately after fire. This observed fire pattern
favors the life cycle and perpetuation of many opportunistic grasses within urban riparian areas.
This research builds upon our current knowledge of wildfire recovery processes and highlights the
unique challenges of remotely assessing vegetation biophysical status within urban Mediterranean
riverine systems.

Keywords: riparian; invasive vegetation; burn severity; canopy loss; wildfire

1. Introduction

Across the world, wildfires are increasing in frequency and magnitude under a chang-
ing climate and increased human interaction, which in turn impacts natural resources,
infrastructure, and millions of people [1]. Continuous landscape conversion due to the
expansion of the human population in southern California has fragmented chaparral
ecosystems and encouraged urbanization to spread into the wildlands. This has increased
the potential for ignition and damages to human communities and surrounding ecosys-
tems [2,3].

Riparian environments serve as corridors that provide habitat connectivity for flora
and fauna throughout wildland and urban riverine systems. These corridors starkly differ
from the upland vegetation in species composition, functional type, canopy cover, and
moisture content [4,5]. The immediate riparian zone surrounding Mediterranean riverine
systems (Med-sys) is associated with different vegetation types with high relative humidity
and cool temperatures, which can act as a barrier to fire spread. These riparian areas
often exhibit the rapid recovery of pre-fire vegetation biomass in comparison to upland
chaparral [4,6]. Hydrologic disturbances caused by urbanization, especially the increase of
dry weather base-flow due to impermeable land cover (“urban drool”), significantly alter
native riparian vegetation density and community structure [7]. Compounded by higher
nutrient loads and heightened disturbance from more frequent flash floods, urban riparian
environments encourage invasions and rapid settlements of opportunistic and invasive
vegetation species [8–11].

Remote Sens. 2021, 13, 19. https://dx.doi.org/10.3390/rs13010019 https://www.mdpi.com/journal/remotesensing1
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Since 2002, the number of fires under 5 km2 in the urban riparian environment
has increased in southern California [12]. This can be attributed to human ignition
sources from transportation corridors, recreation, powerlines, and people experiencing
homelessness [2,13,14]. Further, invasive plant infestations increase the density of vegeta-
tion biomass, which profoundly alters riverine hydrology and geomorphology and also
impacts fire behavior and frequency within these systems [13–15]. The universal infestation
of non-native vegetation throughout the stream and river systems of coastal California in
conjunction with human ignition sources has arguably instituted a new regime of invasive
grass–fire feedback cycles within the urban environment [14–16].

The impact of invasive species infestation on fire behavior, specifically in the urban
environment, has not been previously documented. Studies indicate that as climate and
other anthropogenic alterations, such as drought, human ignition sources, vegetation type
conversion, and fuel accumulation, intensify, riparian environments in southern California
are changing from flood-defined to fire-defined ecosystems [10,15,17]. However, further
research is needed to describe the impact of invasive species on fire patterns and ecosystem
recovery throughout the urban landscape, and to provide information for identifying and
prioritizing management techniques.

There is an innate and irreplaceable value in in-field surveys; however, modern
monitoring approaches will improve our ability to capture universal patterns of post-fire
vegetation dynamics across urban riparian environments, as well as providing rapid as-
sessments after fires. One metric that provides context for the biophysical disturbance of
vegetation, as well as the socio-economic impact of a fire, is burn severity [16]. Two widely
used indices to measure the effect of fire on biomass are the differenced normalized burn
ratio (dNBR) and the differenced normalized difference vegetation index (dNDVI). Gener-
ally, both remote sensing indices are used to quantify the loss of biomass or organic matter
with respect to the pre-fire conditions of an ecosystem. Almost all previous studies found
that dNBR had the strongest relationship with in-field observations of burn severity [18].
However, the development of these metrics focused on the measurement and definition
of burn severity within boreal forests and upland chaparral environments [18], while the
effect of fire on riparian ecosystems is generally underrepresented [4,19].

There is a need to understand the measurement and sensitivity of burn severity metrics
in Mediterranean riparian areas, most notably in urban and wildland–urban interface
(WUI) environments, which are capable of rapid biophysical changes under climate and
anthropogenic influences. Developing quantitative assessments for to evaluate the effect
of fire on diverse riverine habitats within urban areas will improve the management and
mitigation of fire’s impacts on human safety and ecosystems. We hypothesized that the
presence of invasive vegetation species would alter the relationship between the upland,
riparian, and invasive zones’ burn severity and canopy loss. The main objectives of this
study are to 1) measure and compare dNBR (burn severity) and dNDVI (canopy loss)
between upland and riparian zones in urban environments, 2) determine if the presence of
invasive vegetation species alters the relationship between the upland and riparian zones,
burn severity, and canopy loss over time, and 3) determine if the current burn severity and
canopy loss indices are valid within the urban Med-sys.

2. Methods

2.1. Study Area

Southern California has a semi-arid, Mediterranean climate, where a prolonged dry
season from late spring to late fall is interrupted by a relatively short wet period from
December to March [20]. The southern California Mediterranean type ecosystem (MTE) is
characterized by chaparral shrub- and scrub-dominated hillslopes that feed into downslope
temperate woodland riparian corridors. This study focuses on riparian areas of southern
California that exist in or adjacent to the urban environment that are exhibiting ecological
shifts towards vegetation cover dominated by non-native species. We also focus on one of

2
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the most prolific species, Arundo donax, in urban and WUI southern California drainages,
and its role in the grass–fire cycle.

To represent a range of urban and Mediterranean vegetation and fire conditions, data
from eleven fires were collected from the southern California region. Ten fires were selected
from the California Department of Forestry and Fire Protection (CalFire) Fire and Resource
Assessment Program (FRAP) 2018 database and one additional fire, estimated from satellite
imagery, used as a case study (Figure 1). All fires selected have the following characteristics:
occurred in southern California from 2007 to 2018, the burned area was less than 40 km2,
included a river or creek [21] and therefore a measurable riparian corridor, and the fire
was near or encompassed urban land-use [22]. Seven fires included invasive vegetation
cover [14], and three control fires (Colina and West Fires) had no invasive cover (Table 1).
The 2018 Del Cerro fire was a small urban fire that was incorporated as the eighth invasive
fire, and the eleventh fire in total. In June 2018, the Del Cerro fire burned a substantial
portion of the riparian zone along Alvarado Creek, a perennial and channelized tributary
of the San Diego River in California. This human-ignited brush fire was fueled primarily
by the presence of non-native and highly invasive Arundo donax and Washingtonia spp.

Figure 1. Eleven urban fires in southern California. The land class is shown at 30-m
resolution within each county.
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Table 1. Characteristics for the eleven selected fires in order of ascending total acres burned. Note that only the percentages of invasive,
riparian, and upland cover, which are relevant to this study, are reported.

Name
Ignition

Date (m/d/y)
Containment
Date (m/d/y)

County Impacted River Ignition type
Total Area

Burned
(km2)

Percent
Invasive

Cover

Percent
Riparian

Cover

Percent
Upland
Cover

Del Cerro 6/3/2018 6/4/2018 San Diego Alvarado Creek Juveniles 0.15 8.02% 37.04% 53.09%

Colina Fire 9/10/2007 9/10/2007 Riverside Deluz Creek Vehicle Accident 0.87 0.00% 17.93% 81.29%

Lincoln
Fire 8/16/2015 Unknown Los

Angeles Rio Hondo Transient Camp 0.95 14.23% 41.17% 37.25%

Lyon Fire 9/9/2013 9/12/2013 San Diego Wilson Creek Accidental 1.06 0.00% 9.87% 90.13%

West 7/6/2018 7/10/2018 San Diego Viejas Creek Unknown 2.04 0.00% 17.65% 33.98%

Bernardo 5/13/2014 5/18/2014 San Diego Lusardi Creek Sparks from power
equipment 6.26 1.25% 29.43% 64.99%

Vuelta Fire 6/16/2007 6/18/2007 San Diego San Luis Rey River Unknown- transient
camp suspected 9.02 37.64% 58.01% 4.03%

Deluz Fire 10/5/2013 10/14/2013 San Diego Santa Margarita
River Unknown 9.05 4.85% 15.73% 76.91%

Lilac Fire 12/7/2017 12/16/2017 San Diego San Luis Rey River Unknown 16.5 6.23% 12.19% 30.25%

Rye Fire 12/5/2017 12/13/2017 Los
Angeles Santa Clara Unknown 24.5 1.89% 6.51% 78.44%

Canyon 2 10/9/2017 10/17/2017 Orange Santa Anna River
and Santiago Creek

Embers from
Canyon 1 Fire 37.3 0.14% 11.86% 78.53%

2.2. Vegetation Classification

The CalFire FRAP, in cooperation with the California Department of Fish and Wildlife
VegCamp program and USDA Forest Service Region 5 Remote Sensing Laboratory (RSL),
compiled land cover data available for California into a single statewide data set. These
data span from approximately 1990 to 2014. During this period, the most current, detailed,
and consistent data were collected and compiled into the common classification scheme,
the California Wildlife Habitat Relationships (CWHR) system. This vegetation dataset,
FVEG [23], in coordination with the National Hydrology Dataset (NHD) [21] was used to
classify land types relevant to this study, including: (1) riparian, (2) upland, (3) cropland,
(4) urban, and (5) water.

Non-vegetated land covers “water” and “urban” were classified by fveg, but vegetation-
based land cover, such as cropland, riparian and upland area, were not pre-defined. Thus,
we used vegetated areas categorized into the fveg database by the specific Wildlife Habitat
Relationship Name (WHRname), which represents major vegetative complexes at a scale
sufficient to predict wildlife–habitat relationships. The following WHRnames were com-
bined as “riparian” land cover from the fveg dataset: Valley foothill riparian, Fresh emergent
wetland, Saline emergent wetland, Wet meadow, Desert wash, Desert riparian, Marsh, Estuarine,
and Riverine. The riparian cover created from the fveg dataset was often not contiguous
through urban corridors, so the NHD dataset was used to identify additional riparian
environments.

From 2008 to 2010, Cal-IPC mapped Arundo donax and other invasive plant species at
high resolution in all coastal watersheds in California from Monterey to San Diego [14].
These high-resolution data were generalized to include all invasive species, resampled
at 30-m resolution to match the Landsat raster grid, and appended to the fveg classifica-
tions. In all eleven fire perimeters, invasive vegetation was located solely in the riparian
region and classified independently from either riparian or upland classes within the burn
perimeter (Table 1). The final six land classifications in this study included (1) riparian,
(2) upland, (3) cropland (4) urban, (5) water, and (6) invasive plants (Figure 1). Cropland,
urban, and water classifications were omitted from all calculations to reduce noise from
non-vegetation features and land classes that were not present.

4
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2.3. Burn Severity and Vegetation Metrics

Differenced normalized burn ratio (dNBR) identifies areas that have changed in the
amount of charred plant material and soil, while differenced normalized difference vegeta-
tion index (dNDVI) identifies the change in the presence or absence of green vegetation.
Landsat data images were acquired and processed prior to calculating dNBR and dNDVI
metrics at a 30-m resolution (Table 2). Collection 1 level 1 data from the Landsat 5 Thematic
Mapper™ or the Landsat 8 Operational Land Imager (OLI) and Thermal Infrared Sensor
(TIRS) image data were collected for each fire based on the date of ignition. The Landsat
digital number (DN) was converted into a top of atmosphere (TOA) reflectance or the
amount of light reflected to the satellite. The calculation of TOA from DN corrects for
atmospheric conditions and the position of the sun, which mitigates the effects of light scat-
tering in the atmosphere and results in a reduced haze and less wavelength distortion [24].
Further atmospheric correction was not required as the images selected for this study
contained minimal cloud cover (less than 5% cover) or other obstructions. Acquisition
dates for each image are noted in Table 2.

Table 2. Landsat imagery dates for each time-point condition for each fire.

Fire Name
Immediately
Pre-Fire (1)

Immediately
Post-Fire (2)

One-Year
Post-Fire (3)

Three-Years
Post-Fire (4)

Del Cerro 16 May 2018 21 June 2018 19 June 2019 N/A

Colina 25 July 2007 11 September 2007 27 July 2008 17 July 2010

Lincoln 7 August 2015 10 October 2015 9 August 2016 15 August 2018

Lyon 10 August 2013 27 September 2013 29 August 2014 3 September 2016

West 21 June 2018 13 July 2018 8 June 2019 N/A

Bernardo 19 May 2014 29 May 2014 12 May 2015 1 May 2017

Vuelta 6 May 2007 25 June 2007 25 June 2008 20 May 2010

Deluz 11 September 2013 14 November 2013 30 September 2014 2 September 2016

Lilac 25 November 2017 27 December 2017 12 November 2018 N/A

Rye 2 December 2017 4 February 2018 26 November 2018 N/A

Canyon 2 8 October 2017 24 October 2017 27 October 2018 N/A

2.4. Differenced Normalized Burn Ratio (dNBR)

Normalized burn ratio (NBR) is an effective measure of burn severity in a variety of
landscapes ranging from forest to chaparral [25]. This index can be related to the severity
of a wildfire in the ecosystem by quantifying the transition from vegetated terrain to dry,
ashy soil that is interspersed with blackened vegetation [26]. The NBR is calculated by
using the relative difference in reflectance between the near infrared (NIR) and short-wave
infrared (SWIR) (Equation (1)) from Landsat 5 TM or Landsat 8 OLI/TIRS. Equation (1) is
based on the physical properties of vegetation, where green plant growth reflects NIR well,
while dry, burned soil reflects highly in the SWIR [24,26]. NBR is the ratio of the difference
in percent reflectance between the two spectra and ranges between −1 and 1.

NBR was calculated for the pre-fire, immediately post-fire, and one-year post-fire
conditions for each fire (Table 2). Immediate images measure the fire impact on the land-
scape, while NBR after one year serves as a metric for longer-term and indirect ecosystem
effects of fire [25]. Differencing the pre-fire and either immediate or one-year post-fire
NBR (Equation (2)) creates a measure of burn severity. High dNBR values indicate high
severity burn damage, and negative to low values indicate low burn severity to increasing
vegetation productivity. dNBR for each fire was calculated using the three Landsat dates to
capture the two time-point conditions (Table 2). See Equations (1) and (2) below:

NBR = (NIR − SWIR) * (NIR + SWIR)−1, (1)

dNBR = NBRPre-fire − NBRPost-fire. (2)

5
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Burn severity approximated by dNBR, relates the change in reflectance from pre-fire to post-
fire conditions to the surveyed ecological and socio-economic impact of the fire [18,26,27].
We utilized the burn severity levels established by Lutes et al. [18] and Key and Benson [26]:
enhanced regrowth (−500 to −101), unburned (−100 to 99), low severity (100 to 269),
moderate severity (270 to 659), and high severity (660 to 1300).

2.5. Differenced Normalized Difference Vegetation Index (dNDVI)

Plant health, NDVI, was estimated through the relationship of chlorophyll light
absorption for photosynthesis in the red (Red) wavelength with high reflectance in the
NIR [28] (Equation (3)). A lower NDVI represents bare soil to sparse vegetation (0.025–0.09)
and a higher NDVI represents green vegetation (≥0.25) [24]. The vegetation index was
used to estimate the vegetation or biomass change before and after fire. This approach
illuminates the spatial and ecological shifts in vegetation distribution within the sample
fires and estimates vegetation health through “greenness” [29,30]. In forested environments,
dNDVI has a weaker relationship with field-based measurements of burn severity than
dNBR [26]. However, in Tran et al. [31], it was an effective measure of fire severity in
riparian environments (Equation (4)). See Equations (3) and (4) below:

NDVI = (NIR − Red) * (NIR + Red)−1, (3)

dNDVI = NDVIPre-fire − NDVIPost-fire. (4)

Keeley and Keeley [32] showed that the total canopy cover for chaparral systems
stabilizes three years after a fire. This study used the three years after a fire to represent a
“stabilized” state of vegetation. To monitor both the immediate and longer-term post-fire
vegetation trends, the dNDVI for each fire was calculated using pixel to pixel analysis
between four Landsat dates (pre-fire, post-fire, one-year, three-years) to describe three
time-point conditions (Table 2). Sparks et al. [33] related fire radiative energy density
(FRED: MJ·m−2) and in-field measurements of percent canopy loss to remotely sensed
dNDVI observations. Based on Sparks et al. [33], we categorized levels of canopy loss
(approximated by dNDVI) as unburned (<0.005), low (0.005 to 0.049), moderate (0.05 to
0.199) and high (>0.2).

2.6. Statistical Analysis

To compare between vegetation classifications and between fires with invasive vegeta-
tion and without, control fires, fires that did not contain invasive cover, were separated into
“upland control” and “riparian control” vegetation areas or “classes.” Non-control fires,
referred to as “invasive fires” through the rest of this study, were separated into “invasive,”
“riparian,” and “upland” vegetation classes. Satellite image indices, dNBR and dNDVI
(burn severity and green canopy loss), were compared between time-point conditions
(Table 2) by each land class for each control or invasive fire using average values derived
from 30-m resolution Landsat data. The average vegetation class values of burn severity
and green canopy loss by each fire were also averaged across all control or invasive fires.

To compare the burn severity and green canopy loss between upland and riparian
zones in urban environments (objective 1), we tested the hypothesis that riparian and
upland vegetation would be different for both burn severity and green canopy loss across
all fires (hypothesis 1). To determine if the presence of invasive vegetation species alters
the relationship between the upland and riparian burn severity and the canopy loss
immediately and over time (objective 2), we hypothesized that riparian and upland burn
severity and green canopy loss would remain different between each time-point, showing
a disparity between recovery efficacies (hypothesis 2; see Table 2). It was also hypothesized
that the invasive vegetation class would experience higher immediate burn severity and
canopy loss than all other vegetation classes in both invasive and control fires (hypothesis 3).
Lastly, to determine if the current burn severity and canopy loss indices are valid within
the urban Med-sys (objective 3), it was hypothesized that the relationship between dNBR
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versus dNDVI would be linear for each vegetation classification of both invasive and
control fires (hypothesis 4). It was also hypothesized that, for Med-sys, green canopy loss
and burn severity may have a stronger linear relationship in the riparian class than the
upland class for both invasive and control fires (hypothesis 5).

All hypotheses regarding burn severity and canopy loss within all vegetation classes
(invasive, riparian, riparian control, upland, and upland control) and between each fire
were compared using unpaired two-tailed t-tests in Matlab (Table 2). The null hypothesis
for each test was that the two-population means were equal and rejected if the resulting
p-values were less than 0.05. Significant results are defined by p-values less than 0.05.

3. Results

To quantify the unique impacts of fire and the vegetation recovery dynamics of
differing vegetation classifications in the Mediterranean riverine landscape, we discretized
the invasive, riparian, and upland regions of eleven southern California urban fires and
tracked dNBR and dNDVI for the first three years after fire.

3.1. Immediate Burn Severity and Canopy Loss by Fire

The Del Cerro and Colina fires had the smallest fire areas (0.15 km2 and 0.87 km2),
and the Canyon 2 and Rye fires had the largest areas (37.3 km2; Table 1). The percent
cover of both riparian and invasive classes was calculated for each fire (Table 1). The
three control fires, Colina, Lyon, and West, had no Arundo cover, while invasive vegetation
in the riparian ranged from 0.14% (Canyon 2 Fire) to 38% (Vuelta). The Vuelta, Lincoln,
and Del Cerro fires had the highest invasive to riparian cover ratios (0.65, 0.51, and 0.35,
respectively), while the Canyon 2 and Bernardo fires had the smallest ratios (0.01 and 0.04).

To test if the immediate (0-year) burn severity was different between all vegetation
classes and between control and invasive fires, the dNDVI was averaged for the upland,
riparian, and invasive classes immediately following each fire (Figure 2A). The three control
fires only tested upland and riparian vegetation and showed that the burn severity for each
vegetation class was statistically different. The average 0-year burn severities for both the
Lyon (0.48 ± 0.13) and West fires (0.39 ± 0.21) were moderate and were over two times
higher than the low burn severity in Colina (0.18 ± 0.10). The riparian burn severities in
the Lyon and West fires were 18% and 30% higher than in the upland vegetation, while the
riparian burn severity was only 8.9% higher than the upland in the Colina fire.

In general, the riparian areas tended to have a higher burn severity than the upland
regions across both invasive and control fires (9 of 11 fires; Figure 2A). The average 0-year
burn severity across all eight fires that had invasive cover was generally classified as
moderate (dNBR = 0.289; Figure 2A). The highest 0-year burn severity averaged across
all vegetation classes occurred after the Deluz fire (0.65 ± 0.21), and the lowest occurred
after the Canyon 2 fire (0.16 ± 0.08). Upland burn severity was statistically different from
invasive burn severity across seven of the eight fires (Canyon 2, Bernardo, Rye, Deluz, Lilac,
Lincoln and Vuelta). Upland burn severity was also significantly different from riparian
burn severity for seven fires (Canyon 2, Bernardo, Rye, Deluz, Del Cerro, Lincoln and
Vuelta Fire). Four fires (Bernardo, Rye, Deluz and Vuelta Fire) had statistically different
burn severities for invasive vegetation compared to native riparian and upland vegetation
classifications.

To test if the immediate (0-year) green canopy loss was different between all vegetation
classes and between control and invasive fires, dNDVI was averaged by upland, riparian,
and invasive classes immediately following each fire (Figure 2B). For the control fires, the
average 0-year green canopy loss for the upland and riparian classes for both the Lyon
and West fires was over 50% higher than the riparian and upland classes in the Colina fire.
Similar to burn severity, the 0-year riparian and upland canopy losses were significantly
different for only the Lyon and West fires, where the riparian cover was 28% and 40%
higher than the upland vegetation, respectively. In addition, the average green riparian
canopy loss for the Lyon and West fires (0.277 ± 0.100 and 0.271 ± 0.142, respectively) was
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significantly higher than all the fires with non-native vegetation present, except for the
Deluz fire (0.285 ± 0.142).

 
Figure 2. The dNBR and categorized burn severity by vegetation class immediately after
each fire (A). The dNDVI and relative change in “greenness,” by vegetation class immedi-
ately after each fire (B), where positive values above zero indicate a loss of greenness and
negative values indicate an increase in greenness. Fires are in order of ascending percent
invasive cover. The control fires have zero percent invasive cover and are denoted by *.
The results of the unpaired t-tests are denoted for each fire by shapes to represent each null
hypothesis. If the null hypothesis was rejected, the results were statistically significant
and symbolized by a solid shape. Statistically insignificant results are symbolized by
open shapes.

We hypothesized that riparian green canopy loss in the dNDVI would be different
from the upland class. This was true for nine of the eleven fires evaluated, including seven
of the eight fires that burned invasive vegetation (Figure 2B). The average green canopy
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loss was significantly different between all vegetation classes for five out of the eight fires
(Canyon 2, Bernardo, Rye, Deluz and Lilac). In the five fires that supported hypotheses
1–3, the highest green canopy loss occurred in the invasive class where the canopy losses
were, on average, 33% and 86% higher than the riparian and the upland areas, respectively.
For six of the seven fires, the riparian vegetation class loss was, on average, 74% higher
than the upland class, and was significantly different. The Canyon 2 fire was the only
exception, where the upland and riparian burn severities were not significantly different,
but the upland green canopy loss was 9.4% higher. The Del Cerro fire was the only case
wherein the invasive region had significantly lower green canopy loss than the upland
region. The highest 0-year green canopy loss as the dNDVI averaged across all vegetation
classes occurred after the Deluz fire (0.263 ± 0.118), and the lowest occurred during the
Vuelta fire (0.094 ± 0.098).

3.2. Average Burn Severity and Canopy Loss Patterns over Time

To evaluate the patterns in burn severity between immediately after fire (0-year)
and 1-year following fire, dNBR for each vegetation class was averaged across the eight
invasive fires and three control fires (Figure 3A; Table 3). Across the eight fires with invasive
vegetation, 0-year burn severity was higher for invasive cover (moderate, 0.362 ± 0.240)
compared to riparian (moderate, 0.254 ± 0.193) and upland cover (low severity, 0.205 ±
0.134). This was statistically significant (p < 0.05). However, the average burn severity for
the riparian vegetation in the control fires (moderate, 0.360 ± 0.222) was 35% higher than
the burn severity observed in riparian areas of invasive fires. The riparian burn severity for
control fires was similar to the burn severity of the invasive class for invasive fires, which
was statistically significant at p < 0.05.

Table 3. Mean dNBR and dNDVI values and standard deviations by vegetation class for each point in time. Control fire vegetation
classes are denoted by *.

0-Year Post-Fire 1-Year Post-Fire 3-Years Post-Fire

Veg. Class dNBR dNDVI dNBR dNDVI dNBR dNDVI

Invasive 0.362 ± 0.240 0.210 ± 0.138 0.211 ± 0.181 0.166 ± 0.166 N/A 0.029 ± 0.090

Riparian 0.255 ± 0.193 0.161 ± 0.121 0.109 ± 0.173 0.203 ± 0.134 N/A 0.007 ± 0.113

Riparian * 0.360 ± 0.222 0.218 ± 0.134 0.158 ± 0.172 0.057 ± 0.088 N/A −0.041 ± 0.093

Upland 0.205 ± 0.135 0.106 ± 0.109 0.035 ± 0.119 0.160 ± 0.107 N/A 0.015 ± 0.107

Upland * 0.298 ± 0.176 0.167 ± 0.087 0.133 ± 0.161 0.057 ± 0.082 N/A −0.033 ± 0.085

The burn severity was statistically different between 0- and 1-year for all classes,
where 1-year burn severity was on average 63% lower than 0-year. The largest percent
change in burn severity between 0-year and 1-year occurred in the upland areas (−83%),
and the smallest percent change in burn severity occurred in the invasive class (−42%). By
1-year, the average burn severities for all vegetation classes were statistically different from
0-year.

To compare the progressive change in green canopy loss following the fire, average
dNDVI was evaluated as a proxy of “greenness” or green canopy loss for invasive and
control fires by vegetation class for three points in time (Figure 3B). The highest average
green canopy loss values occurred immediately following fire (0-year) and were recorded
for riparian control and invasive classes (0.360 ± 0.222 and 0.362 ± 0.240, respectively).
The invasive and riparian controls were not statistically similar for 0-year, however, all
other classes were statistically different. This included the upland control (0.167± 0.087)
and riparian class (0.160 ± 0.121), which were similar for 0-year (Figure 3B). The upland
class had the lowest immediate loss in the green canopy (0.106 ± 0.109) and was over 20%
lower than all other vegetation classes.
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Figure 3. Average dNBR and burn severity across all fires by vegetation class for 0-year
post-fire and 1-year post-fire (A). Burn severity is categorized by dNBR. Average dNDVI
and relative change in “greenness” for invasive and control fires by vegetation class for 0-
year post-fire, 1-year post-fire, and 3-year post-fire (B). Positive values above zero indicate
a loss of greenness, and negative values indicate an increase in greenness.

One year following the fire, the largest green canopy recovery occurred for control
fires, where the upland control class decreased by −66%, and the riparian control decreased
by −74%. After 1-year, the average dNDVI for the upland and riparian classes in control
fires converged and remained statistically similar to each other through the 3-year. The
lowest recovery in green canopy 1-year post-fire occurred in the riparian class, where the
1-year dNDVI value (0.203 ± 0.133) was 27% higher than the 0-year value. The upland
followed a similar pattern to the riparian but exhibited an even larger relative loss of green
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canopy with a 50% increase in dNDVI (0.159 ± 0.107). Although an increase of green
canopy was detected for the invasive class for the 1-year, it exhibited the smallest absolute
change in dNDVI out of all the classes (−21%). Further, the overall 1-year recovery of
green canopy was over 20% higher in the invasive class (0.166 ± 0.165) than the riparian
class and 4.3% higher than the upland class.

By 3-year, the green canopy loss generally diverged by control and non-control fires.
The control upland and riparian classes increased in the green canopy by over 150% from
1-year to 3-year and by 3-year both had 18% more green canopy cover than the pre-fire
state. Conversely, the 3-year dNDVI for the riparian, upland, and invasive classes were
positive, indicating less green canopy cover than the pre-fire state. The lowest green canopy
recovery (dNDVI) by 3-year occurred in the invasive class (0.028 ± 0.089), followed by the
upland and riparian classes, respectively (0.015 ± 0.106 and 0.006 ± 0.112). Although the
3-year values appeared similar, all classes were statistically different except for the riparian
and upland control classes (Figure 4).

 
Figure 4. Canopy loss proxied by differenced Normalized Difference Vegetation Index (dNDVI) 3 years post-fire for each
vegetation class. Control fire vegetation classes (no invasive species) are denoted by *. Box and whisker plots indicate the
median, 25th, and 75th percentiles. The whiskers extend to the most extreme data points not considered outliers, and the
outliers are denoted by ‘+’.

4. Discussion

Dwire and Kauffman [4] noted that there is much to learn about riparian fire, and
proposed interesting relations worth evaluating further, such as the compounded impacts
of land-use change, invasive plant species, and other anthropogenic pressures on fire
ecology and ecological recovery processes. It was recognized that senescence could impact
estimates of burn severity and vegetation estimates. Traditionally, when vegetation indices
are calculated using imagery from one year after the pre-fire date, it is assumed that error
from seasonal senescence is removed due to the assumption that vegetation conditions are
similar at the same time of year. Compared to woody annuals in upland environments,
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riparian perennials grow extremely quickly [34–36]. In particular, grasses and forbs sprout
quickly after winter rains and desiccate by early summer [37]. As a result, there are
significant seasonal changes in vegetation cover and health within a rapid time frame that
may affect the accuracy of remotely sensed plant health and burn severity [38]. Based on an
unpaired two-tailed t-test, the pre- and post-fire unburned riparian areas were statistically
similar. In an auxiliary analysis, we confirmed that reflectance changes were not due to
senescence in any of our eleven fires.

4.1. Influence of Invasive Plants on Burn Severity and Green Canopy Loss after Fire

Generally, across all the fires, including the control fires, the 0-year burn severity
and green canopy loss was statistically different between the upland and riparian regions
(hypothesis 1). This was reflected in the averaged results (Figure 3), where the riparian
region experienced higher burn severity and canopy loss immediately following the fire,
supporting previous observations by Dwire and Kauffman [4] and Petit and Naiman [17].
Contrary to hypothesis 3, invasive fires did not burn more severely or experience more
canopy loss on average in the riparian and upland class than control fires (Figure 3). Instead,
invasive fires experienced depressed burn severity and green canopy loss in the riparian
and upland classes. However, the average severity and green canopy loss of the invasive
class was as high as the control fires. In fact, when the trends of the vegetation indices
of each class are examined by fire, it was only fires with low to moderate invasive cover
(Table 1) that had the highest burn severity and green canopy loss within the invasive
classification of vegetation (Figure 2). Although these trends were statistically significant,
our results highlight that the large variability between each fire suggests the need for
more field investigations that capture a range of environmental factors to further our
understanding of the impact of invasive vegetation on fire behavior in urban Med-sys.

4.2. Evidence of the Grass–Fire Cycle

Hypothesis 2, the highest burn severity and green canopy loss would occur in fires
with a higher percentage of highly invasive vegetation, was rejected for Del Cerro, Lincoln,
and Vuelta (Table 1 and Figure 2). In accordance with grass–fire cycle theories, our results
suggest that the type of vegetation growth forms that make up the fuel loads in the urban
Med-sys strongly affect the severity of the fire and the corresponding vegetation loss. A
high proportion of grass, herbaceous, and fan palm cover, which is typical in the urban Med-
sys, with extreme invasive cover preceding the fire [9,10,15] contrasts with the abundance
of woody fuels and deep green characteristics that are typical of chaparral and riparian
tree species [39].

Low-severity fires within invasive grass stands were observed by Keeley [40]. This
process favors the survival and propagation of alien vegetation species [40]. The homoge-
nous grass and herbaceous cover found in Med-sys that are severely impacted by invasive
species colonization generally have lower burn severity. This is due to the lower presence
of woody biomass (fuel), which leads to quicker fire movement [41]. Riparian ecosystems
with more complex vegetation communities and vertical fuel structures, such as the control
fires and fires with low invasive cover (Canyon 2, Bernardo, Rye, and Deluz fires), may
burn with a higher intensity and also have a more heterogeneous burn severity or green
canopy loss pattern [25].

The most prominent invasive vegetation observed in all burn perimeters investigated
was Arundo donax, a tall bamboo-like member of the grass family (Poaceae) commonly
known as giant reed [11,42]. Arundo donax is widely associated with fire in the southern
California Med-sys. It thrives and rapidly regrows in monocultures or stands following
fire [11,15,43]. In addition to outcompeting native riparian species, Arundo donax can use
three times more water resources, contributing to the aridification of Med-sys riparian
communities [11,44]. The compounded effects of rapid regrowth, the aridification of
riparian systems, and increased fuel loads following fire make Arundo donax an archetypal
plant for grass–fire feedback.
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One year after fire, the results averaged over all invasive fires showed that only
areas dominated with invasive vegetation (invasive class) saw canopy health recovery
(Figure 3B). However, this is influenced by the four fires with the highest percentage
of invasive cover (Lilac, Del Cerro, Lincoln, and Vuelta; Figure 5). In contrast, the four
fires with the lowest percentage of invasive cover showed an even greater loss of canopy
health immediately following the fire, which is similar to the trend exhibited by riparian
and upland classes. These results support the grass–fire cycle hypothesis [45] and the
promotion of secondary ecological impacts such as invasive vegetation infestations in
riparian Med-sys ecosystems [17]. This effect, while already meriting consideration, could
be exacerbated by climate change and anthropogenic activities. These disturbances could
create favorable conditions for opportunistic invasive species. Since areas colonized by
invasive species are more prone to wildfires, a self-perpetuating loop exists that selects for
quickly regenerating invasive vegetation [46].

Figure 5. The comparison of green canopy loss (dNDVI) within the invasive class at 0-year and 1-year post-fire for each fire.

4.3. Highlighting the Uncertainty of Burn Severity and Canopy Loss Metrics in Urban Riparian
Environments

Studies such as those by Key and Benson [26] and Tran et al. [31] showed that dNDVI
may be more effective in identifying fire severity in woodland riparian environments,
but less effective in chaparral-dominated ecosystems. When immediate (0-year) dNBR is
compared against the corresponding dNDVI values, the relationship is almost linear across
all vegetation classes and fires (Figure 6A). The R2 for the control fires is much greater than
the R2 for the invasive fires (0.92 and 0.39, respectively). However, the agreement between
dNBR and dDNVI for invasive fires increased as burn severity increased. In other words,
the highest R2 occurred for invasive fires that experienced both the greatest burn severity
as well as canopy cover (Figure 6B). The agreement in dNBR and dNDVI for high-severity
fires has been shown in previous work, such as Franco et al. [12].
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Figure 6. (A) The relation between average dNBR and dNDVI by class with respect to post-fire condition immediately after
the fire (0-year). The regression equation and R2 are denoted for invasive and control fires. (B) The average dNBR and R2

by vegetation class with increasing burn severity. The grey shading highlights the approximate horizontal range of burn
severity values.

Due to the aggressive nature of non-native vegetation, the rapid greening that occurs
in the time between a wildfire and measurements (field-based or remote sensing) can often
belie the true severity of a wildfire [15]. This is especially true in southern California,
where both native and non-native forbs and grasses re-establish quickly after a wildfire [25].
Some of these species grow at incredible rates, such as Arundo Donax, which can grow over
3 cm per day [15]. It is not always possible to obtain satellite images within such a narrow
timeframe [25,38]. Thus, the metrics such as those used in this study are susceptible to
large errors due to the growth patterns of invasive vegetation.

The remote sensing results revealed that the immediate burn severity (dNBR) in the
riparian area was higher than in the upland area. We also noted that the immediate burn
severity of the invasive vegetation was not statistically different from in the upland or
riparian areas (Figure 3A). In contrast, the smallest immediate loss in the green canopy
(dNDVI) occurred in the areas with invasive vegetation, and the greatest loss in canopy
occurred in the upland (Figure 3B). The lowest green canopy cover (NDVI) detected

14



Remote Sens. 2021, 13, 19

immediately post-fire (0-year) occurred in the uplands, which was also the only region that
reflected bare ground levels at any time-point measured following a fire (0.19 ± 0.09). These
patterns are expected given the typical distribution of chaparral near urban areas [2,3,46,47]
compared to the denser canopy cover of riparian areas [4]. These results also highlight
the general bias in dNDVI towards green new regrowth, such that the canopy loss signal
is dampened in the riparian corridor dominated by invasive vegetation, despite the bare
ground being exposed due to the fire.

The concentration of canopy loss on the upland slope nearest the riparian zone sug-
gests that the riparian–upland interfaces in urban areas are vulnerable during and after
urban fires. The combination of extra fuel loads, woody debris and abundant grasses accu-
mulating in the riparian zone [48,49], and the high flammability of chaparral vegetation
due to volatile compounds [6,25,47,50,51], may encourage intense and sustained fires that
can severely impact vegetation health [25,52]. We encourage future field studies to confirm
the remotely sensed spatial patterns observed in the ten urban fires we presented.

Overall, the discrepancy between dNDVI and dNBR immediately following fire is
attributed to the rapid regeneration of non-native vegetation within the invasive and
riparian regions and the inherent limitations of remote sensing metrics. We hypothesize
that directly after the low-severity fire, the biomass and water content were low, but
the greenness was higher as a result of the presence of small and new invasive grass
shoots. Thus, the immediate post-fire measurement of dNDVI has a higher likelihood
of underestimating the green canopy loss [53]. This is observed by the pattern found
across all fires in our study (Figure 6), where the linearity between low-severity fires and
green canopy loss deteriorated. Further, we observed that the accuracy of remotely sensed
immediate canopy loss (dNDVI) in the urban Med-sys is highly reliant on the availability of
observations less than a week following the fire. If satellite images are unavailable, metrics
derived to guide management in post-fire areas should be avoided or used cautiously.

5. Conclusions

This research highlighted the different burn severity and green canopy loss patterns
of riparian and upland regions in urban Mediterranean riverine systems across a spectrum
of invasive vegetation cover, from zero to over 30% invasive. In all fires observed, with
or without invasive vegetation, the riparian class burned more severely and experienced
a greater loss of green canopy than the upland class. However, the presence of invasive
vegetation did affect the magnitude of burn severity and canopy loss within both the
riparian and upland regions of burned Med-sys. On average, fires with no invasive cover
(the control fires) burned at an overall higher severity and resulted in a higher immediate
loss of green canopy in the upland and riparian areas than invasive fires. Some invasive
fires (generally with low to moderate invasive vegetation cover) and control fires had the
same magnitude of burn severity, except in different vegetation classes. In fires with low to
moderate invasive cover, the burn severity was just as great as that recorded in the riparian
area of control fires, but was concentrated in the invasive class. Fires with high invasive
cover generally exhibited low burn severity across all vegetation classes (upland, riparian
and invasive). These patterns of burn severity across the spectrum of invasive vegetation
cover may indicate the current degree of disturbance each landscape has succumbed to
within the grass–fire cycle. The low burn severity observed in already invaded landscapes
favored the life cycle of opportunistic and invasive grasses, potentially perpetuating and
promoting the spread of invasive cover across vegetation classes in urban riverine systems.

There are the significant implications of rapid vegetation regeneration for the accuracy
of remote sensing techniques. Contrary to previous literature, satellite imagery of invasive
fires did not capture a substantial increase in green canopy in the invasive or riparian
regions after fire. However, our results suggest a need for more frequent imagery after
the fire to capture the regrowth that occurs between the extinguish date of the fire and the
first available image post-fire, especially in areas prone to aggressive non-native vegetation
growth. Observations from the field documented the presence of invasive vegetation
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regrowth prior to the first available satellite image. This demonstrated that satellite-based
techniques can miss the initial green canopy loss for rapidly re-sprouting and invasive
grass species, such as Arundo donax, therefore underestimating the relative increase in green
canopy. This study highlighted the role of invasive vegetation in urban fire regimes, and
the need for improved monitoring strategies to accurately assess the initial biophysical
impact of fire as well as the lasting ecological impacts in urban fluvial systems that are
vulnerable to invasive vegetation infestation.
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Abstract: Uncertainty assessment of the moderate resolution imaging spectroradiometer (MODIS)
leaf area index (LAI) and the fraction of photosynthetically active radiation absorbed by vegetation
(FPAR) retrieval algorithm can provide a scientific basis for the usage and improvement of this
widely-used product. Previous evaluations generally depended on the intercomparison with other
datasets as well as direct validation using ground measurements, which mix the uncertainties from
the model, inputs, and assessment method. In this study, we adopted the evaluation method
based on three-dimensional radiative transfer model (3D RTM) simulations, which helps to separate
model uncertainty and other factors. We used the well-validated 3D RTM LESS (large-scale remote
sensing data and image simulation framework) for a grassland scene simulation and calculated
bidirectional reflectance factors (BRFs) as inputs for the LAI/FPAR retrieval. The dependency between
LAI/FPAR truth and model estimation serves as the algorithm uncertainty indicator. This paper
analyzed the LAI/FPAR uncertainty caused by inherent model uncertainty, input uncertainty (BRF
and biome classification), clumping effect, and scale dependency. We found that the uncertainties of
different algorithm paths vary greatly (−6.61% and +84.85% bias for main and backup algorithm,
respectively) and the “hotspot” geometry results in greatest retrieval uncertainty. For the input
uncertainty, the BRF of the near-infrared (NIR) band has greater impacts than that of the red band,
and the biome misclassification also leads to nonnegligible LAI/FPAR bias. Moreover, the clumping
effect leads to a significant LAI underestimation (−0.846 and −0.525 LAI difference for two clumping
types), but the scale dependency (pixel size ranges from 100 m to 1000 m) has little impact on
LAI/FPAR uncertainty. Overall, this study provides a new perspective on the evaluation of LAI/FPAR
retrieval algorithms.

Keywords: MODIS; leaf area index (LAI); fraction of photosynthetically active radiation absorbed by
vegetation (FPAR); three-dimensional radiative transfer model (3D RTM); uncertainty assessment

1. Introduction

Leaf area index (LAI), defined as half of the total green leaf area of per unit horizontal ground
area, is a basic parameter for measuring the vegetation canopies [1,2]. This variable plays a key
roles in hydrology, biogeochemistry, and ecosystem models that connect vegetation to the climate
observing system through the carbon, water cycles, and radiation [3]. Fraction of photosynthetically
active radiation (0.4–0.7 μm) absorbed by vegetation (FPAR) measures the proportion of the solar
radiation entering at the top of the plant canopy that contributes to the photosynthetic activity [3–6].
LAI/FPAR retrieved from remote sensing observations in the reflective solar domain, are used as input
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parameters for models monitoring the Earth’s surface continuously and are key parameters recognized
by the global climate observing system (GCOS) to describe climatic characteristics [3,7]. LAI/FPAR
products, derived from atmospherically corrected surface reflectances, have entered a new era since
the moderate resolution imaging spectroradiometer (MODIS) became operational in 1999 [8–10].
The MODIS LAI/FPAR products (MOD15), based on the radiative transfer (RT) model [11], have been
widely used to corroborate global climate change [12], to serve as key inputs for terrestrial carbon
cycle models [13], and to support the research of both phenomena and possible reasons of large scale
vegetation dynamics [14–16]. Moreover, the generation of MODIS LAI/FPAR products does not depend
on other LAI/FPAR datasets and they are commonly used as input and reference data for the generation
and intercomparison of other products [17,18].

Intensive evaluation and validation efforts have been carried out to examine the uncertainty of
MODIS LAI/FPAR products and the corresponding retrieval algorithm. These works mainly included:
(1) theoretical derivation based on model mechanisms and error propagation [19]; (2) intercomparison
with other LAI/FPAR products or related variables (e.g., GLASS, CYCLOPES, VIIRS) [20–25]; (3) direct
validation using ground LAI/FPAR measurements [25,26]. The theoretical derivation has an explicit
mathematical basis and does not require other datasets; however, this approach is highly correlated with
the algorithm itself and is easily affected by model limitations and uncertainties [27,28]. Intercomparison
with other LAI/FPAR products is an approach that can effectively analyze the spatio-temporal
consistency of long-term LAI/FPAR, but the results cannot meet the requirement of product usage
and algorithm refinement. Ground-based validations are essential as the basis of all validations,
but the accuracy of this validation method includes the uncertainty of the ground measurements,
the spatial heterogeneity-caused uncertainty [29] in the upscaling process from the point measurement
to the pixel scale, and the product uncertainty. Above all, the previous studies mainly focused on
the evaluation of product uncertainty, which introduces the coupled uncertainties from the model,
inputs, and assessment method. Therefore, it would hinder the process of evaluating the uncertainty
of the algorithm itself and understanding the deficiencies of the algorithm, thus hampering future
improvements to the algorithm.

In the above context, real scene computer simulations provide a new approach for remote sensing
evaluation and validation [30]. As computing power improves, several 3D RT models have been
developed for scene simulation [31,32], such as DART (discrete anisotropic radiative transfer) [33],
RAPID (radiosity applicable to porous individual objects) [34], and LESS (large-scale remote sensing
data and image simulation framework) [35]. These models have become an important tool in the field
of quantitative remote sensing, particularly for studying the radiometric properties of the Earth’s
surface [31,36]. 3D RT models can analyze the detailed interactions between solar radiation and
vegetation canopies [37], analyze the radiative properties of specific biome types [38], and help
the science team define the characteristics of optical sensors through model simulation [39]. Data from
simulations based on 3D RT models are widely used for model validation and evaluation. The DART
model has been used in studies on the surface energy budget [40], the impact of canopy structure
on satellite image texture [41], the 3D distribution of photosynthesis and primary production rates
of vegetation canopies [42], and forest biophysical parameter retrieval [43,44]. The LESS model can
synergistically use spectral and angular information to simulate the radiation properties of complex
realistic landscapes, which can be used for simulating datasets of 3D landscapes [45]. The outputs
of LESS can serve as benchmarks for retrieval algorithm evaluation since it has a solid theoretical
foundation and its accuracy has already been well-assessed by comparison with other models of
radiation transfer model intercomparison (RAMI) [35] and field measurements [46].

This study aimed to provide a new perspective on the evaluation of MODIS LAI/FPAR retrieval
algorithms, which differs from previous research by evaluating the algorithm itself rather than
the product. In this paper, a computer simulation of a real grassland scene is performed using
the ray-tracing LESS model to analyze the uncertainty of the MODIS LAI/FPAR retrieval algorithm.
The advantage of simulation-based model evaluation is that the uncertainty caused by a single variable
can be analyzed to avoid the effects caused by the mixing of multiple factors. The uncertainty of
the MODIS LAI/FPAR algorithm was evaluated by separating the model and input uncertainties. In
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addition, further analysis was conducted to understand the impact of scale dependency and clumping.
The results can serve as guidance for improving this algorithm continuously.

The structure of this paper is organized as follows. Section 2 briefly describes the MODIS
LAI/FPAR retrieval algorithm, how we use LESS to analyze the retrieval algorithm for uncertainty, and
the methodologies for uncertainty evaluation. Section 3 details the results of LAI/FPAR uncertainty
caused by inherent model, reflectance, and biome type uncertainties as well as the clumping effect, and
scale dependency. The discussions, including the analysis of the experiment results, are detailed in
Section 4. Finally, Section 5 provides some concluding remarks.

2. Materials and Methods

2.1. MODIS LAI/FPAR Retrieval Algorithm

The MODIS LAI/FPAR retrieval algorithm consists of a main algorithm based on the radiative
transfer equation (RTE) and a backup algorithm using the relationship between vegetation index
and LAI/FPAR. The retrieval algorithm exploits the spectral information content of MODIS surface
reflectances at up to 7 spectral bands (band 1: 620–670 nm; band 2: 841–876 nm; band 3: 459–479
nm; band 4: 545–565 nm; band 5: 1230–1250 nm; band 6: 1628–1652 nm; band 7: 2105–2155 nm) [4,8].
Inputs of this algorithm include BRFs at red and near-infrared (NIR) bands (band 1 and 2), their
uncertainties, sun–sensor geometry (SZA: solar zenith angle, SAA: solar azimuth angle, VZA: view
zenith angle, VAA: view azimuth angle), and a biome classification map. Note that in the current
algorithm version, different biome types use different RT models. Herbaceous biomes (B1: grasses and
cereal crops; B2: shrubs; B3: broadleaf crops;) were modelled using 1D RT due to the good continuity
of the grass distribution and in consideration of the computational efficiency. Savannas (B4) were
modelled by a stationary Poisson germ-grain stochastic process (so called stochastic radiative transfer
(SRT) model) [47,48]. Forest biomes (B5: evergreen broadleaf forests; B6: deciduous broadleaf forests;
B7: evergreen needleleaf forests; and B8: deciduous needleleaf forests) were based on a 3D RTM
(3D structures were represented by columns uniformly (deterministically) spaced on the ground).
With these RTMs, the science team constructed an LAI/FPAR main algorithm based on angular
information, biome type, and spectral information in which the mean and standard deviation values
of the LAI and FPAR selected in the spectral retrieval space are reported for retrieval value and
its uncertainty. The main look up table (LUT)-based algorithm was designed as follows. Firstly,
the main algorithm evaluates a weight coefficient as a function of sun–sensor geometry, wavelength,
and LAI by using a field-tested canopy reflectance model. Then it calculates the BRFs by using
the weight coefficient and the same model [4,8]. The algorithm tests the eligibility of a canopy radiation
model to generate the LUT file where a subset of coefficients is satisfied within a given accuracy [9].
The given atmosphere-corrected BRFs are then compared with the modeled BRFs, which are stored in
the biome-specific LUT files. Finally, all candidates of LAI/FPAR are used to calculate the mean values
and uncertainty of the retrieval [9]. In the case of highly dense canopies, reflectance will be saturated and
insensitive to changes in canopy properties. Therefore, LAI and FPAR values acquired under saturated
conditions are less reliable than those generated by unsaturated BRFs. When the main algorithm fails
to localize a solution, the backup algorithm is used to retrieve values through an empirical relationship
between the normalized difference vegetation index (NDVI) and the canopy LAI/FPAR [11,21]. Such
retrievals are flagged in the algorithm path quality assessment (QA) variable [8], which consists of
two values for the main algorithm and two values for the backup algorithm (from high quality to
low): the main algorithm without saturation (QA = 0), the main algorithm with saturation (QA = 1),
the backup algorithm due to sun–sensor geometry (QA = 3), and the backup algorithm due to other
reasons (QA = 4) [9,14,49].

2.2. Three-Dimensional Grassland Scene Simulation

We used the newly proposed but well validated 3D RT model LESS to simulate the interaction
between the solar radiation and landscape elements based on the spectral response functions (SRFs)
(from ENVI software) of MODIS and calculated the scene BRFs [35,45]. LESS simulates BRFs by
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a weighted forward photon tracing method as well as simulated energy transfer and generates
images by a backward path tracing method [35]. Qi et al. [35] described the comparison between
BRFs simulated by LESS and average BRF results from other models (e.g., SPRINT3, RAYTRAN,
and RAYSPREAD) over several different homogeneous and heterogeneous canopies from the RAMI
website to evaluate the accuracy of LESS.

The input parameters of LESS include 3D landscape elements, optical properties, and sun–sensor
geometries. The simulated scenes are covered by grass (Johnson grass) and its component spectra
were obtained from the LOPEX93 dataset on the OPTICLEAF website [50]. The soil (grayish brown
loam) spectra were selected from the soil spectral library in ENVI software, and the transmittance
of the soil is 0 (Figure 1). Then we calculated the two MODIS bands (red: band 1 and NIR: band 2)
reflectance and transmittance (see Table 1) using SRFs (the shaded part of Figure 1) of the MODIS
sensor by the following equation [51]:

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
R =

λmax∑
λ = λmin

SλRλ/
λmax∑

λ = λmin

Sλ

T =
λmax∑

λ = λmin

SλTλ/
λmax∑

λ = λmin

Sλ
(1)

where, R and T are MODIS band reflectance and transmittance, respectively. The Rλ and Tλ are mean
narrow-band reflectance and transmittance derived from the spectral curves. The Sλ is the SRF value
of the MODIS sensor. λ is the value of wavelength, which has a specific upper (λmax: red = 670 μm,
NIR = 876 μm) and lower (λmin: red = 620 μm, NIR = 841 μm) limit for each band.

Figure 1. Variation of reflectance (Ref), transmittance (Trans), and spectral response function (SRF) values
at different wavelengths. The dark green and magenta curves represent the grass and soil reflectances,
and the light green represents the grass transmittance. The shades of red and purple represent the SRFs
of the MODIS sensor in the red (620–670 μm) and NIR (841–876 μm) bands, respectively.

Table 1. Broad-band reflectance and transmittance of grass and soil used in this study. R and T are
abbreviations for broad-band reflectance and transmittance, respectively.

R (Red) T (Red) R (NIR) T (NIR)

Johnson grass 0.0738 0.0577 0.4276 0.4607
Grayish brown loam 0.1755 0 0.3021 0

The 3D landscape elements were created with the third-party software OnyxTree, which uses
the calculated reflectance and transmittance (Table 1) to make a grass 3D model (obj format file). As
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shown in Figure 2, we created nine randomly distributed grasslands with different LAIs (0.25, 0.50,
0.75, 1.0, 1.25, 1.5, 2.5, 3.5, and 4.5) using the LESS and grass 3D model. Moreover, LESS calculates
FPAR by performing a band integration of the PAR between 380 nm and 710 nm and dividing by
the incident radiation (slightly different from MODIS for which the wavelength interval is 400–800 nm)
based on the LESS simulation of the collision of photons and the transfer of energy. In addition, to
match the canopy structure of grasses in the MODIS LAI/FPAR retrieval algorithm (all organs other
than leaves are ignored), only foliage is present in the scene. There is also only direct radiation in these
scenes. The size of these scenes is 500 m × 500 m, which matches the spatial resolution of the MODIS
LAI/FPAR products.

Figure 2. Simulated scenes with nine different LAI values using the LESS 3D RT model. Panels (a)–(i)
are with LAI = 0.25, 0.50, 0.75, 1.0, 1.25, 1.5, 2.5, 3.5, and 4.5, respectively. The plots represent a smaller
portion (5 m × 5 m) of a 500 m × 500 m scene. The grasses are randomly distributed in these scenes.

2.3. Experimental Design

We utilized the standard deviation of all LAI/FPAR candidates (StdLAI and StdFPAR), the retrieval
index (RI), and the relative and absolute LAI/FPAR differences as the indicators of LAI/FPAR uncertainty.
According to the uncertainty theory, StdLAI and StdFPAR are the standard deviations of all acceptable
LAI/FPAR solutions in the LUT, which are the function of both the input uncertainty (biome type and
BRF uncertainty) and model uncertainty [4,8]. StdLAI and StdFPAR have been proven and evaluated
as quality metrics for MODIS LAI/FPAR products [28,52]. However, these two metrics have limitations
due to the regularization introduced by the LUT algorithm and are artificially lowered at large LAIs [8].
Therefore, in this paper, we have also selected the RI (see Equation (2)) as an uncertainty metric, which
is defined as the percentage of pixels for which the main RTE-based algorithm generates retrieval
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results. We note that the RI is used to characterize the overall uncertainty of all pixels [21,25,53], while
StdLAI and StdFPAR are used to characterize individual pixel uncertainty.

RI =
Number o f pixels retrieved by the main algorithm

Total number o f processed pixels
(2)

To evaluate the consistency between true LAI/FPAR and MODIS retrievals, the difference between
the simulation results of LAI (input to the LESS)/FPAR (output from the LESS) and the LAI/FPAR
retrieved by the MODIS retrieval algorithm were used. The relative difference (RD, see Equation (3))
and absolute difference (AD, see Equation (4)), were utilized to quantify any differences.

RD = (Retrieval− Truth)/Truth (3)

AD = Retrieval− Truth (4)

Based on the uncertainty theory, the retrieval uncertainty is a function of both model and input
uncertainty and is embedded in the MODIS algorithm. In this study, we explored the relationship
between retrieval uncertainty and the retrieval space, sun–sensor geometry, surface reflectance
uncertainty, and biome type uncertainty using the variable-controlling approach (see Table 2). We
analyzed the inherent model uncertainty in two steps: 1) analysis of the retrieval space; 2) uncertainty
changed with sun–sensor geometry. We obtained 4000 red-NIR BRF pairs by adding normally
distributed errors (errors with 5% and 15% standard deviation) to the LESS simulated red and NIR
band BRFs (1000: red without uncertainties and NIR with 5% standard deviation, 1000: red without
uncertainties and NIR with 15% standard deviation, 1000: NIR without uncertainties and red with 5%
standard deviation, and 1000: NIR without uncertainties and red with 15% standard deviation). Then
we analyzed the LAI/FPAR uncertainty caused by BRF uncertainty within the 4 groups of samples.
In addition, we analyzed uncertainties due to biome type misclassification, which is one of the main
factors affecting the LAI/FPAR retrieval accuracy [4,54]. Each red-NIR BRF pair was sequentially
combined with each biome type as the inputs for the MODIS LAI/FPAR algorithm. In this experiment,
only B1 (grasses and cereal crops) was correct while the remaining seven combinations represented
the biome type misclassification cases. Finally, we analyzed the influence of scale dependency
and clumping effect (“tree groups”) [55] on the uncertainty of LAI/FPAR retrievals. We simulated
a randomly distributed 1 km × 1 km scene (Figure 9a-1) and two clumping 1 km × 1 km scenes.
Clumping type 1 (CT1, Figure 9a-2) had random clumping and Clumping type 2 (CT2, Figure 9a-3)
was half bare ground and half grass. The LAI of the three scenes remained constant and these scenes
were downscaled into four 500 m × 500 m scenes, sixteen 250 m × 250 m scenes, and one hundred
100 m × 100 m scenes for the discussion of scale dependency and clumping effect.
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Table 2. Parameter configuration for designed experiments. SZA, SAA, VZA, VAA means solar zenith
angle, solar azimuth angle, view zenith angle, and view azimuth angle, respectively.

Experiment LAI SZA SAA VZA VAA
Uncertainty

Metrics

Retrieval
Space / 0◦ 0◦ 0◦ 0◦ StdLAI,

StdFPAR

Sun–Sensor
Geometry 0.50, 1.5, 3.5 30◦/

0◦:10◦:60◦
90◦/

0◦:30◦:330◦ 0◦:10◦:60◦/30◦ 0◦:30◦:330◦/
90◦

RD, StdLAI,
StdFPAR

BRF
Uncertainty 1.5 0◦ 0◦ −60◦:10◦:60◦ 0◦ RD, StdLAI,

StdFPAR

Biome Type
Uncertainty

0.25, 0.50,
0.75, 1.0,

1.25, 1.5, 2.5,
3.5, 4.5

0◦ 0◦ 0◦:10◦:60◦ 0◦:30◦:330◦ RI, AD

Clumping
and Scale

Effect
1.5 30◦ 0◦ 0◦:30◦:60◦ 0◦:60◦:300◦ RI, StdLAI,

StdFPAR

3. Results

3.1. Inherent Model Uncertainty

To evaluate the inherent model uncertainty of the MODIS LAI/FPAR retrieval algorithm, we
analyzed the effect of the retrieval space and sun–sensor uncertainty, separately. In performing
the evaluation of the retrieval space, we paid more attention to the changes in the uncertainty of
algorithm paths. While the difference between the LAI/FPAR retrieval and LESS simulations were
analyzed when evaluating of the sun–sensor geometry.

3.1.1. Analysis of Retrieval Space

Figure 3 indicates the variation of LAI/FPAR and its uncertainty in the retrieval space. As we can
see, LAI/FPAR is nonlinearly related to surface reflectance (Figure 3a,b), and FPAR is also nonlinearly
related to LAI. Moreover, the relationship between LAI/FPAR and its uncertainty (StdLAI and StdFPAR)
is also nonlinear. The StdLAI and StdFPAR are very low for lower LAI/FPAR and then increase to
the highest values, and then steadily decrease (from the bottom right to the top left of Figure 3d,e) as
the LAI/FPAR gets progressively larger (from the bottom right to the top left of Figure 3a,b). It is also
obvious that there is a clear division between the saturated (QA = 1) and unsaturated (QA = 0) parts
where the LAI/FPAR values are higher in the saturated part (Figure 3c). Compared to the unsaturated
part, the bias of LAI (+4.64) and FPAR (+0.631) are high, but the bias of StdLAI (−0.052) and StdFPAR
(−0.169) are low in the saturated part. Figure 3d,e show that StdLAI and StdFPAR are relatively
small at the boundaries of the area retrieved by the main algorithm due to the regularization of
the algorithm [4,8].

3.1.2. Retrieval Uncertainty as a Function of Sun–Sensor Geometry

The relationship between LAI/FPAR uncertainty and sun–sensor geometry are presented in
Figures 4 and 5. In the high LAI scene (Figure 4a, LAI = 3.50), the retrieval results of LAI/FPAR show
low consistency with the truth (it yields to an overall uncertainty of 20.01% for RD of LAI and 13.96% for
RD of FPAR). The main algorithm shows an averaged 6.61% underestimation of LAI, while the backup
algorithm results in an averaged 84.85% overestimation of LAI. In this scene, the backup algorithm
appears at the “hotspot” geometry and where the difference between SAA and VAA is large. It can also
be seen that the large VZA will lead to saturation. Nevertheless, for the low LAI scene (LAI = 0.50),
the retrieved LAI/FPAR showed a significant overestimation (+111.86% RD for LAI, +162.50% RD for
FPAR) and large uncertainty (StdLAI = 0.285, and StdFPAR = 0.238). Figure 5 shows the same analysis
as above, but we controlled the view position and varied the sun position. Comparing Figures 4 and 5,

25



Remote Sens. 2020, 12, 3391

the distribution of LAI and its uncertainty (Figure 4a,c, and Figure 5a,c) show higher consistency, while
FPAR and its uncertainty (Figure 4b,d and Figure 5b,d) are slightly different.

Figure 3. Distribution of LAI/FPAR values and associated uncertainty derived from the main RT-based
algorithm in the red-NIR space. The SZA, SAA, VZA, and VAA were all fixed at 0◦. Panel (a–e)
represent the retrieved LAI, FPAR, algorithm path (QA = 0: main algorithm without saturation, QA = 1:
main algorithm with saturation), StdLAI, and StdFPAR, respectively.

Figure 4. The uncertainty (LAI/FPAR RD, StdLAI, and StdFPAR) as a function of sensor geometry
when the SZA is 30◦ and SAA is 90◦. (a)–(d) are RD of LAI, RD of FPAR, StdLAI, and StdFPAR in three
different scenes (Scene 1: LAI = 0.50 and FPAR = 0.186, Scene 2: LAI = 1.50 and FPAR = 0.434, Scene 3:
LAI = 3.50 and FPAR = 0.737), respectively. The colored dots in panel (a) represent different algorithm
paths (main without saturated: QA = 0, main with saturated: QA = 1, backup: QA = 4).
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Figure 5. The LAI/FPAR uncertainty as a function of sun geometry. Same as Figure 4 but for sun
geometry and the VZA is 30◦ and VAA is 90◦. The FPAR values of the scenes are calculated as the mean
of different solar angles.

3.2. Input BRF Uncertainty

Here, we calculated the effects of input BRF uncertainty on the LAI/FPAR retrieval. Figure 6
shows that the uncertainty in the LAI/FPAR in the shadow area of the 15% BRF uncertainty is much
larger, which means that larger BRF uncertainty will result in larger LAI/FPAR uncertainty. The StdLAI
and StdFPAR due to a 5% BRF uncertainty are close to the StdLAI and StdFPAR due to a 15% BRF in
the red band. This is because both 5% and 15% BRF uncertainty in the red band will trigger the backup
algorithm with no StdLAI and StdFPAR. Comparing the shadow area in panels (a) and (b), we found
that the same level of uncertainty in the NIR band BRF has a greater impact on the retrieval than
the red band BRF. The main algorithm was not used in the hotspot (VZA = 0) geometry leading to
the absence of both StdLAI and StdFPAR in panel (a).

3.3. Input Biome Type Uncertainty

Different biome types have different canopy structures, and the MODIS retrieval algorithm uses
photon transport theory and the corresponding RT model for different biome types to parameterize
the canopy structures (e.g., reflectance and transmittance of leaves, crown shadowing), which form
the LUTs of the MODIS retrieval algorithm. To check the sensitivity of the algorithm to biome type,
we modified the input biome type for the retrieval algorithm from the correct type (B1: grasses and
cereal crops) to incorrect types (B2: shrubs; B3: broadleaf crops; B4: savannas; B5: evergreen broadleaf
forests; B6: deciduous broadleaf forests; B7: evergreen needleleaf forests; and B8: deciduous needleleaf
forests). As seen from Figures 7 and 8, the retrieval uncertainty is similar when the input biome types
are non-forest biomes (B1-B4) with a greater than 59.5% RI for all four biome types except for B2 in
the LAI = 4.5 scene. However, the RI gets much lower when the grassland pixel is misclassified into
forest biomes. As shown in Figures 7c and 8c, the uncertainties of the retrieved LAI are high at the scene
with high LAI (e.g., LAI = 3.5, 4.5). A significant overestimation (+0.727, +1.434 for AD of LAI) in B2,
and a significant underestimation (−1.608, −2.344 for AD of LAI) in B3 is also evident. For B5, the RI is
high (>69%) but AD of LAI (>1.656) is also high when LAI is relatively high (e.g., LAI = 2.5, 3.5, 4.5).
As shown in Figure 8c, the FPAR calculated from the MODIS algorithm is significantly overestimated
for all cases except for B4 high LAI scenes, which appear to be underestimated.
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Figure 6. LAI/FPAR uncertainty caused by input BRF uncertainty as a function of the view zenith
angle (VZA). Panel (a) and panel (b) represent the red and NIR band, respectively. The LAI value of
the scene is 1.5, and the SZA, SAA and VAA are all set to 0. The upper two panels show the RD of
LAI/FPAR and the lower two panels show the StdLAI and StdFPAR, respectively. Dots are the mean
values of LAI/FPAR calculated by 1000 different BRFs and shadow indicates the standard deviation of
these retrievals. “No data” means that RI is equal to 0 and neither StdLAI nor StdFPAR exists in this
VZA condition.

3.4. Impact of Clumping Effect and Scale Dependency

The model scale dependency and clumping effect have attracted much attention from
the community in the development of quantitative remote sensing. In this experiment, the model scale
dependency refers to the discrepancy between LAI/FPAR uncertainties that are derived from the same
algorithm but at different spatial resolutions. The scale dependency determines the adaptive capacity
of an algorithm for different pixel size. The clumping effect refers to the discrepancy between retrieved
LAI/FPARs with same LAI/FPAR truth but different vegetation spatial distributions. The model
nonlinearly and surface heterogeneity together result in the well-known phenomenon called “Inversion
first and aggregation later is different from aggregation first and inversion later” [11].

Comparing the algorithm performance at different scales, we found that the MODIS algorithm
is nearly scale-invariant from 100 m to 1000 m. Both LAI/FPAR and their uncertainty nearly remain
unchanged with increasing pixel size except for the CT2, which shows that the StdLAI and StdFPAR
are lower than other scales (Table 3). The retrieved LAIs for all scenes are less than the LAI truth at
1000 m scale, and the underestimations for Uniform, CT1, and CT2 vegetation distributions are −0.005,
−0.846, and −0.525, respectively. Comparing the three clumping scenes, we found that the LAI of
a uniform scene is very close to the LAI truth (Figure 9b-1). CT1 shows a significant underestimation,
while CT2 shows a significant overestimation except in the 1000 m scale. For FPAR, there is a significant
overestimation in all three scenes (Figure 9b-2). At the same spatial resolution, the RI of CT1 is
the highest, followed by Uniform, and the lowest is CT2 (Table 3). While the values of StdLAI and
StdFPAR are as follows (from small to large): Uniform, CT1, and CT2. The standard deviations of
StdLAI and StdFPAR also get larger in this order.
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Figure 7. Illustration of the retrieval index (RI, indicated by different colors) and the absolute difference
(AD) of LAI as a function of biome type and different scenes. Panel (b) and (d) are the x–z (x means
biome type and z means AD) sections of the panel (a) and (c), respectively, which show the approximate
range of AD of LAI in different biome types. Scenes I to IX represent the LAI truth being equal to 0.25,
0.5, 0.75, 1.00, 1.25, 1.50, 2.50, 3.50, and 4.50, respectively. The colors in the figure are the values of RI.
The eight biome types are: grasses and cereal crops (B1); shrubs (B2); broadleaf crops (B3); savannas
(B4); evergreen broadleaf forests (B5); deciduous broadleaf forests (B6); evergreen needleleaf forests
(B7); and deciduous needleleaf forests (B8), where B1 is the correct input, and B2–B8 all represent
misclassification. The shapes of the different symbols correspond to different biome types (one by one
in panel (b) and (c)).

 

Figure 8. Illustration of the RI and the AD of FPAR as a function of biome type and different scenes.
Same as Figure 7 but for FPAR.
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Table 3. The uncertainty metrics of three different clumping scenes and four scales.

Scene 100 m 250 m 500 m 1000 m

RI
(N. of main/N. of all)

Uniform 1700/1800 272/288 68/72 17/18
CT1 1743/1800 279/288 70/72 18/18
CT2 1565/1800 251/288 62/72 17/18

StdLAI
(mean ± Std)

Uniform 0.147±
0.019

0.148±
0.019

0.149±
0.020

0.150±
0.021

CT1 0.251±
0.108

0.218±
0.074

0.225±
0.066

0.179±
0.074

CT2 0.340±
0.160

0.339±
0.160

0.342±
0.159

0.181±
0.027

StdFPAR
(mean ± Std)

Uniform 0.088±
0.012

0.088±
0.012

0.089±
0.012

0.089±
0.013

CT1 0.208±
0.109

0.177±
0.070

0.180±
0.058

0.144±
0.061

CT2 0.269±
0.188

0.269±
0.188

0.271±
0.187

0.130±
0.022

 

Figure 9. Comparison of LAI/FPAR retrievals over different clumping scenes and scales. Panel (a)
is for three 1 km2 scenes (a-1: uniform, a-2: randomly generated clumping (CT1), a-3: half-and-half
clumping (CT2)) and panel (b) shows the retrievals over three different scenes and four different scales
(100 m, 250 m, 500 m, and 1000 m) where the dashed line represents the LAI/FPAR truth.

4. Discussion

Because of the different sensitivities of LAI/FPAR to surface reflectances, we note that there would
be a gap of uncertainty between the saturated part and the unsaturated part [4,8]. However, Figure 3
indicates that for large LAI/FPAR, their theoretical uncertainty is artificially reduced by the method
of regularization, which causes the retrieval to have varying degrees of confidence and leads to
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a problematic evaluation of high LAI/FPAR scenes using the provided StdLAI and StdFPAR. This also
places new requirements on future algorithm refinement that the LUT algorithm should be consistent in
the saturated case as in the unsaturated case. The LAI/FPAR values estimated by the backup algorithm
and calculated by the main algorithm also show significant discontinuity [4,8–10] (Figure 4a). Based on
this, we point out that future algorithm refinement should increase the coverage of the main algorithm
usage, which will greatly improve the overall accuracy of the product. In addition, according to the 3D
RT model, the hotspot means that the radiation field tends to peak around the retro-illumination
direction. The results of this study indicate that the uncertainty of the MODIS algorithm in the hotspots
is quite large (Figures 4–6), due to which the science team decided not to include additional hotspot
parameters since their inclusion would make algorithm calibration difficult [56,57]. We note that this
will not cause large problems in the MODIS LAI/FPAR production because of the fact that observations
near the hotspot are rare for MODIS. However, this points out a new refinement direction of this
algorithm to improve the accuracy of hotspot modeling for other sensors.

As is known, the uncertainty of the inputting BRFs has some influence on the uncertainty of
the retrieval algorithm. In particular, our results show that the uncertainty of NIR BRFs has a larger
effect on LAI/FPAR uncertainty compared to the red BRFs (Figure 6). We know that insufficient
input information will lead to the “ill-posed” retrieval problem [11]; however, the inputting BRFs of
the MODIS operational algorithm are currently only for the red and NIR bands. Therefore, in the future
we may try to make use of BRFs in other bands to improve the retrieval accuracy. The MODIS algorithm
depends on a priori information about the land surface given by biome type representing the pattern
of the architecture of vegetation, as well as patterns of spectral reflectance and transmittance of
vegetation [8]. Figures 7 and 8 confirm that the misclassification of biome types with similar structures
will result in smaller LAI/FPAR uncertainty, and vice versa [11,58]. This means that the improvement
of biome classification accuracy is an efficient way to improve the LAI/FPAR products. Moreover,
different biome types also lead to different clumping types. As Figure 9 shows, the underestimation
of LAI is significant for two clumping scenes at 1000 m scale. For the other three scales, however,
the overestimation of CT2 is due to the backup algorithm retrievals. As our results show, the algorithm
only considers the clumping effect at one scale (e.g., B1 is minimal leaf clumping) [4], which can result
in large differences in the retrievals; therefore, we suggest that future algorithms consider the clumping
effect at more scales (e.g., leaf, branch, and crown).

We note that there are some problems with the way we use LESS to simulate specific scenes
and evaluate the MODIS algorithm. First, according to the algorithm, the retrieved LAI/FPAR is
a weighted average of the probability values within the error range. Therefore, the probability
distribution of LAI/FPAR within the error range based on a great number of realizations has more
statistical significance thus may differ from the specific realization (scene) that was used. Secondly,
although the LESS model has been well validated, the confidence of our evaluation results depends on
the accuracy of the LESS simulation.

In short, validation in the field of remote sensing utilizing computer simulations has proved
feasible. In future studies, we will analyze the other seven biome types, which will provide a more
comprehensive evaluation of the MODIS LAI/FPAR retrieval algorithm. In addition, we will change
the mode of a single specific scene to obtain retrieval results by simulating multiple scenes. Moreover,
evaluation of the algorithm at different levels of vegetation clumping will be the focus of our
future research.

5. Conclusions

This paper presents an uncertainty assessment of the MODIS LAI/FPAR retrieval algorithm over
B1 (grassland) based on computer simulation. To accomplish this assessment, we first analyzed
the theoretical uncertainty caused by inherent model uncertainty, then we calculated the uncertainty
caused by input parameters (BRF and biome type) over simulated 3D grass scenes. Finally, we analyzed
the effects of vegetation clumping and scale dependency of the MODIS algorithm. The 3D grass
scenes were simulated by a well validated 3D RT model (LESS), which helps to separate the model
uncertainty and other uncertainties. We found that the uncertainty of the main and backup algorithm
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varies considerably. In the same scene, there is a −6.61% bias for the main algorithm retrieval, while
the backup algorithm retrieval has a +84.85% bias. We noted that the uncertainty of the saturated
retrievals is artificially reduced compared with unsaturated retrievals. At the same time, MODIS
showed significant overestimation at low LAI scenes, with a maximum bias of +111.86% for LAI
and +162.50% for FPAR. In the high LAI scenes, the “hotspot” geometry results in greater retrieval
uncertainty from the backup algorithm. Moreover, input uncertainties further increased the uncertainty
of LAI/FPAR retrieval. We found that the uncertainties in BRF in the NIR band has a greater impact
than in the red band. The biome type uncertainty also leads to great retrieval uncertainty. Large
uncertainties occurred when grassland was misclassified into forest biomes, while smaller uncertainties
occurred when the misclassification was within the non-forest biomes. In addition, the clumping
effect results in underestimation (−0.846 and −0.525 for the two clumping types, respectively) and we
found that the MODIS algorithm is nearly scale-invariant from 100 m to 1000 m pixel sizes. Overall,
these results, based on novel computer simulation experiments, can guide the future refinements of
the MODIS LAI/FPAR algorithm.
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Abstract: The European Space Agency (ESA)’s Sentinel-2A (S2A) mission is providing time series
that allow the characterisation of dynamic vegetation, especially when combined with the National
Aeronautics and Space Administration (NASA)/United States Geological Survey (USGS) Landsat
7 (L7) and Landsat 8 (L8) missions. Hybrid retrieval workflows combining non-parametric Machine
Learning Regression Algorithms (MLRAs) and vegetation Radiative Transfer Models (RTMs) were
proposed as fast and accurate methods to infer biophysical parameters such as Leaf Area Index (LAI)
from these data streams. However, the exact design of optimal retrieval workflows is rarely discussed.
In this study, the impact of five retrieval workflow features on LAI prediction performance of
MultiSpectral Instrument (MSI), Enhanced Thematic Mapper Plus (ETM+) and Operational Land
Imager (OLI) observations was analysed over a Dutch beech forest site for a one-year period.
The retrieval workflow features were the (1) addition of prior knowledge of leaf chemistry (two
alternatives), (2) the choice of RTM (two alternatives), (3) the addition of Gaussian noise to RTM
produced training data (four and five alternatives), (4) possibility of using Sun Zenith Angle (SZA) as
an additional MLRA training feature (two alternatives), and (5) the choice of MLRA (six alternatives).
The features were varied in a full grid resulting in 960 inversion models in order to find the overall impact
on performance as well as possible interactions among the features. A combination of a Terrestrial Laser
Scanning (TLS) time series with litter-trap derived LAI served as independent validation. The addition
of absolute noise had the most significant impact on prediction performance. It improved the median
prediction Root Mean Square Error (RMSE) by 1.08 m2 m−2 when 5 % noise was added compared to
inversions with 0 % absolute noise. The choice of the MLRA was second most important in terms of
median prediction performance, which differed by 0.52 m2 m−2 between the best and worst model.
The best inversion model achieved an RMSE of 0.91 m2 m−2 and explained 84.9% of the variance of the
reference time series. The results underline the need to explicitly describe the used noise model in future
studies. Similar studies should be conducted in other study areas, both forest and crop systems, in order
to test the noise model as an integral part of hybrid retrieval workflows.

Keywords: leaf area index (LAI); Sentinel-2; forest; machine learning; vegetation radiative transfer
model; Discrete Anisotropic Radiative Transfer (DART) model
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1. Introduction

Vegetation represents a primary component in Earth’s terrestrial carbon cycle, with respect to
its role both as a source of CO2 through respiration and as a sink of CO2 through photosynthesis [1].
Its photosynthetic capacity is a function of available leaf area, which can be quantified in terms of Leaf
Area Index (LAI). LAI is the leaf area per horizontally projected ground area [2]. It was acknowledged
as an Essential Climate Variable (ECV) with high priority in the European Space Agency (ESA)’s
Copernicus program [3] and is a focus area of the Committee on Earth Observing Satellites (CEOS)
Working Group on Calibration and Validation (WGCV) Land Product Validation (LPV) subgroup [4].

Multi-spectral Earth observation data are sensitive to the amount of canopy foliage, primarily
in the NIR and SWIR spectral region [5]. In the NIR, the leaf mesophyll with its enclosed air and
air–tissue interfaces results in high reflectance. In the SWIR, the water contained in the leaves leads
to high reflectance. Denser leaf layers increase these effects on the canopy level. In this context,
the multi-spectral Landsat missions and especially its latest satellite Landsat 8 [6] have shown potential
to estimate crop LAI [7–9], forest LAI [10] and in combination with Radiative Transfer Models (RTMs)’
generic LAI [11]. However, the missions’ orbits defines the revisit time as 16 days, which may be
insufficient to track fast vegetation changes such as spring leaf flush. The Sentinel-2 mission was
awaited for the purpose of estimation of biophysical parameters such as LAI. Its higher spatial
resolution, higher revisit frequency and additional red edge bands are emphasised as potentials for
performance advances, when compared to the Landsat missions. Agricultural testing campaigns
such as SEN3Exp and SicilyS2EVAL offered measurements to explore opportunities for estimating
vegetation parameters with spectral observations from Sentinel-2 [12–15]. The SPOT5 Take5 satellite
campaign delivered a dataset with a 5-day revisit time to explore the temporal domain [16]. However,
the domain of forest remote sensing has not seen this extent of targeted preparation campaigns.
Nevertheless, approaches are advancing to make use of the Sentinel-2 open data in terms of biophysical
parameter estimation [17,18]. All these campaigns and connected studies underlined that Sentinel-2
has high potential for estimation of LAI and Chlorophyll a and b (Cab) in diverse canopies.

In parallel with the advances in sensor technology and data availability, Machine Learning
Regression Algorithms (MLRAs) were introduced as retrieval techniques [14,19–23]. Their main
advantages are their ability to map the nonlinear relationship between canopy parameters and the
reflectance signal, and their fast mapping speed, compared to look-up tables [23]. Especially Gaussian
Process Regression (GPR)—a kernel-based MLRA—showed good results in terms of prediction
accuracy and could achieve the 10% precision for Cab retrieval required by the Global Climate
Observing System (GCOS) [14]. Like traditional retrieval techniques, MLRAs require a database
of biophysical parameters, and their associated reflectance signal to learn the mapping between
spectral bands and biophysical parameters. This database can originate from field observations,
but also from vegetation RTMs. RTMs simulate the spectral properties of vegetation based on a
limited set of biophysical parameters and the laws of radiative transfer, which makes them universally
applicable. Verrelst et al. [23] conclude that MLRAs and RTMs combined in training workflows have a
potential for implementation in operational processing chains for retrieving biophysical parameters.
These workflows are referred to as hybrid training workflows.

Turbid medium RTMs, which approximate the vegetation canopy as one homogeneous layer,
dominate inversion workflows (e.g., [19,24]). Among these RTMs, PROSAIL—a combination of
the PROSPECT leaf and the SAIL canopy model [5]—is one of the most widely used. The main
reasons for the use of turbid medium models are their fast processing speed and the low number
of input parameters. However, PROSAIL does not agree well with geometrically explicit RTMs
in the case of heterogeneous scenes, i.e., scenes where natural objects such as trees are explicitly
modelled [25]. As modelling capabilities have outrun means to collect ground truth, a final evaluation
of the differences remains open [26]. Apart from this, so-called emulators make it possible to build fast
surrogates for complex models [27]. For that, a complex physical model is replaced with a statistical
learning model that was trained on input–output combinations of the physical model. This makes it
practically possible to exploit heterogeneous RTMs in operational contexts.
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In the context of hybrid training workflows, addition of noise to the RTM generated spectral
data has been a common practice [19,28–30]. This is typically achieved by adding an absolute term
or multiplying with a multiplicative term across the RTM generated spectral bands following a
Gaussian distribution. The addition of noise has multiple purposes: it simulates errors of radiometric
calibration, atmospheric noise and residuals from the atmospheric correction, but to some extent also
bridges between the simplified representation of the RTM and the actual radiometric behaviour of the
canopy [19]. Generally, noise prevents the inverse model from over-fitting on the training database.
However, an accurate quantification of all error terms in the sensing process remains difficult [19].
Additionally, the quantification of the optimal noise level to be added has not been attempted for
hybrid workflows yet.

Considering these developments together—decametric observations from Sentinel-2 and Landsat,
fast mapping with MLRA algorithms and fast radiative transfer modelling with emulators—a
decametric LAI product would be possible. Such a product would offer better opportunities to
monitor ecosystems in fragmented landscapes than comparable products on hectometric scale such as
the MODerate-resolution Imaging Spectroradiometer (MODIS) [31] and CYCLOPES [19] LAI products.
However, the discrete implementation of hybrid learning processing chains requires many decisions
to be taken on—for example, the used RTM and MLRA. Often implemented, but rarely discussed in
depth so far, is the addition of noise to the synthetic spectral data.

The aim of this study was to compare different hybrid retrieval workflows that make combined
use of Sentinel-2A (S2A) MultiSpectral Instrument (MSI), Landsat 7 (L7) Enhanced Thematic Mapper
Plus (ETM+) and Landsat 8 (L8) Operational Land Imager (OLI) observations for forest LAI retrieval.
Features in the retrieval workflow were altered in a fully-factorised way to explore their effects.
The tested features were: (1) addition of prior knowledge of leaf chemistry, (2) the choice of RTM, (3)
the addition of Gaussian noise to RTM produced training data, (4) possibility of using Sun Zenith Angle
(SZA) as an additional MLRA training feature, and (5) the choice of MLRA. Performance statistics
for the realisations were derived to identify the relevance of the features with respect to prediction
performance. Apart from this, features were analysed in terms of their first degree interactions with
other features.

2. Data

2.1. Study Site

This study focussed on the Speulderbos Fiducial Reference site in the Veluwe forest area (N
52°15.15′ E 5°42.00′), The Netherlands [32,33] (www.wur.eu/fbprv). In an earlier forest inventory,
the site was marked with a wooden pole grid with 40 m spacing, which was geo-located with a LeicaTM

Robotic Total Station (Leica Geosystems AG, Heerbrugg, Switzerland) and triangulation. This grid
served to define the five plots A to E used as validation for this study (Figure 1). The plot locations
were chosen with a distance of at least 80 m between them. This distance is four times the image
registration error according to S2A mission definition [34].

The stand is predominantly composed of European beech (Fagus sylvatica). A few specimens
of pedunculate oak (Quercus robur) and sessile oak (Quercus petraea) can be found as well. In the
understorey, few specimens of evergreen European holly (Ilex aquifolium) can be found with heights
of <7 m in plots A, B, and E. The stand was created as a plantation in 1835 and left unmanaged from
then on, so that dominant trees are of even age. Recruitment took only place in canopy openings
caused by falling trees as was the case in plot D. This was reflected by the total number of stems, which
was 1059 ha−1 in plot D compared to 280, 250, 280 and 202 ha−1 in plots A, B, C and E, respectively,
as determined in a forest inventory in 2013/2014. Basal area was 43.0, 42.5, 31.4, 34.8 and 37.2 m ha−1

for plots A, B, C, D, and E, respectively.

39



Remote Sens. 2020, 12, 915

Figure 1. Speulderbos study site with Terrestrial Laser Scanning (TLS) scan positions and polygons
representing the five plots. Background image is an airborne false-colour composite of 2013. The inset
shows the location of the study site within the Netherlands.

2.2. Field Data

2.2.1. Terrestrial Laser Scanning (TLS) Data

During a field campaign in 2016, a TLS time series was acquired that followed the phenological
development of the trees in the study site. The five plots were revisited 28 times with a RIEGL VZ-400
scanner (RIEGL LMS GmbH, Horn, Austria). Samples were taken during the growing season, with an
increased intensity during leaf flush and senescence. Rain events and wet canopy conditions were
avoided as wet canopy elements tend to absorb the laser pulses, thereby introducing a bias in the
estimation of gap fraction. A comprehensive list of all sampling dates can be found in Table A1. In each
plot, five scan positions were established that have been visited on each field visit, resulting in a total
of 25 positions per field visit. The positions were arranged in a star shape with a centre position
determined according to the wooden poles and four positions at the corners of imaginary squares with
20 m edge length.

The individual point clouds were processed with the PyLidar package (http://pylidar.org) based
on the methodology developed by Calders et al. [35]. This method basically treats the TLS laser
pulses as virtual probes similar to point quadrats, which have been proposed for measuring LAI [36].
The underlying assumption is that the canopy is a random medium with a density proportional to
its LAI. The canopy density is proportional to the TLS hit probability, while the TLS hit probability
is the inverse of the gap fraction. In this aspect, the TLS gap fraction is similar to the gap fraction
derived from digital hemispherical photography [37], which is a standard method to measure LAI [38].
The gap fraction was derived by counting pulses that exited the canopy without return versus all
pulses fired in the hinge angle region, which was approximated by the zenith angle region between
50° and 60°. Terrain correction for vertical profiles as proposed by Calders et al. [39] was not used
because only total canopy Plant Area Index (PAI) values were required, which is indifferent to the
terrain. Finally, PAI was derived as follows:

PAI = −1.1 log(Pgap(57.5◦)) (1)

where Pgap(57.5◦) is the gap fraction at the hinge angle. PAI is defined as the one sided surface area
of all plant material per unit area ground surface [35]. Alternatively, it can be defined as PAI =
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LAI + WAI, where WAI is the wood area index. This is different from LAI, which only includes
foliage material [35].

2.2.2. Littertrap Data

Additionally, 25 litter traps were installed in the area to directly measure LAI per season. In each
plot, five litter traps were positioned close to the TLS sampling points. Their construction was based
on recommendations of the Center for Tropical Forest Science (CTFS) Global Forest Carbon Research
Initiative Litterfall Monitoring Protocol, version March 2010 (https://forestgeo.si.edu/sites/default/
files/litterfall_protocol_2010.pdf). Each trap consisted of a PVC pipe bent to a circle with an area of
0.7 m2 and holding a plastic net. The net allows water to drain and prevent decomposition of the litter
content. For each trap, the pipe circles were levelled to assure correct surface area and are held in place
1 m over the ground with four wooden poles.

Litter was collected seven times in 2016 over the course of the season on 1 June, 12 August, 7
and 21 October, 11 November , 2 December, as well as on 10 January in 2017 to collect the last fallen
leaves of 2016. Sampling dates were chosen to account for the increased litter-fall in autumn. Litter
was collected with paper bags; sorted by species and components, i.e., leaves, twigs, and husks; dried
for at least 24 h at 65 °C; and weighted. For each litter collection, 100 leaves were randomly sampled,
and their area determined with a leaf area meter (Licor Area Meter 3100, LI-COR, Inc., Lincoln, NE,
USA). Specific Leaf Area (SLA)—the unit area of leaf per unit mass—was estimated based on these
sub-samples [40]. The total LAI per trap for the whole season was then inferred from the total collected
dry leaf weights taking into account the litter trap surface area of 0.79 m2. Plot level LAI was estimated
as the mean of the single traps.

2.2.3. Leaf Sampling Data

Apart from these canopy structural measurements, the leaf chemistry was monitored over the
course of the year by inversion of leaf spectral samples. For this purpose, two beech trees between
plot A and B were rigged with ropes and climbed four times at different points of leaf development.
On each tree, five branches were cut off at each sampling event from near the crown top. From each
branch, five leaves were sampled randomly when no differences in development stage were visible.
Especially during the last sampling event, the leaves showed different stages of senescence. In that
case, the leaves were sampled to represent the abundance of the respective senescence stage on the
branch. Leaf reflectance spectra were acquired with a Fieldspec Pro 3 (ASD Incorporated, Boulder, CO,
USA) equipped with an integration sphere. Additionally, the same leaves were sampled with a Minolta
SPAD-500 chlorophyll meter (Spectrum Technologies, Inc., Plainfield, IL, USA). For this, four SPAD
measurements per leaf were averaged. The sampling resulted in a total of 173 reflectance spectra.

2.3. Satellite Data

2.3.1. Sentinel-2A MSI

S2A MSI was primarily designed for land cover and disaster monitoring, but also for retrieval
of biophysical parameters such as Fraction Absorbed Photosynthetically Active Radiation (FAPAR),
LAI and Fractional vegetation cover (FCover) [34]. Operational products incorporate the Top Of
Atmosphere (TOA) Bidirectional Reflectance Factor (BRF) and recently the Surface Reflectance (SR)
BRF. Table 1 gives an overview of the MSI spectral bands.
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Table 1. Spectral band specifications for bands and missions used in this study (band centres and
widths in nm), bands used for atmospheric correction were omitted [34,41].

Domain Landsat 7 ETM+ Landsat 8 OLI Sentinel-2A MSI
Name Center Width Name Center Width Name Center Width

VIS B1 485 70 B2 482 60 B2 490 65
B2 560 80 B3 561 57 B3 560 35
B3 660 60 B4 654 37 B4 665 30

NIR B4 835 130 B5 864 30 B5 705 15
B6 740 15
B7 783 20
B8 842 115
B8A 865 20

SWIR B5 1650 200 B6 1608 84 B11 1610 90
B7 2220 260 B7 2200 187 B12 2190 180

S2A MSI TOA BRF products for tile T31UFT were downloaded from the Copernicus Open Access
Hub (https://scihub.copernicus.eu/) for the period of January 2016 until December 2016. The relative
orbits R008 and R051 both include the Speulderbos site, thereby doubling the number of observations
compared to single orbit observation. TOA BRF products were further processed with sen2cor 2.4.0
(http://step.esa.int/main/third-party-plugins-2/sen2cor/) to derive SR BRF products. During further
processing, 60 m bands (B01, B09, B10) were excluded because they are heavily affected by atmospheric
conditions and, therefore, surface reflectance products were not provided for these bands. Cloud and
quality screening was performed manually under consideration of the scene classification delivered
with sen2cor. For this, Normalised Difference Vegetation Index (NDVI) time series for the extracted
observations were inspected. Potentially cloud free scenes were identified as high NDVI values in the
time series and, therefore, those images were accepted for further processing.

Of the 64 dates in 2016 when MSI observations of the Speulderbos site were available, 21 dates
yielded usable observations, which is 32.8% of all. Figure 2 shows the bands B04 and B8A, which are
the red and NIR spectral bands (Table 1) and hold most information on change in canopy characteristics.
The automatic scene classification could identify most of the cloud affected conditions with an accuracy
of 91.6%. It should be noted that all observations that were not clouds were further processed, no matter
their assigned Scene Classification (SCL) class. Overall, the time series depicted the start of season in
April and May: the red reflectance decreased over all plots from 0.059± 0.003 on May 1 to 0.022± 0.001
on May 11 due to absorption by chlorophyll. At the same time, reflectance in band B8A increased from
0.188 ± 0.008 to 0.406 ± 0.014, which can be attributed to the leaves’ characteristic scattering behaviour.
During late summer, the overall temporal course remained stable with a slightly decreasing trend. This
trend could also be observed in the validation time series (Figure 6). An exception was 17 July, when
B8A reflectance jumped to 0.526 ± 0.023. There were no clouds over the plots on that day, but clouds
close by probably caused adjacency effects.
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Figure 2. Observed BRFs for S2A MSI red and NIR band over the year 2016 for the five Speulderbos
plots (see Figure 1). Points represent average BRF over the five plots, error bars one standard deviation.
Colour codes the number of plots for which the observations were useful (clear sky). SCL class refers
to the mode of all Scene Classification (SCL) given by sen2cor over the five plots. Observations used
refers to how many of the BRF of the five plots were not affected by clouds and used for analysis.

2.3.2. Landsat ETM+ and OLI

Similar to S2A, atmospherically corrected data are available from the Landsat Archive. For this
study, L7 ETM+ and L8 OLI SR BRF products at Worldwide Reference System (WRS) row 24 and WRS
path 197 and 198 were obtained as on-demand download products provided by the United States
Geological Survey (USGS) Earth Resources Observation and Science (EROS) Center Science Processing
Architecture (ESPA) On Demand Interface (https://landsat.usgs.gov/landsat-surface-reflectance-high-
level-data-products). Both Landsat time series profited from two orbits from which Speulderbos can
be observed. Clouds and cloud shadows were identified in the same manner as for MSI and with the
support of the pixel quality layer delivered with Landsat Collection 1 products.

In order to extract SR from the satellite SR products, the plots needed to be defined in terms
of geo-referenced polygons. For this, the circular field of view of the TLS at the five scan positions
within each plot (Figure 1) was considered. Each position was buffered with a circle of 14.4 m radius,
which corresponds to the top of canopy of the approximated canopy height of 25 m and maximum
observation angle 60° of the TLS. The combined area of the circles represented the plots. The square SR
product pixels did not correspond exactly to the polygonal definitions of our plots. Therefore, pixels
overlaying each plot were weighted according to their overlap area with the respective plot polygon in
order to estimate the SR of the plot.

In case of the two Landsat missions, 41 and 42 observation dates were available of which 8 (17.1%)
and 9 (15.8%) were usable for ETM+ and OLI, respectively (Figure 3). The pixel quality bits for cloud
occurence indicated at least medium confidence, which appeared to indicate clear sky conditions
after checking the corresponding images. As for MSI, these could mostly be found during the spring
green-up and late summer periods. Cloud conditions, represented by bits set to high confidence cloud,
were identified with an accuracy of 85.9%.
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Figure 3. Observed BRFs for Landsat 7 ETM+ and Landsat 8 OLI MSI NIR bands over the year 2016
for the five Speulderbos plots (see Figure 1). Points represent average BRF over the five sites, error bars
one standard deviation. Colour codes the number of plots for which the observations were useful (clear
sky). Pixel QA refers to the pixel quality bits. Six observations were discarded because they exceeded a
reflectance of 1 (undetected clouds). Observations used refer to how many of the BRF of the five plots
were not affected by clouds and used for analysis.

In September, when multiple observations of MSI and OLI were available, they produced
comparable SR BRFs when excluding September 5: average per band BRFs showed differences of
less than 5%, which is the S2A mission requirement for SR products. Only L7 ETM+ and S2A MSI
showed differences in the NIR of 7.4%, which can be explained by the wider spectral response curve
of the ETM+ NIR band 4. These similarities give confidence in comparable behaviour of SR BRFs
and to combine observations from these sensors. However, for a detailed comparison the spectral
response functions of the sensors and the used atmospheric processors need to be taken into account
(e.g., [42]). In fact, for optimal inter-operability, the S2A and Landsat products should be harmonised
before combined processing [43].

3. Methods

The aim of this study was to modify features—or elements—of a hybrid retrieval workflow for
LAI in order to test their impact on the prediction performance. The general order for a hybrid retrieval
workflow is as follows [23,44]:

1. A vegetation RTM is run in forward mode to create a database of training samples, i.e., biophysical
parameters serve as input for the RTM to predict spectral BRFs. The parameter values are altered
to cover multiple canopy conditions.

2. Gaussian noise is added to the spectra to prevent the MLRA from over-fitting and simulate
observation noise.

3. Multiple MLRAs are trained on the database to learn the inverse mapping, i.e., from spectral
bands to biophysical parameter. Model hyperparameter tuning is performed on a part of the
generated database, while the rest is used for testing the trained model.

4. The MLRAs are applied to the observed spectra to predict the biophysical parameter of interest.
MLRAs performance is compared.

The following list gives an overview of the modified features of this study and introduces
reference terms under which the feature domains were treated. Figure 4 summarises the workflow
and features visually.
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• Biochemical Prior: Using leaf biochemical parameters inferred from field spectroscopy
observations to restrict the RTM input parameter space (label: prior knowledge) versus using
a free range (label: free) (two alternatives).

• RTM: Two underlying, structurally contrasting RTMs were tested: turbid medium PROSAIL
(SAIL 4 coupled with PROSPECT 5) and structurally-explicit Discrete Anisotropic Radiative
Transfer (DART) (with PROSPECT 5) (two alternatives).

• Noise scenario: Using multiple noise levels for two types of noise (four and five alternatives).
• SZA: Using the SZA as an additional learning feature (label: SZA) or not (label: no SZA) (two

alternatives).
• MLRA: Using multiple MLRAs: Ordinary Least Squares (OLS), Multi-Layer Perceptron (MLP),

Regression Tree (RT), Support Vector Regression (SVR), Kernel Ridge Regression (KRR), GPR (six
alternatives).

Each unique combination of these features is referred to as a realisation in the following, while
realisations with the same feature were summarised as ensembles. For example, a realisation may have
used biochemical prior knowledge, DART, specific levels of noise, SZA, and OLS. All realisations that
implement DART make up the ensemble. All possible combinations of the list above were tested,
resulting in 960 realisations. Model training was performed independently for each satellite mission,
and model predictions were combined later to form one time series per realisation. A separate per
mission performance assessment was not conducted because the effective number of observations
varied strongly between the missions and thus would not allow fair comparison.

Figure 4. Flowchart of the applied workflow. Varied feature domains have orange background, LAI
ground truth green background. For abbreviations, the reader is referred to the text.

3.1. Leaf Biochemical Parameter Estimation

The spectral signature of vegetation canopies is sensitive to LAI mostly in the NIR, but to a
certain extent also in the VIS and red edge, and SWIR [5]. However, the VIS and red edge regions
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are also strongly affected by Cab, and the SWIR by leaf water content (Cw) and leaf dry matter
content (Cm). For LAI retrieval, this means having knowledge about leaf biochemistry allows restricting
the parameter range that the training database needs to cover, thereby improving the learning of the
variations that are caused by LAI. For this reason, a leaf biochemical prior was tested as a possible
feature of the training workflow, even though the retrieval of leaf biochemical compounds was not the
aim of this study.

For the retrieval of leaf chemical properties, the collected field spectral samples (Section 2.2) were
inverted with a gradient descent approach utilising the PROSPECT 5 model as implemented in the R
package hsdar (https://cran.r-project.org/web/packages/hsdar) [45,46]. The quasi-Newton method
after Byrd et al. [47] that allows box constraints was chosen. Box constraints allow for limiting the
searched parameter space to hyper-cubes according to given parameter ranges. The parameter ranges
given in Table 2 were chosen as constraints. Results were inspected to identify biochemical compounds
whose abundance was stable over the season and could be assumed fixed over the course of the year,
or otherwise needed to be treated as variable.

Table 2. RTM parameters with their symbols, units, ranges (in case of free realisations) and best-estimate
values (in case of prior knowledge realisations; based on PROSPECT inversion of sampled leaf spectra,
Section 3.1). The best-estimate values were used for the prior knowledge realisations.

Model Parameter Unit Free Best Estimate

Leaf parameters: PROSPECT-5B
N Leaf structure index - 1–2.5 1.27
Cab Leaf chlorophyll content μg cm−2 0–80 -
Car Leaf carotenoid content μg cm−2 0–20 8.60
Cm Leaf dry matter content g cm−2 0.001–0.025 0.00263
Cw Leaf equivalent water thickness cm 0.002–0.025 0.0053
Cbrown Brown pigment fraction - 0–1 -

Canopy parameters: SAIL4 and DART

LAI Leaf area index m2 m−2 0–8 0–8
θs Sun zenith angle ◦ 27.5–80 27.5–80
θo View zenith angle ◦ 0 0
φ Sun-sensor azimuth angle ◦ 0 0
LAD Leaf angle distribution - Plagiophile Plagiophile

Canopy parameters: SAIL4

αsoil Soil wet/dry factor - 0 0
hspot Hot spot parameter - 0 0

Canopy parameters: DART

TreeHeight Tree height m 20 -
CrownDiameter Tree crown diameter m 5–9 -
CrownHeight Tree crown height m 7 -

3.2. RTMs and Training Database Generation

Two contrasting canopy RTMs were used to represent different levels of canopy complexity.
One was PROSAIL, which is a turbid medium model, i.e., it treats the canopy as a homogeneous
medium. It is a combination of the PROSPECT leaf and the SAIL canopy bidirectional reflectance
model [5]. It has been widely used in the fields of agriculture, plant physiology, and ecology, including
estimation of biophysical parameters [16,19,48,49]. In this study, PROSAIL 5B, as implemented in the
R package hsdar, was used.

On the other hand, the DART model is a voxel-based flux-tracing model that allows building
complex 3D scenes, including vegetation canopies [50,51]. DART contains a PROSPECT module to
simulate leaf reflectance and transmission. Applications of DART can be found in the fields of surface
energy budget studies [52] and forest biophysical parameter retrieval [53–55], where its advantages
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of explicitly modelling 3D structure were exploited. DART can be obtained from CESBIO with free
licences for publicly funded research and teaching (https://dart.omp.eu).

As both RTMs use PROSPECT 5 as the underlying leaf model, they have many common
parameters. Table 2 gives an overview of the used parameter ranges. In the case of free realisations,
parameters were allowed to vary within the ranges that adopted from the literature [44]. In case of prior
knowledge realisations, the values were estimated with field spectroscopy as described in Section 3.1.
The range of sun zenith angles is based on the geographic location of the Speulderbos site. Since
ETM+, OLI and MSI have narrow fields of view of 15°, 15° and 21°, respectively, view zenith angle
and relative azimuth angles were assumed to be 0. This was found to be a reasonable assumption for
mid and high latitudes [56]. Soil spectra were estimated from MSI barren and winter observations.
BRFs were extracted as described above and averaged over all sites. Sensor spectral response curves
were approximated as Gaussian with centre wavelength and Full Width at Half Maximum (FWHM)
according to published specifications (Table 1). In summary, three models were trained, one for
each sensor.

The DART scene was built up of five trees as squared, repetitive scene with 10 m edge length
and grid size of 1 m horizontal and 0.5 m vertical cell size (Figure 5). This means that the scene was
duplicated along the edges. The trees’ heights and diameters were roughly approximated with TLS
point clouds (Table 2, Section 2.2). However, the trees were based on generic forms consisting of
8-faceted stems and ellipsoidal crowns. The stems had a diameter of 0.5 m below and 0.25 m within
the crown. The crown leaf volume was simulated as turbid medium cells. TLS was not used to build
explicit 3D tree models in order to keep the number of input parameters minimal. For fast computation,
an emulator was built to replace actual DART simulations [27]. For this, 2500 samples of DART input
parameters were drawn with Latin hypercube sampling [57] according to the free option in Table 2.
Then, the same MLRAs as for the inversion were trained to predict the single spectral bands of ETM+,
OLI and MSI. The best performing MLRA was identified according to the lowest Root Mean Square
Error (RMSE) in a five-fold cross-validation.

In total, 2500 parameter samples were drawn with Latin hypercube sampling using uniform
distributions to evenly cover the parameter space for all parameters with range specifications. Of these
2500, 30% were modified to represent barren, winter conditions. This means that all leaf chemical
parameters and LAI were set to 0.

Figure 5. Nadir view of a DART sample scene that is used to represent the heterogeneous canopy.
The centre scene with five trees is replicated along the edges. Colour is reflectance with low values
black and high values white.
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3.3. RTM Sensitivity Analysis

In order to assess the importance of the RTM input parameters (Table 2) on the single spectral
outputs, a global sensitivity analysis of the RTMs was conducted. Such an approach also helps to gauge
how good input parameters can be estimated from spectral outputs. The approach here generally
followed the approach of Verrelst et al. [27] based on Sobol sensitivity indices [58,59] modified by
Saltelli et al. [60] and as implemented in the R package sensitivity (https://cran.r-project.org/web/
packages/sensitivity). Here, only the total effect indices were considered that describe the sensitivity
of the model output to an input parameter and its interactions with other parameters. The sum of
the sensitivity indices with respect to all input parameters varies per spectral band output. Therefore,
indices were normalised to sum up to 1 to ease comparison across spectral band outputs. Furthermore,
only bands of MSI were taken into account because they cover the same spectral domains as ETM+
and OLI (Table 1).

3.4. Noise Scenarios

In this study, two types of noise were tested: multiplicative wavelength-independent (MI) and
additive wavelength-independent (AI) noise [61]. MI is dependent on the BRF. Its term is larger for
NIR compared to red spectral bands for typical vegetation spectral responses. MI and AI were added
to the RTM spectral bands:

ρ′ = ρRTM + ρRTM · εMI + εAI (2)

where ρ′ is the noise contaminated spectral band, ρRTM is the RTM spectral band output, εMI the MI
noise term with εMI ∼ N (0, σMI) and εAI the AI noise term with εAI ∼ N (0, σAI). Apart from noise
free, realisations with MI noise of 0.05, 0.1, 0.2 and 0.3, and AI noise of 0.05, 0.1 and 0.2 were tested.
The 0.05 noise level was motivated by the Sentinel-2 mission requirement of 5% error on SR [34].
The other noise levels were pessimistic variations. However, as mentioned before, the noise term has
multiple purposes, so that the mission requirements can only be an indication.

3.5. Solar Zenith Angle

Illumination conditions greatly affect the reflectance of canopies [5,62,63]. As the SZA changes
over the course of the year, the internal canopy shadowing varies. Furthermore, SZA is an easy to
obtain feature, as it is solely a function of location and time. Therefore, SZA was incorporated in the
training workflow to test if it improves LAI prediction. SZA was calculated for local overpass times
of the respective missions with the R package RAtmosphere ([64], https://cran.r-project.org/web/
packages/RAtmosphere). For the respective realisations, it was treated as an extra training feature
next to spectral bands.

3.6. Machine Learning Regression Algorithms

Studies on MLRA typically test a range of algorithms to explore their respective (dis-)advantages
and cross-comparison results. This was adopted in this study as well. All models were trained to
predict LAI, while the independent variables depended on the learning realisation. Multi-variate
OLS regression was chosen as a benchmark method. For neural networks, the classic MLP was used
(e.g., [19]). In particular, this was the implementation of the Stuttgart Neural Network Simulator
in the R package RSNNS (https://cran.r-project.org/web/packages/RSNNS). Networks with n + 1
neurons in a single hidden layer were trained, where n corresponded to the number of independent
variables [19]. Random Forest was selected as an RT algorithm [65,66] and used as implemented in the
R ranger package (https://cran.r-project.org/web/packages/ranger). The forests were grown with
500 trees.

Furthermore, three kernel-based methods were used. This type of regression methods translates
the—possibly nonlinear—regression problem from the parameter space into a higher dimensional
feature space, where it can be solved linearly. Kernel functions implement a notion of similarity
function. SVR [67], KRR [14] and GPR [68] with Radial Basis Function (RBF) kernels were tested here.
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The kernel σ hyperparameter was estimated with the sigest function from the kernlab package
(https://cran.r-project.org/web/packages/kernlab/). Although developed to estimate σ for SVR,
results in initial tests were promising for KRR and GPR. For further reading on MLRAs in biophysical
parameter estimation, the reader is referred to Verrelst et al. [23].

The general workflow for MLRA application typically involves splitting of the feature database
into training and validation sets to tune model parameters. Here, five-fold cross-validation was
performed during the tuning process. This was based on the training dataset, which held 2500 samples
of the RTM-based database. Next, the model performance for the best tuned parameters was evaluated
with the test dataset, which held 500 samples of the RTM based database. This set was never seen by
the models during training. Finally, the models were applied on the actual sensor observations and
compared with the validation dataset (Section 3.7). However, as we inverted observations of three
different sensors, in fact, for each realisation, three separate models were trained.

3.7. Ensemble Analysis and Validation

In order to analyse how well the MLRAs were able to learn the RTM-produced band-LAI
relationships, the test error was evaluated. However, this error represents only the theoretical
performance in case the RTM produces true results for the scene and the induced noise properties
correspond to the noise of the actual spectral observations.

For validation purposes, the advantages of the TLS time series—i.e., high precision due to
independence of illumination conditions [69,70]—was combined with the direct estimation of LAI
with the litter-traps. Litter-traps are considered among the most accurate methods in terms of absolute
LAI for forest canopies [71]. This approach follows the suggestion of Woodgate et al. [72] to calibrate
TLS with other techniques. Specifically, the TLS time series was scaled with the litter-trap total LAI
separately for each plot:

LAIi =
PAITLS,i − min(PAITLS)

max(PAITLS)
· LAILT (3)

where LAIi is the LAI at time i, PAITLS is the TLS derived PAI time series and LAILT is the litter-trap
LAI. The observations were averaged per plot and linearly interpolated to obtain a continuous
time series.

For each realisation, the time series of predicted LAI was compared with this validation time
series. The performance metric was the RMSE:

RMSE =

√√√√1
t

t

∑
i=1

(LAIrealisation,i − LAIvalid,i)
2 (4)

where t is the length of the time series, and LAIrealisation,i and LAIvalid,i the realisation and validation
LAI at time i, respectively.

4. Results and Discussion

4.1. Validation Time Series

Figure 6 shows the derived validation time series. The seasonal pattern with a fast spring leaf flush
in May and autumn leaf falling in November dominated the temporal behaviour. Calders et al. [35]
observed this speed in spring leaf flush for a mixed oak forest in the Netherlands. Maximum LAI of
6.1 m2 m−2 was reached on 26 May in plot A. Plots B and E showed LAI values just below 6.0 m2 m−2.
Plot C had a larger gap in its centre so that overall LAI was lower there. Measured LAI for plot D was
about two units lower than for the other plots with a peak of 3.2 m2 m−2. This was due to the age
composition of this plot, which was dominated by younger trees. The maximum LAI compares well
with the results of Leuschner et al. [73], who measured LAI by litter-traps in 23 mature Beech stands in
Germany. They found an average LAI of 7.4 m2 m−2 with a range between 5.6 to 9.5 m2 m−2.
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Another feature is the slow decrease in LAI starting in August that could be observed in all plots.
After the 2016 growing season, few brown leaves were still remaining on the trees until new leaves
flushed in 2017. Overall, the obtained time series show the expected dynamic behaviour of the canopy
during spring and autumn (Figure 6).

With respect to the uncertainty of the validation data, the standard deviation of the mean for
the litter-trap samples was calculated as 0.43, 0.25, 0.41, 0.32 and 0.24 m2 m−2 for plots A to E,
respectively. GCOS specified an accuracy of 0.5 m2 m−2 as a target for LAI products for local and
regional applications [38]. However, this is the requirement for the final LAI products, so that the
achieved uncertainties are rather high for a validation measurement. This affected especially the
realisation evaluations in terms of RMSE.

Figure 6. Speulderbos LAI time series for 2016 derived from TLS, points are observations. Lines are
linear interpolations. Interpolations for outside of the measurement campaign were performed with
the values from the previous and next year, which are added to the graph for clarity.

4.2. Leaf Biochemical Parameters’ Retrieval

The leaf chemistry assessment indicated that some leaf components remained stable over the
course of the season, while others showed a dynamic behaviour, resulting in multi-modal distributions
(Figure 7). The static ones were the leaf structure parameter (N) parameter, the dry matter content
Cm, and to some extent the equivalent water thickness Cw. The mean of the carotenoids remained
stable, but its variance was increasing at the last sampling day. Cab showed clear dynamics, with a
strong decrease during the last sampling day. When compared to the readings of the SPAD meter, Cab
retrievals showed a quadratic relationship (Figure A1), which is confirmed by other studies [74,75].
This strong relationship supports the validity of the Cab retrievals, and thereby the retrieval of the
other biochemical constituents since they were inverted simultaneously. On the basis of these results,
it was decided to constrain the training with fixed, central values of the N parameter, leaf carotenoid
content (Car), Cw and Cm, but vary Cab and leaf brown pigment fraction (Cbrown) as given in Table 2.
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Figure 7. Leaf chemical properties based on PROSPECT inversions of 173 leaf samples. Leaf properties
are leaf structure parameter (N), Chlorophyll a and b (Cab), leaf carotenoid content (Car), leaf dry
matter content (Cm), leaf water content (Cw), and leaf brown pigment fraction (Cbrown). Stacks are
coloured by acquisition date. Solid lines are fitted density models. Ordinate axis represents observation
counts and modelled counts for the observations and the fitted models, respectively.

4.3. RTM Sensitivity

PROSAIL’s and DART’s sensitivity to their input parameters is depicted in Figure 8. In case of
PROSAIL, BRFs in the visible bands were primarily driven by Cab with a contribution of 74.8 and 49.4%
in B03 and B04, respectively. This extended into the first red edge band B05, but strongly decreased to
6.1% at B06. In the red edge and NIR bands, LAI was the most important parameter with a relative
contribution of 68.5% for bands B06 to B8A on average. This sensitivity is the reason why LAI retrieval
relies on the NIR domain. The SWIR bands were mostly dependent on leaf water content Cw, which
had 52.8 and 46.2% contribution in B11 and B12, respectively. These results are in line with those of
Jacquemoud et al. [5].

On the other hand, DART’s output sensitivity was dominated by canopy structural parameters
(LAI and crown diameter) in the NIR spectral outputs (Figure 8). The contribution of LAI was maximal
in B04 with 64.1%, while that of crown diameter was maximal in B06 with 52.2%. Their combined
contribution was minimal in B12 with 12.7%. In contrast to PROSAIL, DART showed some sensitivity
towards SZA, which was 5.1% on average in bands B05 to B8A. This reflects the effect of shadowing
and DART’s vertical heterogeneous character.
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Figure 8. Global sensitivity of S2A MSI spectral bands to PROSAIL and DART input parameters
according to Sobol’ Indices. Total Sobol’ Indices were normalised per band to sum up to 1. For band
specifications, see Table 1 and for parameters see Table 2.

4.4. Impact of Training Scheme Features on Prediction Performance

This section presents the single inversion workflow features and their role for predicting LAI,
starting with a comparison across domains in the following paragraphs. Since the RMSE results were
not consistently normal distributed within ensembles, the median was calculated for all realisations
that implemented a specific feature. In this way, the feature’s role could be evaluated. It should also be
noted that RMSE refers to the validation error. Only in some cases was the training error evaluated,
but this is always explicitly mentioned.

Table 3 summarises the effects of all features on the validation RMSE. The 25 and 75% Interquartile
Range (IQR) is listed as a quantification for the variability within the ensembles. The feature with the
strongest influence on performance in terms of RMSE was the adding of AI noise to the RTM generated
spectral outputs. Adding 5% AI noise decreased the median RMSE from 2.33 m2 m−2 for no noise to
1.25 m2 m−2. Realisations with 5% AI noise also achieved the overall lowest RMSE. The second-most
important feature was the choice of MLRA. Here, realisations varied between RMSE of 2.04 m2 m−2

for MLP, and RMSE of 1.52 m2 m−2 for SVR. Restraining the training database with prior information
on leaf biochemical contents generally decreased prediction performance.

The following sections present the performance results of all training features in more detail and
elaborate on their first order interactions, whereas typically only the strongest interaction is discussed.
Interactions were investigated by comparing the respective groups of realisations that implement
the features. For example, if feature A has two realisations A1 and A2, and its strongest first order
interaction feature B has B1 and B2, all realisations that implement them (A1/B1, A1/B2, A2/B1,
A2/B2) were compared to each other. The strongest interaction (feature B in the previous example) was
identified as the one that varies performance in terms of validation RMSE the most after the feature
under consideration (feature A in the previous example). For example, when the leaf chemical prior
was inspected, the feature that produced the largest differences among the realisations was identified
as the strongest interaction, which was the RTM feature.
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Table 3. Validation median RMSE and Interquartile Range (IQR) (25 to 75%) for training features.
ΔRMSE refers to the difference to the best feature per group.

Feature Realisation Median RMSE ΔRMSE RMSE IQR

Leaf chemical prior Free range 1.47 — 0.49
Prior 2.10 0.63 0.96

RTM PROSAIL 1.93 0.42 0.95
DART 1.51 — 0.69

MI Noise 0% 1.73 0.10 1.12
5% 1.70 0.07 1.08
10% 1.70 0.07 1.01
20% 1.63 — 0.84
30% 1.63 — 0.73

AI Noise 0% 2.33 1.08 0.80
5% 1.25 — 0.67
10% 1.38 0.13 0.68
20% 1.74 0.49 0.51

SZA Without SZA 1.69 0.06 0.97
With SZA 1.63 — 0.95

MLRA OLS 1.72 0.20 0.54
MLP 2.04 0.52 0.88
RT 1.57 0.05 1.04
SVR 1.52 — 1.06
KRR 1.63 0.11 1.06
GPR 1.60 0.08 0.98

4.4.1. Leaf Biochemical Prior

Among other information, Figure 9 summarises how the leaf biochemical prior information
affected the training results. PROSAIL performance was generally more affected by introducing prior
information than DART performance (Figure 9): median RMSE decreased from 1.91 to 1.38 m2 m−2

when prior information was included in the test data sets, while it increased from 1.43 to 2.37 m2 m−2

in case of the validation data. The former can be explained by the sensitivity of PROSAIL to biochemical
parameters Cab, Cm and Cw (Section 4.3). Using prior information effectively decreases the parameter
input space that the MLRA has to learn, thereby making it easier for the MLRA. This also made it
possible to reach testing RMSE as low as 0.01 m2 m−2. However, inversion of actual observations was
impaired by the constraint of the leaf chemical parameter space. This may be due to the fact that leave
chemical properties were not representative for the whole study area, as leaves were only sampled from
two beech trees, while oak was also present and environmental conditions may change the chemical
composition throughout the study area. Additionally, the way the constraint was implemented—as
mean estimates allowing no deviation—may also play a role.

Contrary to this, the DART inversion performance was less sensitive to leaf biochemical
parameters (Section 4.3). Median performance in terms of RMSE was similar at 2.29 and 2.16 m2 m−2

for test data and improved slightly with a decrease in RMSE from 1.55 to 1.46 m2 m−2 for the validation
data set when introducing leaf chemical information. Thus, reducing the input parameter space had a
small positive effect during training and validation.
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Figure 9. Prediction performance in terms of testing and validation RMSE with dependence on the
chosen RTM, AI and MI noise level, and bio-chemical prior. RMSEmedian, IQRRMSE and RMSEmin refer
to the validation error in the respective panel cell. Grey line is 1:1 line. In case of the validation results,
14 realisations were trimmed with RMSE larger than 10 m2 m−2 (all with 0 % AI noise) because they
prevented proper display.

4.4.2. RTM Choice

Among other features, Figure 9 compares the inverse model realisation in terms of their used RTM.
Both testing error, i.e., the error based on RTM produced samples, and validation error, i.e., the error
based on the validation time series for the Speulderbos site, are shown. Overall, PROSAIL and DART
achieved a median test RMSE of 1.63 and 2.21 m2 m−2, while the validation RMSE was 1.93 and 1.51
m2 m−2, respectively. The lower performance of DART on the testing samples can be explained with
its additional freely varying parameter, the crown diameter. However, with this parameter came the
capability to model crown gaps (Figure 5), which led to the better performance in terms of validation
RMSE.

Apart from the overall better median RMSE of DART, using this RTM generally decreased spread
of error for realisations that implemented this RTM, at least when some AI noise larger than 0% was
chosen. For example, the validation RMSE IQR for DART with 0% AI noise was 0.23 m2 m−2, while it
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was 1.20 m2 m−2 for PROSAIL. This means that choosing this DART reduced the importance for a
particular choice of the other training features.

There were realisations for which the testing RMSE was disproportionally larger than the
validation RMSE. In fact, this was the case for 43.3 and 77.7% of the PROSAIL and DART cases,
respectively (Figure 9). Under circumstances where data of the same origin would have been used,
this would be unlikely to occur, especially in scenarios with added noise. However, training in this
study was based on RTM output and validation on field acquired data.

4.4.3. Noise Scenarios

Both the AI and MI noise had different effects on the testing and validation error. Generally testing
errors increased with increasing noise—in the case of AI from 1.29 m2 m−2 for 0 % to 2.46 m2 m−2

median RMSE for 20% AI noise, and in the case of MI from 1.89 m2 m−2 for 0% to 2.09 m2 m−2 median
RMSE for 20 % MI noise. This showed the general effect of the noise to blur the relationship between
spectral output and associated LAI, and prevent the MLRA to learn the true RTM produced pattern.

AI noise was generally more successful at reducing validation RMSE (Table 3): it decreased median
RMSE by 1.08 m2 m−2 (from 2.33 m2 m−2 for 0% AI noise to 1.25 m2 m−2 for 5 % AI noise). MI noise
reduced median RMSE only by 0.10 m2 m−2 (from 1.73 m2 m−2 for 0 % MI noise to 1.63 m2 m−2 for
20% MI noise).

Considering AI noise alone, the addition of any in comparison to 0% AI noise strongly changed
the distribution of realisations in terms of RMSE (Figure 9). This did not only include the best, but also
low performing results. More precisely, AI noise prevented occurrence of very bad results. For the 0%
AI noise level, worst performance reached up to 29.29 m2 m−2 and the 95% quantile lay at 10.4 m2 m−2,
while for 5% these statistics were 2.66 and 2.48 m2 m−2, respectively. Here, the added noise prevented
the MLRA from over-fitting on clean RTM simulations.

Noise was also found an important training workflow element in PROSAIL-Look Up
Table (LUT)-based inversions of observations from agricultural crops by Rivera et al. [29] and
Verrelst et al. [30]. They added up to 50 and 30% noise to PROSAIL spectra, respectively, but did
not specify how the error was implemented. However, the required magnitude of noise corresponds
to the MI noise in this study, which was optimal at 20 to 30%. Baret et al. [19] added 0.04 absolute
Gaussian white (AI) noise in a global retrieval workflow based on PROSAIL. This is in line with the
optimal 5% AI noise in this study. Koetz et al. [28] adopted a wavelength-dependent, relative noise
term of maximal 10% in the 444 nm band. Both Koetz et al. [28] and Baret et al. [19] based their choice
for a specific noise level on experience of observation errors, but do not evaluate other possibilities.

Baret et al. [19] argued that the quantification of the error term is difficult, as it includes errors
stemming from the radiometric calibration of the sensor, Bidirectional Reflectance Distribution Function
(BRDF) normalisation, atmospheric correction, cloud residuals and the RTM representativeness for the
actual canopy. Additionally, the interaction of these single terms plus the properties of the used MLRA
in an inversion workflow complicates the choice based on experience of errors of the sub-systems.
Surely, it is more practical to conduct a sensitivity analysis over validation samples rather than
characterising the sensor-inversion system in detail. Moreover, noise terms need to be defined properly
to compare them across studies.

4.4.4. SZA

As shown in Table 3, realisations that made use of SZA as an extra training feature achieved
overall 0.06 m2 m−2 smaller median RMSE than realisations that did not include SZA. A Wilcoxon
signed-rank test confirmed that the two groups differed significantly (p < 0.01). This difference was
most prominent with the multiple MLRAs. For example, SVR benefited strongest with a decrease
in median RMSE by 0.07 m2 m−2. This can be explained by the richer feature space that the MLRAs
had available for learning. Additionally, SZA correlated with the general phenological patterns of the
study area with low SZA in summer.
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Strategies to include SZA into inversion workflows of multi-temporal observations are not
consolidated yet. Koetz et al. [28] computed independent LUTs for different observation dates
and consequently SZAs, but they did not investigate the error that would occur if they would not
have done so. However, training separate models for multi-temporal time series with multiple
observations per year is undesirable due to computational load and the checks that would be necessary
to ensure consistent model properties. Campos-Taberner et al. [16] conducted PROSAIL inversions
over a full season of L8 OLI, L7 ETM+ and Satellite Pour l’Observation de la Terre (SPOT) High
Resolution Geometric (HRG) sensor data and they mention solar-sensor geometry as inputs for
PROSAIL, but do not elaborate how these parameters were dealt with in the training database.
Baret et al. [19] included SZA as a training feature in their neural network based inversion for the
VEGETATION based CYCLOPES LAI product, but again did not evaluate this strategy. However,
as the CYCLOPES product has global extents, it spans several degrees of latitude, leading to different
regimes of illumination dynamics over the year. Thus, SZA was given importance in past studies and
showed some importance here as well, but has not been yet evaluated for global LAI products. At least
adding SZA as an additional training feature is an easy implementable option. In addition, SZA is
efficient to compute, as only the location and observation time are needed to calculate it. However,
interactions with other parameters that change over the time of the year such as soil background and
LAI itself also need to be considered.

4.4.5. MLRA

As demonstrated in the discussion of the other training features, the choice for a specific MLRA
was not the most important factor affecting validation performance in this study (Table 3). However,
studies employing MLRA typically compare various algorithms (e.g., [14,16]). Figure 10 gives an
overview over all realisations grouped by their used MLRA. The MLRAs reached best (and median)
RMSE of 0.91 (1.57), 0.92 (1.63), 0.93 (1.52), 0.95 (1.60), 1.02 (1.72) and 1.08 (2.04) in case of RT, KRR,
SVR, GPR, OLS and MLP, respectively. Hence, even though RT and KRR produced the best, SVR
produced the overall best realisations. Maximum differences among the MLRAs in median RMSE of
0.52 m2 m−2 were found between SVR and MLP realisations. There were also 18 realisations using
OLS and seven using KRR that exceeded RMSE of 5 m2 m−2, all of which were training without noise
applied to the training spectral features.

Apart from the MLRA validation, performance processing time is an important property especially
for routine and large scale production. The time required for the training of the described realisations
in this study was on average 0.03, 7.18, 2.29, 3.17, 125.37 and 123.81 s for the OLS, RT, MLP, SVR, KRR
and GPR, respectively. This is in contrast to Verrelst et al. [14] who found KRR and GPR required
around the tenth of the time of a neural network or an SVR. However, their models were implemented
with Matlab, while this study used R. Additionally, the implementations of RT, SVR, KRR and GPR in
this study could make use of parallelisation. Concerning time required for prediction of 10,000 random
samples, the models needed 0.08, 0.09, 0.09, 0.15, 0.30 and 0.19 s in the case of OLS, RT, MLP, SVR,
KRR and GPR, respectively. Hence, implementation details and optimisation can play a significant
role in processing time.
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Figure 10. Violin plots [76] of prediction performance for the different MLRAs. It should be noted
that 25 realisations were trimmed with RMSE larger than 5.0 m2 m−2 (18 for OLS and 7 for KRR)
because they prevented proper display.

4.5. Best Performing Feature Combination

Figure 11 shows the best performing realisation that reached RMSE of 0.91 m2 m−2. It was built
with an RT based on a DART produced database restricted with prior information from the leaf
sampling, 5% AI and 20% MI noise, and with SZA as an additional training feature. Maximum LAI of
5.80 m2 m−2 was reached in plot A on 17 July. LAI before May 1st was on average (0.27 ± 0.31)m2 m−2,
and thereafter (4.81 ± 0.59)m2 m−2 until end of October. The predicted LAI explained 84.9% of
variation of the reference time series.

In general, these results for a single time series are in the range of previously published results.
Schlerf and Atzberger [77] achieved 0.66 m2 m−2 with a two-band combination chosen from simulated
Landsat TM bands over a Norway Spruce site. For beech canopies within the same site, Schlerf and
Atzberger [78] report 2.12 m2 m−2 RMSE with a multi-spectral, near-nadir viewing set-up. Brown et
al. [18] obtained a RMSE of 0.47 m2 m−2 for a beech site in Southern England. All three studies used
the INFORM RTM to create the training database [79].

However, as can be observed in Figure 11, the predictions showed different biases for the single
plots. In fact, summer LAI was underestimated on average by 0.74 m2 m−2 in plots A, B, C and E,
and overestimated by 1.53 m2 m−2 in plot D. The bias in plot D could result from the structure of the
plot, which consisted of more young trees compared to the other plots. The position of the litter traps
was chosen close to the TLS scan positions, which were possibly not representative for the whole of
the plot. Additionally, RMSE as the choice of error metric during retrieval evaluation does not allow
the assessment of bias. In fact, additional error metrics would be needed to characterise the bias as
well as temporal consistency of the time series.
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Figure 11. Best performing realisation in terms of RMSE over the 2016 study period. Black solid line is
the validation time series.

5. Conclusions

The Sentinel-2 mission provides a new science-grade data stream for monitoring of dynamic
vegetation behaviour. Together with other missions such as Landsat 7, 8 and future Landsat 9, a
characterisation of temporal dynamics in biophysical parameters becomes possible at decametric
resolution. Accurate retrieval and a universal processing workflow for potential Sentinel-2 and
Landsat harmonised biophysical products remains a challenge. Previous studies identified MLRAs
combined with RTMs in hybrid retrieval workflows as a potential solution. This study investigated
the impact of multiple properties of such workflows on the retrieval performance for LAI over a Dutch
beech forest site.

Addition of AI noise on the RTM spectral database was found to be most important for prediction
performance with a difference of 1.09 m2 m−2 in median RMSE compared to no noise. A level of 5%
was optimal in this study. On the other hand, MI noise showed less improvements. Added noise helps
the MLRAs to generalise and prevent over-fitting on the pure RTM output. Previous studies did not
investigate the effect of different noise definitions and some did not report precisely how noise was
defined. With respect to its importance, a clear definition and careful sensitivity analysis should be
paramount for future studies.

The choice for the heterogeneous DART RTM in comparison with the turbid medium PROSAIL
model resulted in a median RMSE difference of 0.42 m2 m−2. An additional advantage of DART in this
study was the lower spread of performance of other inversion workflow features, i.e., DART led to more
consistent inversion workflows. Apart from this, care must be taken when using the PROSAIL model
with biochemical prior information, as PROSAIL is very sensitive to this. The choice of a specific MLRA
was found to be less critical in terms of prediction performance. However, MLRAs varied significantly
in run-time, also depending on the implementation and code optimisation. When choosing a particular
MLRA, these secondary benefits should be weighted together with the expected accuracy.
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Appendix A

Figure A1. Comparison of Fieldspec inverted Cab with SPAD meter value taken from the same leaf
samples. Solid line, R2, p-value and formula correspond to the quadratic fit. Dates correspond to the
leaf sampling dates.
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Table A1. List of TLS and satellite sampling dates.

TLS Landsat 7 Landsat 8 Sentinel-2A

2015-11-18 2016-01-18 2016-02-11 2016-02-11
2016-04-01 2016-02-28 2016-03-07 2016-03-12
2016-04-08 2016-04-07 2016-05-01 2016-04-01
2016-04-11 2016-05-02 2016-07-20 2016-04-08
2016-04-14 2016-05-09 2016-08-30 2016-04-11
2016-04-18 2016-07-21 2016-09-06 2016-04-21
2016-04-21 2016-09-14 2016-09-15 2016-05-01
2016-05-01 2016-10-16 2016-11-25 2016-05-08
2016-05-04 2016-12-04 2016-05-11
2016-05-12 2016-07-10
2016-05-18 2016-07-17
2016-05-26 2016-07-20
2016-06-29 2016-08-16
2016-07-20 2016-08-26
2016-08-02 2016-09-05
2016-08-26 2016-09-08
2016-09-06 2016-09-15
2016-09-15 2016-09-25
2016-09-22 2016-10-05
2016-10-03 2016-12-04
2016-10-07 2016-12-27
2016-10-14
2016-10-27
2016-11-08
2016-11-17
2016-11-24
2016-12-05
2017-03-07
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Abstract: Unmanned aerial vehicles (UAVs) equipped with spectral sensors have become useful in
the fast and non-destructive assessment of crop growth, endurance and resource dynamics. This
study is intended to inspect the capabilities of UAV-onboard multispectral sensors for non-destructive
phenotype variables, including leaf area index (LAI), leaf mass per area (LMA) and specific leaf area
(SLA) of rapeseed oil at different growth stages. In addition, the raw image data with high ground
resolution (20 cm) were resampled to 30, 50 and 100 cm to determine the influence of resolution on the
estimation of phenotype variables by using vegetation indices (VIs). Quadratic polynomial regression
was applied to the quantitative analysis at different resolutions and growth stages. The coefficient
of determination (R2) and root mean square error results indicated the significant accuracy of the
LAI estimation, wherein the highest R2 values were attained by RVI = 0.93 and MTVI2 = 0.89 at the
elongation stage. The noise equivalent of sensitivity and uncertainty analyses at the different growth
stages accounted for the sensitivity of VIs, which revealed the optimal VIs of RVI, MTVI2 and MSAVI
in the LAI estimation. LMA and SLA, which showed significant accuracies at (R2 = 0.85, 0.81) and (R2

= 0.85, 0.71), were estimated on the basis of the predicted leaf dry weight and LAI at the elongation and
flowering stages, respectively. No significant variations were observed in the measured regression
coefficients using different resolution images. Results demonstrated the significant potential of
UAV-onboard multispectral sensor and empirical method for the non-destructive retrieval of crop
canopy variables.

Keywords: unmanned aircraft vehicle; multispectral sensor; vegetation indices; rapeseed crop;
site-specific farming

1. Introduction

Applications of the unmanned aerial vehicle (UAV) platform in precision agriculture (PA) offered a
precise and reliable solution for the optimisation of crop monitoring and management [1]. UAV in PA is a
new but reliable remote sensing tool that can acquire high spectral, spatial and temporal resolution data
and has the advantages of low cost, flexible platform and bird’s eye view for rapid data collection [2,3].
UAV in PA can customise the imaging sensor to meet the spectral and spatial requirements and to
achieve fast utilisation [4]. Compared with other remote sensing platforms, UAVs can fly at low
altitudes and can capture high-resolution imagery, which offers very detailed spectral and spatial

Remote Sens. 2020, 12, 397; doi:10.3390/rs12030397 www.mdpi.com/journal/remotesensing65



Remote Sens. 2020, 12, 397

descriptions of the field [1,4]. For highly dynamic vegetation monitoring, the UAV-onboard sensor
allows the precise determination of plant location during the growing season to act with corrective
measures [2,4,5]. The timely monitoring of crop dynamics is critical in addressing various forms of
environmental issues, agricultural practices, degasses and pest control that can eventually lead to
enhanced production [6–8]. UAV, sensors and other geospatial techniques (e.g., GIS, remote sensing
and GPS) help in determining field variations and optimum fertilisation, disease diagnosis and pest
control for sustainable production; this type of determination process is called PA [2,9]. The application
of remote sensing in agriculture has become an important research direction because it provides
valuable information in terms of agronomic parameters, which facilitate sustainable crop monitoring.
Remote sensing data also produce repeated and useful non-destructive crop biophysical attributes for
PA [7,10]. Gathering these information required for the enhancement of agricultural production in PA
is the key issue that requires the use of a proper design and decision-making system [2,11].

The data collected through the aerial and satellite approaches of remote sensing are useful;
however, these platforms are limited by temporal and spatial resolutions, cloud covers and operational
costs [12,13]. During the last decade, UAV has been typically used in crop monitoring with high-spatial
resolution imagery, low operational cost and near-real-time data acquisition based on powerful
sensor-bearing ideal platforms for mapping and monitoring [2,14,15]. In the practical applications
of remote sensing techniques in PA, various agricultural equipment units have been developed but
require major improvements to meet the variation requirements of seasonal patterns in numerous
indices that are used in agronomic evaluations [7].

Leaf area index (LAI), leaf mass per area (LMA) and specific leaf area (SLA) are leaf functional
traits that provide information about vegetation canopies in the functional diversity assessment and
quantification of physiological processes to prescribe optimum management strategies [16]. These
traits correspond to the analytical variables of the plant physiological process, such as growth rates,
photosynthetic capacity and plant life strategies [17]. LAI refers to the one-sided green leaf area
per unit of ground surface area and is a dimensionless parameter that characterises photosynthesis
and respiration and defines the functional link to the canopy spectral reflectance [8,10,18]. LMA is
calculated as the ratio of leaf dry mass to leaf area, which is a key biophysical variable involved
in plant light capture and carbon gain [19]. Numerous studies identified its significance to the
photosynthesis–nitrogen relationship and other essential characteristics, such as the leaf mass-based
nitrogen content, which can be inferred from the remote sensing data as the leaf dry mass composed of
several organic elements that absorb radiation at a fixed wavelength [19,20]. SLA refers to the leaf area
per unit of dry leaf mass or the leaf mass per unit area, which are usually expressed in m2/kg. SLA is an
important trait associated to the plant growth rate, which provides information about photosynthetic
capacity and leaf nitrogen variations [17]. This trait is indicative of the physiological processes, such as
growth rate, light capture and survival [21].

Crop growth and yield models require the estimates of crop biophysical parameters and the
association of infrared reflectance to the biophysical parameter of crop canopies that offer the tool
for linking multispectral remote sensing to crop growth behaviour [8]. For instance, the soil and
water assessment tool model uses the maximum LAI as the key parameter that influence crop growth
and watershed flow routing; this parameter can also be changed according to the agronomists’
feedback [22,23]. Agricultural studies need to compute and monitor the biochemical and biophysical
properties of plants for crop growth, chlorophyll content, nitrogen content and LAI that provide clues
to crop health and productivity. Compared with direct field surveys, the remote sensing techniques for
the acquisition of these parameters are performed in real time, are non-destructive and provide the
spatial details for the measurement and monitoring of these parameters. The empirical relationship
between the biophysical parameters and spectral vegetation indices (VIs) has been developed and
used to address the relationship between crop traits and canopy reflectance. The empirical relationship
of spectral data is effective in predicting the crop biophysical traits because of its simplicity and
ability to capture various canopy variations, and this approach is widely used because of its ease in
computation [24].
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VIs have been developed as a mathematical combination of various spectral bands of the
electromagnetic spectrum and are related to various canopy parameters, which can enhance the
vegetation signals by reducing the atmospheric and soil effects. The spectral VIs measure vegetation
activity and demonstrate the spatial variations of the different seasons through space [7,25]. Substantial
developments have been made in the interpretation and analysis of the spectral VIs, which have been
applied from the field to the global level [25]. However, these indices are species-specific and are
therefore not robust in different species with various leaf and canopy architectures [2,7,25].

Several studies regarding the application of UAV in rice crop yield and biomass estimation have
been published [13]. The UAV application in sunflower crop has shown a significant correlation between
normalized difference vegetation index (NDVI) and grain yield biomass and applied nitrogen content [2],
whereas the UAV platform (‘VIPtero’) for onboard multispectral camera in vineyard management
demonstrated a clear crop heterogeneity, which was consistent with the ground observations [9]. The
multispectral sensor mounted on a UAV over potato crops demonstrated a significant correlation
between NDVI and green normalized vegetation index (GNDVI) with LAI, plant cover and chlorophyll
content [12].

Although the application of UAV has progressed considerably, it still has many limitations, such as
payload, cost and operation consistency in agriculture. Thus, a substantial amount of work is still
required. UAVs capture numerous high-resolution images that require lengthy processing times,
high storage devices and high labour intensity even for professionals because of its low-altitude image
acquisition capability [26,27]. Fine-resolution VIs demonstrated a significant influence on the accuracy
of prediction models [28]. Although studies have determined that high-resolution images might not be
the optimal choice for environmental variable and concluded that fine-resolution VIs obtain a similar
prediction model accuracy [2,29,30]. The measuring scale is dependent on the association between
biophysical traits and VIs from images with different resolutions, which can help select the appropriate
resolution for site-specific management.

Remotely sensed VIs can offer significant information derivatives to agronomic parameters at the
field scale. Therefore, the sensor that can monitor crops during the growth season at high spectral,
spatial and temporal resolutions will provide useful information in the efficient and sustainable
crop management with site-specific basis. Amongst the phenotypical parameters derived using
remotely sensed data, LMA and SLA have received minimal attention. However, the retrieval of
the mentioned parameters using the radiative transfer model (RTM) inversion could be ill-advised
and computationally demanding because it requires a number of leaf and canopy variables. In this
study, we optimised and validated numerous VIs for LAI and leaf dry weight (DW) prediction and
investigated the potential of empirically estimated LAI and DW for the estimation of the two leaf
functional traits, namely, LMA and SLA. Therefore, our study mainly aims to (1) evaluate the potential
of a multispectral sensor onboard a UAV in relation to crop biophysical parameters, such as LAI and
DW, during the growing season over rapeseed crops at different phenological stages, (2) assess the
spectrally predicted leaf DW and LAI for the calculation of LMA and SLA at different phenological
stages and (3) assess the effects of resolution on the LAI prediction over the phenological stages to
provide simple, rapid and useful information for PA.

2. Materials and Methods

2.1. Study Area

The field experiment was conducted at the Zishi experimental station of Huazhong Agricultural
University in Jingzhou (30◦11′28.62” N, 112◦23′31.61” E) located in the south-central part of Hubei
Province, China from 18 December 2017 to 10 March 2018. This area has a subtropical monsoon
climate with an average rainfall of 1100–1300 mm, average annual temperature of 15.9 ◦C to 16.6 ◦C,
hydrothermal synchronisation and consistent good climatic condition suitable for agricultural activities.
Winter rapeseed was used as the experimental material in this study. To imitate the high variability of
growing conditions and investigate the spectral VIs for the estimation of crop phenotype parameters,
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the data were collected from 16 different fields and 170 point locations. The experimental fields and
sampling points are presented in Figure 1.

Figure 1. Zishi experimental station and field view.

2.2. Biophysical Parameter Measurements

The non-destructive LAI was measured using a plant canopy analyser (SunScan, Probe type SS1,
Delta-T Devices, England) over all point locations (Figure 1) after 55 days of plantation on 18 December
2017, after 79 day of plantation on 11 January 2018, 106 days after plantation on 7 February 2018 and
after 138 day of plantation on 10 March 2018 according to the crop growth stages from seedling to
maturity during the growing season. Measurements were obtained on clear cloudless days. At each
phenological stage, 30 subsampling points were selected randomly, and four plants were sampled
destructively with their roots. The plant density was also recorded in each point, location, latitude and
longitude. The samples were stored in bags and moved to the laboratory. The leaves, stems and roots
of the samples were separated to obtain their fresh weights and then placed in an oven at 70 ◦C for 48
hours to obtain the dry mass. The fresh and dry weights of each leaf sample were determined using a
high-precision digital scale. LMA and SLA were calculated as follows:

LMA = Dw/LA (1)

where Dw and LA are the leaf DW and leaf area, respectively.

SLA = LA/Dw (2)

where LA and Dw are the leaf area and the corresponding Dw, respectively [17,31].

2.3. UAV Image Acquisition

Multispectral images were also acquired on the days of LAI measurement using the UAV platform.
Prior to the flight campaign, the camera was mounted on the UAV under suitable working condition.
A lightweight RedEdge MicaSense multispectral camera (MicaSense RedEdge®) onboard a fixed-wing
UAV (T-EZ; Golden Wing UAS Co., Ltd.; Chengdu, China) was used to capture the field images shown
in Figure S1. A stable platform was used to adjust the camera pointing towards the nadir. The spectral
bands covered the wavelength intervals 450 nm centre, 20 nm bandwidth (blue), 560 nm centre, 20 nm
bandwidth (green), 668 nm centre, 10 nm bandwidth (red), 717 nm centre, 10 nm bandwidth (RedEdge),
840 nm centre and 40 nm bandwidth (near-infrared). After take-off, the UAV was programmed to
follow the predefined route and complete the flight campaign. The flight altitude was 300 m and
resulted in a ground resolution of 20 cm.
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2.4. Image Processing

The raw multispectral images acquired by the RedEdge camera were processed in terms of image
mosaicking, vignetting correction and raw digital number (DNs) for the reflectance conversion using
the Pix4Dmapper (Pix4D SA, Switzerland) software. The raw digital numbers of the acquired images
were firstly converted into radiance and then into surface reflectance based on the linear regression
models by using the calibration target data, wherein the surface reflectance is a linear function of the
digital numbers [32]. In each stage, 1024 images were captured and mosaicked from the study area,
and the georeferenced images of the study area were acquired at the end of the fourth crop season.
Moreover, the raw images with the ground resolution of 20 cm were resampled to 30, 50 and 100 cm
by using the pixel aggregate interpolation method to assess the influence of image resolution on VIs.
Lastly, the VIs were calculated.

2.5. Multispectral VIs

The canopy spectral data were used to develop the VIs, which are sensitive to canopy structure,
pigments and chlorophyll, for the LAI, LMA and SLA estimation in rapeseed crops. Nine VIs were
calculated, several of which have been proposed as surrogates for LAI estimation [10,25,32]. The
calculated VIs, their formula and description are listed in Table 1. For all VIs, the images with the same
resolution were stacked, and the mean VI values centred on the 1 m2 location were extracted for 160
point locations in ENVI 5.1 (Exelis Visual Information Solution, Inc.; Boulder, CO, USA).

Table 1. Description and formulas of the investigated VIs.

Indices Formulas Description References

RVI RVI = ρnir/ρred Sensitive to nitrogen [10,33]

NDVI NDVI = (ρnir − ρred)/(ρnir + ρred)
Structure (LAI, fraction)

Chlorophyll content [34]

GNDVI GNDVI =
(
ρnir − ρgreen

)
/
(
ρnir + ρgreen

) Biomass, LAI,
photosynthesis and plant

stress
[7,35]

BNDVI BNDVI = (ρnir − ρblue)/(ρnir + ρblue) Chlorophyll content [36]
SAVI SAVI = ( ρnir− ρred)

(ρnir+ ρred+0.5) (1 + 0.5) Structure (LAI, fraction) [37,38]

OSAVI OSAVI = (1 + 0.16) ( ρnir− ρred)

(ρnir+ ρred+0.16)
Structure (LAI, fraction) [39,40]

MSAVI
MSAVI = ρnir + 0.5−
(0.5

√
(2 ∗ ρnir + 1) 2 − 8(ρnir − (2 ∗ ρred)))

Structure (LAI, sensitive
to canopy effects) [41]

MSAVI2
MSAVI2 =
1
2

[
2ρnir + 1−

√
(2ρnir + 1)2 − 8(ρnir − ρred

]
Structure (LAI, fraction) [41]

MTVI2 MTVI2 =
1.5[1.2(ρnir−ρgreen)−(2.5ρred−ρgreen)]√

(2ρnir+1)2−(6ρnir−5
√
ρred)−0.5

Structure (Sensitive to
LAI, resistant to

chlorophyll influence)
[38]

Note: RVI, ratio vegetation index; NDVI, normalized difference vegetation index; GNDVI, green normalized
vegetation index; BNDVI, blue normalized difference vegetation index; SAVI, soil-adjusted vegetation index; OSAVI,
optimised soil-adjusted vegetation index; MSAVI, modified soil-adjusted vegetation index; MSAVI2, modified
soil-adjusted vegetation index 2; MTVI2, modified triangular vegetation index 2.

2.6. Statistical Analysis

Regression models were used for the quantitative analysis between spectral VIs as independent
and LAI and leaf DW as dependent variables at the different phenological stages. A total of 140 and 30
sample points for LAI and LD were used for model calibration, respectively, whereas 30 sample points
each were used for validation. To assess the model performance, the coefficient of determination (R2),
root mean square error (RMSE) and relative RMSE (RRMSE) were used and calculated using Equations.
(3), (4) and (5), respectively [18,42,43]. The large R2 value and low RMSE and RRMSE values indicated
the high precision and accuracy of the model as follows:

R2 = 1−
∑n

i=1 (yi − ŷi)
2∑n

i=1 (yi − y )2 (3)
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RMSE =

√∑n
i=1 (yi − ŷi)

2

n
(4)

RRMSE =
RMSE

y
× 100 (5)

where R2 and RMSE measure the relationship of the fitting function. However, for the nonlinear
functions amongst LAI and VIs, the R2 values may be misleading because sensitivity changes
continuously [10]. Thus, a different accuracy matric noise equivalent (NE) was needed to evaluate and
determine the LAI estimation accuracy. NE also accounts for the slope and scattering of data points in
the best-fit function as follows [10,25,44]:

NEΔLAI =
RMSE{VI VS. LAI}

d(VI)/d(LAI)
(6)

where RMSE is the root mean square error of the best-fit function between the spectral Vis and LAI,
and d(VI)/d(LAI) is the first-order derivative of the observed relationship.

3. Results

3.1. Association of VIs to the Phenolgical Stages

A wide range of variations in LAI, DW, LMA and SLA due to different canopy architectures as
well as variations due to leaf sizes and shapes at different phenological stages was recorded. Table 2
presents the descriptive statistics of canopy LAI, DW, LMA and SLA of rapeseed oil at the phenological
stages in the Zishi experimental station.

All the VIs investigated at the different growth stages revealed close associations with the crop
reflectance characteristics. The spectral VIs demonstrated significant variations in all the phenological
stages from seedling to maturity, and the results are compiled in Table 3. The VIs attained its peak
values at the elongation stage and started to decline afterwards. All the VIs demonstrated a significant
relation with LAI at the seedling stage. Furthermore, the MSAVI2, MTVI2 and SAVI showed the
most sensitive VIs with an R2 value of 0.87, followed by MSAVI (R2 = 0.86), whilst NDVI and OSAVI
achieved R2 = 0.85, GNDVI R2 = 0.82 and BNDVI obtained an R2 value of 0.81 at the seedling stage. RVI,
NDVI, MSAVI and MTVI2 showed the most influenced VIs to LAI from the seedling to maturity stages
and attained the maximum R2 (0.93–0.89, 0.88–0.86, 0.87–0.86 and 0.89–0.86) from the elongation to
flowering stages. The minimum R2 values at the maturity stage were expected due to crop senescence.

Table 2. Descriptive statistics of canopy LAI, DW, LMA and SLA of rapeseed oil at the different
phenological stages in the Zishi experimental station.

Phonological stage Statistics LAI (m2m−2) DW (g·cm−2) LMA (g·cm−2) SLA (cm2g−1)

Seedling stage

Minimum value 0.2 0.005 0.004 0.001
Maximum value 4.9 0.051 0.037 0.055

Mean value 1.72 0.025 0.016 0.012
Standard deviation 1.13 0.014 0.009 0.012

Elongation stage

Minimum value 0.2 0.008 0.003 0.001
Maximum value 5.03 0.083 0.087 0.024

Mean value 2.23 0.038 0.023 0.005
Standard deviation 1.15 0.019 0.014 0.004

Flowering stage

Minimum value 0.1 0.010 0.002 0.001
Maximum value 4.83 0.044 0.082 0.032

Mean value 1.60 0.027 0.023 0.006
Standard deviation 0.99 0.010 0.014 0.006

Maturity stage

Minimum value 0.1 0.001 0.002 0.001
Maximum value 3.72 0.052 0.046 0.045

Mean value 1.74 0.022 0.013 0.007
Standard deviation 0.70 0.010 0.009 0.008
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Table 3. Relationship of spectral VIs at the different phenological stages.

Phenological stages

R2 RMSE

VIs Seedling Elongation Flowering Maturity Seedling Elongation Flowering Maturity

RVI 0.86 0.93 0.89 0.45 0.44 0.30 0.32 0.49
NDVI 0.86 0.88 0.87 0.41 0.47 0.40 0.35 0.54

GNDVI 0.82 0.87 0.82 0.41 0.50 0.41 0.42 0.51
BNDVI 0.82 0.86 0.79 0.44 0.50 0.42 0.44 0.50

SAVI 0.86 0.85 0.83 0.45 0.43 0.44 0.41 0.49
OSAVI 0.85 0.86 0.84 0.49 0.45 0.42 0.40 0.48
MSAVI 0.85 0.87 0.86 0.47 0.44 0.40 0.37 0.49
MSAVI2 0.86 0.85 0.82 0.48 0.43 0.44 0.42 0.48
MTVI2 0.88 0.89 0.86 0.52 0.40 0.38 0.36 0.46

3.2. Evaluation of Spectral VIs for Estimation of Rapeseed LAI

The optimal spectral VIs for the estimation of the LAI best-fit model relationship for VIs and LAI
at all the phenological stages are shown in Table 4. The spectral pattern variations and close association
with crop reflectance revealed the potential capability of the explored VIs in LAI estimation. All the
VIs demonstrated a high significant relationship to the temporal distribution of LAI at the different
growth stages, except at the maturity stage, which revealed the lowest coefficient of determination (R2

< 0.50) and were omitted from the calculations. Amongst the investigated phenological stages, all the
VIs attained their highest coefficient of determination at the elongation stage, whereas the highest R2

value was achieved by RVI (R2 = 0.93), followed by MTVI2 (R2 = 0.89) at the different phenological
stages, as provided in Table 3. At the next flowering phenological stage, R2 started to decrease until
maturity, and the best-fit model of LAI with spectral VIs provided RVI (R2 = 0.89), followed by NDVI
(R2 = 0.87) and MTVI2, MSAVI (R2 = 0.86) and OSAVI (R2 = 0.84), whereas SAVI attained R2 = 0.83 and
GNDVI and MSAVI2 attained R2 = 0.82. The least R2 value was attained by BNDVI (R2 = 0.79). MSAVI
and MTVI2 have the modifying factor to deal with the saturation problem when the LAI surpasses the
saturation level (LAI > 3), whilst the sensitivity of NDVI suffered and levelled out.

71



Remote Sens. 2020, 12, 397

Table 4. Quadratic polynomial regression and summary statistics of relationship between LAI and
studied VIs based on calibration data set at different phenological stages.

Phenological Stage VIs Model R2 RRMSE

Seedling Stage

RVI y = 0.0462x2 −
0.1042x + 0.3819

0.86 24%

NDVI y = 43.705x2 −
47.037x + 13.056

0.84 26%

GNDVI y = 65.417x2

−54.631x + 11.848
0.82 28%

BNDVI y = 104.91x2 −
130.44x + 40.965

0.82 28%

SAVI y = 46.485x2 −
30.462x + 5.4871

0.86 24%

OSAVI y = 44.048x2 −
38.005x + 8.6542

0.85 25%

MSAVI y = 24.965x2 −
6.9701x + 0.9874

0.86 25%

MSAVI2 y = 28.964x2 −
16.621x + 2.9121

0.86 24%

MTVI2 y = 22.307x2 −
4.5415x + 0.7493

0.88 22%

Elongation Stage

RVI y = 0.011x2 +
0.5195x − 1.6884

0.93 13%

NDVI y = 68.09x2 −
79.03x + 23.531

0.88 17%

GNDVI y = 60.213x2 −
48.337x + 10.064

0.87 18%

BNDVI y = 119.49x2 −
142.14x + 42.779

0.86 18%

SAVI y = 31.046x2

−17.785x + 2.8609
0.85 19%

OSAVI y = 43.247x2 −
37.807x + 8.7777

0.86 18%

MSAVI y = 18.643x2 −
3.1952x + 0.433

0.88 17%

MSAVI2 y = 19.239x2 −
8.6972x + 1.2314

0.85 19%

MTVI2 y = 17.139x2

−1.3713x + 0.3066
0.89 16%

Flowering Stage

RVI y = 0.1402x2 −
0.273x − 0.2612

0.89 19%

NDVI y = 49.059x2 −
46.541x + 11.289

0.87 21%

GNDVI y = 42.303x2 −
27.235x + 4.1857

0.82 25%

BNDVI y = 94.642x2 −
102.03x + 27.677

0.79 27%

SAVI y = 27.79x2 −
17.512x + 2.8845

0.83 25%

OSAVI y = 38.042x2 −
31.109x + 6.6067

0.84 24%

MSAVI y = 12.155x2 +
1.2127x − 0.3412

0.86 22%

MSAVI2 y = 26.44x2 −
17.359x + 3.1088

0.82 25%

MTVI2 y = 15.947x2 −
0.3135x + 0.0678

0.86 22%
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3.3. Sensitivity Analysis

The sensitivity analysis results demonstrated that BNDVI and GNDVI presented the maximum
insensitivity, whereas OSAVI exhibited moderately higher sensitivity and was unreliable during the
entire range of LAI. NDVI and SAVI exhibited higher sensitivity for LAI < 2.5 m2m−2 and a decreasing
sensitivity trend was observed for higher LAI > 3.0 m2m−2, whereas MSAVI2 performed better than
NDVI and SAVI even at LAI > 3.0 m2m−2 [25,45]. RVI showed higher sensitivity to LAI and is the best
index for the detection of numerical variations in LAI because other indices are not robust at higher
LAI values. MSAVI and MTVI2 exhibited higher and consistent sensitivity for LAI < 3.0 m2m−2, and a
decreasing trend was observed for higher LAI > 3.0 m2m−2 for MSAVI. Therefore, RVI and MTVI2
demonstrated the lowest NE values to ensure the highest sensitivities to LAI and the best multispectral
indices for quantitatively detecting variations in LAI (Figure 2).

Figure 2. Sensitivity analysis for VIs evaluated for LAI estimation.

3.4. Relationship of VIs and Leaf DW

To evaluate the optimal VIs in the estimation of leaf DW (gm−2), the best-fit model relationship
was used between the leaf DW and VIs presented in Table 1 at the different phenological stages
demonstrated in Table 5. The best-fit function demonstrated the nonlinear relationship between VIs
and leaf DW with R2 that range from 0.34 to 0.68 and maximum R2 (0.68) attained by using SAVI at
the seedling stage. At the early seedling stage, SAVI performed well with the maximum R2 value,
which was demonstrated at the early growth stage, wherein the canopy is not fully developed, and the
soil contributed to the reflectance. The highest R2 (0.75) value was obtained by RVI and GNDVI,
followed by NDVI with R2 = 0.70 at the elongation stage and then began to decline afterwards. At the
flowering stage, the maximum R2 (0.72) value was achieved by MSAVI, followed by NDVI, SAVI and
MSAVI2 at 0.71. All the VIs showed similar asymptotic patterns with a certain degree of scattering
from the nonlinear fits.
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Table 5. Power function models and summary statistics of the relationship between LD and the
explored VIs based on the calibration data set at different phenological stages.

Phenological Stage VIs Model R2 RRMSE

Seedling Stage

RVI y = 23.32562x1.31245 0.59 38%
NDVI y = 1047.82027x3.91124 0.60 38%

GNDVI y = 1803.29932x3.25556 0.53 41%
BNDVI y = 1626.95299x5.62912 0.59 38%

SAVI y = 1403.98804x2.28148 0.68 34%
OSAVI y = 1135.78629x2.72497 0.62 37%
MSAVI y = 947.33922x1.16294 0.59 38%

MSAVI2 y = 1014.56073x1.83346 0.63 36%
MTVI2 y = 725.25602x0.84641 0.45 44%

Elongation Stage

RVI y= 16.96029x1.69583 0.75 27%
NDVI y = 2130.44779x5.10758 0.70 29%

GNDVI y = 4586.364x4.33196 0.75 26%
BNDVI y = 3529.73179x6.18505 0.66 31%

SAVI y = 2522.0947x2.78668 0.67 31%
OSAVI y = 2119.82125x3.48711 0.67 30%
MSAVI y = 1879.90964x1.59398 0.68 30%

MSAVI2 y = 1548.72146x2.08531 0.65 31%
MTVI2 y = 1885.3379x1.47159 0.68 30%

Flowering Stage

RVI y = 18.43701x1.82708 0.70 25%
NDVI y = 1884.4817x3.95822 0.71 24%

GNDVI y = 2335.00995x3.18035 0.66 26%
BNDVI y = 3603.56195x5.83675 0.61 28%

SAVI y = 1742.20092x2.77482 0.71 24%
OSAVI y = 1710.05981x3.23342 0.66 26%
MSAVI y = 1496.06954x1.47261 0.72 24%

MSAVI2 y = 1466.35551x2.51978 0.71 24%
MTVI2 y = 1295.23183x1.1978 0.70 24%

3.5. Estimation LMA and SLA using Spectral VIs

The performance of all the indices were compared at the different phenological stages to select the
optimum index in the prediction of LAI and DW. The best-fit regression model illustrated the good
relationship in the prediction of LAI and DW (Tables 4 and 5), respectively, at nearly all growth stages,
except the maturity stage, which was excluded from the data. The best-fit model equations of the
optimal VIs were applied for the prediction of LAI and DW at each phenological stage and used in
Equations (1) and (2) in the estimation of LMA and SLA, respectively. The spatial distributions of LAI,
LMA and SLA are shown in Figures S2–S4. The optimal prediction equation was used in the LAI
estimation, whereas LMA and SLA were utilised in Equations (1) and (2) for the generation of maps
at all the explored phenological stages, respectively. Field measurement with the estimations from
composited maps provided the validation results and illustrated the potential use of LAI, LMA and
SLA derivation at all the growth stages.

3.6. Validation of LAI, LMA and SLA Estimates

To validate the calibration model for LAI and estimated LMA, SLA with the predicted LAI and
DW, multispectral images and ground measured data were used whilst the determined optimal VIs
were considered in the prediction of LAI and DW at each growth stage and used in the estimation of
LMA and SLA. The observed and estimated LAI, LMA and SLA were compared in Figures 3–6. The
predictions of optimal VIs were selected on the basis of the highest R2 and lowest RMSE, which were
plotted against the ground observed LAI, LMA and SLA. The optimal VIs, RVI and MTVI2 suggested
consistency between the measured and estimated LAI (R2 > 0.80) of rapeseed oil crops at all the
growth stages. By contrast, the model validation demonstrated less adequate results for LMA and
SLA at the seedling stage (R2 = 0.62, 0.25) but realised consistent results at the elongation (R2 = 0.85,
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0.80) and flowering (R2 = 0.85, 0.71) stages (Figure 6). Plotting the measured–estimated LMA values
demonstrated less deviation from the 1:1 line, whereas SLA was strong under and over the prediction
that occurs at higher SLA values, thereby suggesting the saturation of the spectral signal [46].

Figure 3. Estimated vs. measured LAI at the seedling stage. The green line shows the 1:1 correlation of
the estimated and measured variables, whereas the red lines present the linear regression models.
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Figure 4. Estimated vs. measured LAI at the elongation stage. The green line shows the 1:1 correlation
of the estimated and measured variables, whereas the red lines present the linear regression models.

Figure 5. Estimated vs. measured LAI at the flowering stage. The green line shows the 1:1 correlation
of the estimated and measured variables, whereas the red lines represent the linear regression models.
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Figure 6. Estimated vs. measured LMA and SLA at the (a) seedling, (b) elongation and (c) flowering
stages. The green line shows the 1:1 correlation of the estimated and measured variables, whereas the
red lines are the linear regression models.

3.7. Evaluation of Image Resolution Effect

Four images with 20 cm pixel resolution were acquired over the rapeseed crops during the
growing season and resampled to 30, 50 and 100 cm pixel resolutions. To evaluate the effects of image
resolutions on the remote estimation of LAI over the rapeseed crops, the quantitative relationship
between VIs and LAI were obtained at different image resolutions (20, 30, 50 and 100 cm). At all the
mentioned image resolutions, the estimated LAI using VIs had no significant differences. The precision
of the best-fit regression model between the LAI and VIs determined no significant variations and was
similar at all the image resolutions. Thus, a significant high correlation between spectral VIs and LAI
was acquired at the elongation and flowering stages, which are independent of image resolution. The
best-fit model R2 and RMSE are presented in Figure 7.

Figure 7. Best-fit model R2 and RMSE that describe the relationship between spectral VIs and LAI with
respect to the image resolution at the (a) seedling, (b) elongation, (c) flowering and (d) maturity stages.
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4. Discussion

As a remote sensing platform, UAVs are ideal for mapping and monitoring in PA [9,15]. With
the recent developments in UAV technologies, numerous studies have been conducted using remote
sensors onboard UAVs to evaluate its application for PA and subsequently obtained considerable
attention from researchers [2,9,12–15,25,31,47].

The key canopy biophysical and biochemical parameter retrievals can be attained adequately
using certain spectral bands, that is, the green spectrum is ideal for leaf chlorophyll estimation [35].
Reflectance in the near-infrared (NIR) is recognised as sensitive to variant biomass and canopy
structures, whereas the red and green reflectance values respond to the background variations and
senescent vegetation [48].

This study aimed to determine the optimal VIs derived from UAV multispectral images that could
be used for the remote and empirical non-destructive estimation of biophysical parameters, such as
LAI, LMA and SLA over rapeseed crops at the different growth stages. The empirical method for the
estimation of biophysical parameters is proficient and delivers precise estimations [24,32]. Moreover,
this type of method has been widely applied for the improved quantitative accuracy of spectral VIs and
used for the evaluation of crop attributes, such as LAI, N status and biomass for various crops [10,49].
In this study, the potential capability of multispectral VIs mentioned in Table 1 was evaluated over
rapeseed crops at different growth stages. The results revealed that the crop variations from seedling to
maturity are similar to the canopy reflectance characteristics. Variations in the crop canopy reflectance
attains its peak value at the elongation stage and begins to decline afterwards until the maturity
stage; this behaviour is due to crop senescence, as reported previously in [10,50]. Variations in canopy
reflectance at the different spectral wave bands are synchronised with LAI because of the modification
of leaf chlorophyll contents at different phenological stages [51]. Spectral reflectance from the canopy
is affected not only by the biophysical characteristics of foliage but also by the direction of incidence
radiation, canopy architecture and soil background [52]. The small variations in spectral reflectance at
the early phenological stage in the visible region are likely due to the crop nitrogen content and soil
water background. However, variations in NIR reflectance with variant leaf orientations at certain
growth stages are due to the overlapping leaves that decrease the active photosynthetic size as the LAI
reaches a plateau [53,54].

Table 2 demonstrates the highly significant relationship between LAI with all the aforementioned
spectral VIs derived from the multispectral remote sensing data. However, a close relationship was
obtained by RVI with LAI because LAI had a value of approximately 3 m2m−2, followed by NDVI and
MTVI2 [55]. When LAI reached its saturation point, the reduced variability of red and NIR reflectance
make RVI and NDVI insensitive. However, GNDVI apparently did not reach the saturation level even
at LAI with moderate to high (4–5) values. The precision of the LAI estimate was better when green
and blue bands were used instead of that that with the red band even at LAI values greater than 3
m2m−2 [42]. The NIR band has a considerably strong impact on the relationship between LAI and
spectral reflectance and must be considered under varying crop situations [7,10,56]. The nonlinear
best-fit function between LAI and VIs demonstrated inconsistent sensitivity, and R2 and RMSE values
for estimating the accuracy of LAI can be misleading. Thus, the sensitivity analysis (NE) can be applied
as the precision indicator to verify the performance of VIs in LAI estimation [57,58].

LMA and SLA are important in determining plant composition and eco-physiological
characterisation [17,59–62]. Compared with the general empirical approach for the estimation of
SLA, as reported in [32,48], its indirect estimation using the predicted LAI and DW illustrated highly
significant retrieval accuracy. The SLA results showed remarkable variations between the different
growth stages, as shown in Figure 6. The estimation results of SLA at the elongation and flowering
stages are consistent with those of previously reported studies [63]. Soil background has less affected
the correlation results as the data were captured at mature seedling (rosette) stage. The slight change in
the performance of multispectral VIs from the UAV images could be awarded to the different viewing
geometries and instrument spectral response functions [32].
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Remotely sensed LMA (R2 = 0.85, nRMSE= 0.10) and (R2 = 0.85, nRMSE = 0.12) at the elongation
and flowering stages was calculated with high estimation accuracy, as previously reported in [47]. The
study estimated LMA using the LUT-based PROSAIL inversion method over the rapeseed crop. The
LMA estimation results were also consistent with [19] who estimated LMA across a wide range of plant
species through continuous wavelet analysis, and the study demonstrated remarkable implications in
the prediction of dry matter content at the canopy level.

In terms of image resolution, our study concluded that the application of very fine-resolution
remote sensing images does not reflect any significant difference. Thus, the fine-resolution images
would not essentially increase the prediction accuracy of the regression model between LAI and
spectral VIs. The precision of regression model between LAI and VIs did not change significantly by
using images with different resolutions, as shown in Figure 7. The end users of UAV images need
to consider the spatial, spectral and temporal resolutions and processing time for site-specific crop
monitoring and management, as previously reported in [2,29,64–66].

5. Conclusions

In summary, herein we reported the application of multispectral sensors onboard UAV in acquiring
images of rapeseed crops and retrieving their biophysical characteristics, such as LAI, LMA and
SLA, throughout the phenological stages. The results revealed that the strongest relationship of
spectral VIs was obtained in the elongation stage. The sensitivity analysis between LAI and VIs
revealed that RVI, MSAVI and MTVI2 were the optimal VIs for LAI estimation. LMA and SLA results
demonstrated the significant estimation accuracy by using the predicted leaf DW and LAI at the
elongation and flowering stages, respectively. In terms of image resolutions, robust results can still be
obtained when the maximum 100 cm resolution imagery is used for oil rapeseed crop characterisation.
Therefore, high-altitude images will be preferred in obtaining a decreased number of images, which will
significantly influence image acquisition and processing time.

Compared with earlier remote sensing platforms, the sensor onboard UAVs had the basic
advantage of reaching the targeted site and acquiring very comprehensive information throughout
the growing season. Unlike satellite- and aircraft-based remote sensing platforms, the UAV remote
sensing platform demonstrated better operational advantages, such as the provision of high-spatial
resolution imagery with low operational cost and near-real-time data acquisition. Although satellite
data were limited because of temporal resolution, cloud cover, availability at the ideal time and the
operational cost for high-resolution imagery, this technology has become an important tool for large
area mapping and monitoring because of its distinctive capabilities in satellite remote sensing imagery
that offers extensive information in a synoptic and frequent manner.
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Abstract: The fraction of absorbed photosynthetically active radiation (FAPAR) is generally divided
into the fraction of radiation absorbed by the photosynthetic components (FAPARgreen) and the
fraction of radiation absorbed by the non-photosynthetic components (FAPARwoody) of the vegetation.
However, most global FAPAR datasets do not take account of the woody components when
considering the canopy radiation transfer. The objective of this study was to develop a generic
algorithm for partitioning FAPARcanopy into FAPARgreen and FAPARwoody based on a triple-source
leaf-wood-soil layer (TriLay) approach. The LargE-Scale remote sensing data and image simulation
framework (LESS) model was used to validate the TriLay approach. The results showed that the
TriLay FAPARgreen had higher retrieval accuracy, as well as a significantly lower bias (R2 = 0.937,
Root Mean Square Error (RMSE) = 0.064, and bias = −6.02% for black-sky conditions; R2 = 0.997,
RMSE = 0.025 and bias = −4.04% for white-sky conditions) compared to the traditional linear method
(R2 = 0.979, RMSE = 0.114, and bias = −18.04% for black-sky conditions; R2 = 0.996, RMSE = 0.106 and
bias = −16.93% for white-sky conditions). For FAPAR that did not take account of woody components
(FAPARnoWAI), the corresponding results were R2 = 0.920, RMSE = 0.071, and bias = −7.14% for
black-sky conditions, and R2 = 0.999, RMSE = 0.043, and bias = −6.41% for white-sky conditions.
Finally, the dynamic FAPARgreen, FAPARwoody, FAPARcanopy and FAPARnoWAI products for a North
America region were generated at a resolution of 500 m for every eight days in 2017. A comparison of
the results for FAPARgreen against those for FAPARnoWAI and FAPARcanopy showed that the discrepancy
between FAPARgreen and other FAPAR products for forest vegetation types could not be ignored.
For deciduous needleleaf forest, in particular, the black-sky FAPARgreen was found to contribute
only about 23.86% and 35.75% of FAPARcanopy at the beginning and end of the year (from January to
March and October to December, JFM and OND), and 75.02% at the peak growth stage (from July to
September, JAS); the black-sky FAPARnoWAI was found to be overestimated by 38.30% and 28.46%
during the early (JFM) and late (OND) part of the year, respectively. Therefore, the TriLay approach
performed well in separating FAPARgreen from FAPARcanopy, which is of great importance for a better
understanding of the energy exchange within the canopy.

Keywords: the fraction of radiation absorbed by photosynthetic components (FAPARgreen);
triple-source; leaf area index (LAI); woody area index (WAI); clumping index (CI); Moderate
Resolution Imaging Spectroradiometer (MODIS); soil albedo
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1. Introduction

The fraction of absorbed photosynthetically active radiation (FAPAR) is a significant biochemical
and physiological variable used in tracing the exchanges of energy, mass, and momentum, and
is also widely used in many climate, ecological, biogeochemical, agricultural, and hydrology
models [1,2]. FAPAR is, therefore, an important input parameter and widely used in satellite-based
Production Efficiency Models (PEMs) [3–6] to estimate gross primary productivity (GPP) or net primary
production (NPP).

In general, the FAPAR inversion algorithms could be divided into two types: empirical statistical
models based on vegetation indexes and physical methods based on the canopy radiation transfer
model. Although the empirical statistical model based on vegetation indexes is relatively simple,
involves only a few parameters and has high computational efficiency, it is subject to many uncertainties
due to factors such as the atmospheric environment, vegetation type, and quality of remote sensing data.
The physically based methods could be further divided into two categories. The first type is the direct
inversion method, which uses the canopy radiation transfer model to link FAPAR with the canopy
spectra [7–9]. For example, the Moderate Resolution Imaging Spectroradiometer (MODIS) algorithm
uses the three-dimensional radiation transmission model to invert FAPAR from the bi-directional
reflectance [10–12]. The Joint Research Centre (JRC) FAPAR algorithm is also based on a physical
model that uses a continuous vegetation canopy model [13] to link land surface reflectance with FAPAR.
However, these methods are mostly based on the radiative transfer model; thus, the inversion process
is complicated for retrieval of FAPAR. The main problem with such methods is that it is difficult to
overcome the uncertainty caused by model coupling and spatial heterogeneity. The second type of
physically based method is the forward modeling method [14–19]. Most models of this type are based
on the gap fraction model, which determines FAPAR according to canopy structure parameters such
as LAI and the clumping index. The disadvantage of this approach is that it relies too much on the
accuracy of the canopy structure parameters. Furthermore, it is difficult to accurately determine the
soil albedo and extinction coefficient, which are also important parameters needed to determine the
contribution of multiple scattering between the soil and canopy to FAPAR [17].

Recently, several global FAPAR products have become available, including the Moderate Resolution
Imaging Spectroradiometer (MODIS) [20,21], Energy Balance Residual (EBR) [15], Multi-angle Imaging
SpectroRadiometer (MISR) [11], CYCLOPES [22], GLOBCARBON [23], Global Land Surface Satellite
(GLASS) [14], the Medium Resolution Imaging Spectrometer (MERIS) [24], Joint Research Center Two
Stream Inversion Package (JRC-TIP) [25], and European Space Agency (ESA) products [26]. These global
FAPAR products have been widely validated, with reported errors varying from 0.08 to 0.23 [14,27–32].
However, most of the global FAPAR products do not consider the effect of non-photosynthetic
components in the radiative transfer process, which introduces errors, especially for forest types.
Moreover, many researchers have used the fraction of radiation absorbed by photosynthetic components
(FAPARgreen) instead of the fraction of radiation absorbed by the canopy (FAPARcanopy) to monitor and
estimate the light use efficiency (LUE), radiation use efficiency (RUE), and productivity at different
temporal scales [33–36].

The forest vegetation ecosystem plays an important role in the global ecosystem. However,
quantifying the temporal variation in FAPARgreen for a forest ecosystem represents an important
challenge for remote sensing and ecology researchers as it is extremely difficult to measure FAPARgreen

at large scales over plant growing seasons directly. Also, previous studies have shown that the
contribution of woody components is relatively large: for instance, Asner et al. [37] found that stems
increased FAPARcanopy by 10–40%. Therefore, the partitioning of absorbed radiation into photosynthetic
and non-photosynthetic parts is very important for better modeling of vegetation photosynthesis and
energy exchange within the canopy.

Already, some studies have looked at the estimation of FAPARgreen from remote sensing data.
Hall et al. [38] estimated FAPARgreen using a simple linear relationship between FAPARcanopy and
LAIgreen/LAItotal (LAItotal denotes the total leaf area index including green and senescent leaves, while
LAIgreen represents the green leaf area index). However, this simple partitioning is problematic because
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the green and woody components within the canopy do not constitute a simple linear mix in terms
of radiation transfer. Zhang et al. [39] first retrieved the biophysical and biochemical variables using
the modified PROSPECT model coupled with the SAIL-2 model (hereafter called PROSAIL-2 model),
and then calculated FAPARgreen and FAPARcanopy using the forward simulation approach. However,
FAPARgreen retrieval using the PROSAIL-2 model is relatively complex and needs several physiological
and biochemical parameters as model inputs. Gitelson et al. [40] also separated FAPARcanopy into
photosynthetically active green components (FAPARgreen) and non-photosynthetic active components
using the ratio LAIgreen/LAItotal for maize and soybeans. The relationship between vegetation indices
and FAPARgreen was also used to retrieve FAPARgreen [41,42]. Nevertheless, to date, the current
FAPARgreen products do not take into account the effect of non-photosynthetic components on canopy
radiative transfer.

In this study, we aim to develop an operational algorithm for partitioning FAPARcanopy into
FAPARgreen and FAPARwoody for forest types. A simple triple-source leaf–wood–soil layer model
(TriLay) that describes the radiation transfer within the canopy-soil system is presented. FAPARcanopy

is first separated into the fraction of PAR absorbed by the canopy for downwelling radiation
(FAPARcanopy↓) and the fraction of PAR absorbed by the canopy for the upwelling radiation reflected
by the soil background (FAPARcanopy↑). Then, FAPARcanopy↓ and FAPARcanopy↑ are further split into
the fraction of radiation absorbed by photosynthetic components (FAPARgreen) and that absorbed
by non-photosynthetic components (FAPARwoody) using the TriLay model. Finally, the FAPARgreen,
FAPARwoody, and FAPARcanopy products are generated using the MODIS albedo (MCD43A3), LAI
(MCD15A2H), land cover (MCD12Q1), clumping index (CI), and soil albedo products based on the
TriLay approach, and the discrepancies between different FAPAR products are used to investigate the
contributions of woody components to the canopy-absorbed radiation. The partitioning of absorbed
radiation into green and woody parts using the TriLay model is done not just to provide FAPARgreen

and FAPARwoody—which is of great importance for better understanding the energy exchange within
the canopy. The consideration of woody components should also improve the accuracy of FAPARgreen

estimates, which is important for better modeling of vegetation photosynthesis.

2. Materials and Methods

2.1. Satellite Datasets

In order to produce FAPARgreen products, several satellite datasets were utilized in this study,
including MODIS LAI products, land cover products, CI products, and soil albedo products from
2017. Data simulated by the LESS model [43] was used to validate the retrieved FAPARgreen products.
A mid-latitude region (tile h10v05, covering 30.00◦ N–40.00◦ N and 80.00◦ W–104.43◦ W) was selected
to investigate the discrepancy between FAPARgreen and other FAPAR products because there were
abundant forest vegetation types within this MODIS tile.

2.1.1. MODIS LAI/FAPAR Products (MCD15A2H)

MCD15A2H V006 is a MODIS eight-day composite LAI/FAPAR product that includes FAPAR,
LAI, and quality control (QC) data with a resolution of 500 m [44]. The main retrieval algorithm for
LAI and FAPAR contains a Look-up-Table (LUT) based on a 3D radiation transfer model [21] that
uses the atmospherically corrected Red and near-infrared (NIR) Bidirectional Reflectance Function
(BRF) [45]. A back-up algorithm based on the empirical relationships between the Normalized
Difference Vegetation Index (NDVI) and LAI and FAPAR at the canopy scale is used at the same time.
Also, for the biome types and typical conditions that are considered, observed, and modeled spectral
BRFs and soil patterns are compared for each pixel. The LAI and FAPAR values that lie within a fixed
level of uncertainty are then taken to be acceptable. Finally, averaged values of LAI and FAPAR are
used as the eventually retrieved values [20].
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2.1.2. MODIS Land Cover Product (MCD12Q1)

The MODIS Land Cover Type Product (MCD12Q1) provides land cover maps with a temporal
resolution of one year and a spatial resolution of 500m at a global scale from 2001 until the present;
it includes several classification schemes (International Geosphere-Biosphere Programme (IGBP),
University of Maryland (UMD), LAI, BIOME-Biogeochemical Cycles (DBC), Plant Functional Types
(PFT), FAO-Land Cover Classification System land cover (LCCS1), etc.). The main algorithm used in
MCD12Q1 is a supervised classification method (decision tree) combined with a boosting technique [20]
based on MODIS reflectance data [46,47]. The International Geosphere-Biosphere Program (IGBP)
classification scheme, which defines 17 land cover types, was used in this study.

2.1.3. Global Clumping Index (CI) Product

The clumping index (CI) signifies the characteristics of groups of foliage in the canopy, and thus,
it is a significant parameter describing the structure of the vegetation canopy [48]. According to
Jiao et al. [49], a method based on the MODIS Bidirectional Reflectance Distribution Function (BRDF)
and a linear relationship between the CI and the normalized difference between the angular indexes of
the hotspot and dark spot (NDHD) could be utilized to generate CIs within a valid range (0.33 to 1.00);
a back-up algorithm is also used to substitute values for the invalid CIs [49]. A global CI dataset with
an eight-day temporal resolution and 500 m spatial resolution covering the period from 2002 to the
present has been produced by Jiao et al. [49].

2.1.4. Global Soil Albedo Product

A non-linear spectral mixture model (NSM) model proposed by Liu & Zhang (2018) [15,50] was
used to retrieve the global visible (VIS) soil albedo. The main idea in the NSM model is the dual-source
vegetation–soil layer approach. In this approach, it is assumed that the leaves are located in the upper
canopy, while the soil components are found in the lower canopy. Based on this assumption, the
canopy albedo can be approximated as a non-linear mixture of the “pure” vegetation and soil parts [15].
For pixels with abnormal values (smaller than 0.02 or greater than 0.3), prior values acquired by a
global database of land surface parameters at 1 km resolution (ECOCLIMAP) [51,52] and the yearly
composite value were used instead. Finally, the estimated global VIS soil albedo based on the NSM
model is obtained, having a spatial resolution of 500 m and a temporal resolution of eight days.

2.2. Data Simulated by the LESS Model

To quantitatively evaluate the performance of the proposed TriLay approach for estimating
FAPARgreen, the LargE-Scale remote sensing data and image simulation (LESS) framework model [43]
was employed to generate a simulated dataset that covered most of the conditions found in forests.
LESS is a ray-tracing based 3D radiative transfer model which can simulate remote sensing data
and images over large-scale and realistic 3D scenes (http://lessrt.org/). LESS employs a weighted
forward photon tracing (FPT) method to simulate multispectral bidirectional reflectance factor (BRF) or
flux-related data (e.g., downwelling radiation) and a backward path tracing (BPT) method to generate
sensor images (e.g., fisheye images) or large-scale (e.g., 1 km2) spectral images. The accuracy of LESS is
evaluated with other models as well as field measurements in terms of directional BRFs and pixel-wise
simulated image comparisons, which shows very good agreement [43,53].

The modeling area is located in the Genhe Forestry Reserve (Genhe) (120◦12′ to 122◦55′ E, 50◦20′
to 52◦30′ N), Greater Khingan of Inner Mongolia, Northeastern China. It has a hilly terrain with 75%
forest cover, which is mainly composed of Dahurian Larch (Larix gmelinii) and White Birch (Betula
platyphylla Suk.). A pure plot of Dahurian Larch (L9) is established and is selected for modeling, with
its location in Figure 1. The position, crown width, breast diameter, tree height, and transmittance for
trees were entered into the LESS model. A total of eight scenes were constructed, with each individual
tree in a scene consisting of branches and leaves. The branches and size of the woody area were kept
the same in all the scenes, but the leaf area was changed to produce scenes with different values of
the LAI. For each scene, different FAPAR values (including FAPARcanopy, FAPARgreen and FAPARwoody)
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were calculated under black-sky (the ratio of diffuse light is zero, and nine different solar zenith angles
of 0◦–80◦ at 10◦ intervals were set) and white-sky conditions (the ratio of diffuse light is 1). The main
input parameters used in the LargE-Scale remote sensing data and image simulation (LESS) model
are listed as Table 1. Finally, a total of 72 black-sky simulations and eight white-sky simulations were
achieved for the different conditions giving.

Figure 1. Locations of the selected Larch plots (L9) in Genhe Forestry Reserve.

Table 1. The main input parameters used in the LargE-Scale remote sensing data and image simulation
(LESS) model simulations.

Parameter Definition Units Range or Values

Canopy
LAI leaf area index m2/m2 1.31–8.69
WAI woody area index m2/m2 1.65

Leaf layer
Reflectance — 0.041–0.205

Transmittance — 0.001–0.286
Soil layer

Reflectance — 0.001–0.134
Woody layer

Reflectance — 0.069–0.237
Imaging Geometry

SZA sun zenith angle degrees 0, 10, 20, 30, 40, 50, 60, 70, 80
RatioSky ratio of diffuse light — 0, 1

2.3. Algorithms for Estimating Global FAPARgreen and FAPARwoody Datasets

To split the fraction of radiation absorbed by photosynthetic components (FAPARgreen) from
FAPARcanopy, a novel triple-source leaf–wood–soil layer model was proposed for generating global
FAPARgreen products for forest vegetation types. Figure 2 is a flowchart of the process used to retrieve
global FAPARgreen products.

First, FAPARcanopy is split into two parts: the fraction of PAR absorbed by the canopy for the
downwelling radiation (FAPARcanopy↓) and that absorbed by the canopy for the upwelling radiation
reflected by the soil background (FAPARcanopy↑). Then, FAPARcanopy↓ and FAPARcanopy↑ are further
split into the fraction of radiation absorbed by photosynthetic components (FAPARgreen) and that
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absorbed by non-photosynthetic components (e.g., branches and stems, hereafter called FAPARwoody).
Finally, FAPARgreen and FAPARwoody can be calculated separately using the TriLay approach.

Figure 2. Flowchart illustrating the Triple-source leaf–wood–soil layer (TriLay) method for estimating
the fraction of radiation absorbed by photosynthetic components (FAPARgreen) and the fraction of
radiation absorbed by woody components (FAPARwoody).

2.3.1. The Triple-Source Leaf–Wood–Soil Layer Model

A triple-source leaf–wood–soil layer model (TriLay) was developed to model the radiation transfer
within the vegetation–soil system—this model is illustrated as Figure 3.

Figure 3. Illustration of the triple-source leaf–wood–soil layer model.

In this study, we used the layer approach to illustrate the distribution of leaves and soil in the
whole canopy, which is consistent with the approach used in our previous study [15]. The layer
approach assumes that the canopy consists only of green components and woody components and
that all leaves are found above the canopy. The NSM model [15] was then used to simulate the
canopy albedo.
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The fraction of PAR absorbed by the canopy, FAPARcanopy, can be separated into the fraction of
PAR absorbed by the canopy for the downwelling radiation (FAPARcanopy↓) and that for the upwelling
radiation reflected from the soil background (FAPARcanopy↑):

FAPARcanopy = FAPARcanopy↓ + FAPARcanopy↑ (1)

where FAPARcanopy↓ describes the fraction of downwelling radiation absorbed within the canopy
assuming the soil background is dark, and FAPARcanopy↑ describes the fraction of upwelling radiation
absorbed within the canopy due to the interaction between the ground (soil and understory) and the
canopy. A point worth emphasizing is that, assuming a black soil background, the FAPARcanopy↓ is
equal to the FAPARcanopy.

Therefore, FAPARcanopy↓ can be given by:

FAPARcanopy = (1− τPAI) ∗ (1−Albedopure ∗ FVC) (2)

where τPAI is the transmittance of the whole canopy, which contains green and woody parts, FVC is
the fraction of vegetation cover, and Albedopure is the visible (VIS) albedo for pure vegetation, which
is represented by the VIS albedo for vegetation with a “saturated” LAI value (e.g., LAI ≥ 6) [14].
According to the statistical results by Liu et al. [15], Albedopure was set to 0.025 (for white-sky conditions)
and 0.020 (for black-sky conditions) for all woody vegetation types (including evergreen needleleaf
forest, evergreen broadleaf forest, deciduous needleleaf forest, and deciduous broadleaf forest).

τPAI can be calculated as the product of τLAI and τWAI, and the directional transmittance can be
determined using the gap fraction model [16,53,54]:

τPAI = τLAI × τWAI (3)

τLAI = e−k1×G(θ)×CI×LAI/ cos (θ) (4)

τWAI = e−k2×G(θ)×CI×WAI/ cos (θ) (5)

where LAI and WAI are the leaf area index and woody area index, respectively, k1 and k2 are extinction
coefficients for the green components and woody components, respectively, and θ is the solar zenith
angle. k1 can be determined using the leaf absorptance in the VIS band and was set to 0.88 based on
simulations made using the PROSPECT-5 model and also the Leaf optical properties experiment 93
(LOPEX’93) and Leaf Optical Properties Database (an experiment conducted at the National Institute
for Agricultural Research in Angers, France in June 2003) [55–57]. The woody components were
assumed to be opaque with a constant extinction coefficient (k2) of 0.91 based on the simulated LESS
data. G(θ) is the projection of the unit foliage area on the plane perpendicular to the solar incident
direction, θ. For green leaves, G(θ) is normally given a value of 0.5 for canopies with a spherical
leaf angle distribution. For woody components, we assuming the woody components have the same
angular distribution as green leaves, which also assumed by Chen et al. [58], Kucharik et al. [59], and
Sea et al. [60]. CI is the clumping index; we also assume the same CI values for both green leaves and
woody components based on the findings of Chen et al. [61] and Zou et al. [62].

The gap fraction model is also used to calculate FVC for a fixed solar zenith angle of 0◦ and a
fixed value of 1 for the leaf extinction coefficient:

FVC = 1− e−G(θ)×LAI×CI (6)

Similarly, FAPARcanopy↑ can be calculated as follows:

FAPARcanopy↑ = (1− τPAI) ∗ (1−Albedopure∗FVC) ∗ τws
PAI ∗Albedosoil (7)

where Albedosoil is the soil visible albedo, which can be generated by the NSM model proposed by
Liu et al. [15]. τws

PAI is the canopy transmittance under white-sky conditions, which can be calculated as
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the product of the white-sky transmittance of leaves (τws
LAI) and the white-sky transmittance of woody

components (τws
WAI):

τws
LAI = 2× ∫ π

2
0

(
e−k1×G(θ)×LAI×CI/ cos (θ)

)
× sin(θ) × cos(θ)dθ (8)

τws
WAI = 2× ∫ π

2
0

(
e−k2×G(θ)×WAI×CI/ cos (θ)

)
× sin(θ) × cos(θ)dθ (9)

τws
PAI = τws

LAI × τws
WAI (10)

2.3.2. Determination of Woody Area Index

In general, it is expensive and time-consuming to make accurate estimates of the woody area
index (WAI), and destructive sampling is often the only option available for the quantification of the
WAI in tropical evergreen forests [63]. Therefore, for generating global FAPARgreen datasets, the use of
accurate estimates of WAI is unrealistic. Hence, in this study, we aimed to determine the global WAI
using MCD15A2H LAI data and assumed that the WAI was constant within a given year.

First, we assumed that the woody-to-total area ratio is measured during the peak growth stage
(July–August–September, JAS) when the LAI has its maximum value for the year. The woody-to-
total area ratio was determined according to the forest types listed in the MODIS land cover product
(MCD12Q1), including evergreen needleleaf forest (ENF), evergreen broadleaf forest (EBF), deciduous
broadleaf forest (DBF), deciduous needleleaf forest (DNF) and mixed forest (MF). Therefore, WAI
values for different forest vegetation types were calculated using a simple linear relationship between
the plant area index (PAI) and the WAI:

WAI = PAI × ratiowoody = LAImax
1−ratiowoody

× ratiowoody (11)

where ratiowoody is the mean value of the woody-to-total area ratio for various forest types, as given in
the literature [58,64,65]. LAImax is the maximum value of LAI within a given year; this was acquired
from MCD15A2H LAI products.

2.3.3. Separating FAPARgreen and FAPARwoody from FAPARcanopy

In a similar way to Equation (1), the fraction of PAR absorbed by the green and woody components
can also be separated into the fraction of PAR absorbed by the canopy for the downwelling radiation
and that for the upwelling radiation reflected from the soil background. Firstly FAPARcanopy↓ is split
into FAPARgreen↓ and FAPARwoody↓:

FAPARcanopy↓ = FAPARgreen↓ + FAPARwoody↓ (12)

where FAPARgreen↓ and FAPARwoody↓ can be obtained as

FAPARgreen↓ = FAPARcanopy↓ × ratiogreen ×w1↓ (13)

FAPARwoody↓ = FAPARcanopy↓ × ratiowoody ×w2↓ (14)

where ratiogreen and ratiowoody are the ratio of leaf area index to plant area index and woody area
index to plant area index, respectively. w1↓ and w2↓ are the weighting coefficients for the green
(i.e., photosynthetic) and woody components in terms of the radiation transfer within the canopy. The
terms involved in equations (10) and (11) can be given as:

ratiogreen = LAI
PAI (15)

ratiowoody = WAI
PAI (16)

w2↓ = w1↓ × τLAI (17)
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w1↓ × ratiogreen + w2↓ × ratiowoody = 1 (18)

FAPARgreen↓ and FAPARwoody↓ can then be obtained by solving equations (13)–(18):

FAPARgreen↓ =
ratiogreen×FAPARcanopy↓

ratiogreen+τLAI×ratiowoody
(19)

FAPARwoody↓ =
ratiowoody×FAPARcanopy↓×τLAI

ratiogreen+τLAI×ratiowoody
(20)

Similarly, FAPARgreen↑ and FAPARwoody↑ can also be acquired:

FAPARgreen↑ =
ratiogreen×FAPARcanopy↑×τWAI

ratiowoody+τWAI×ratiogreen
(21)

FAPARwoody↑ =
ratiowoody×FAPARcanopy↑

ratiowoody+τWAI×ratiogreen
(22)

Finally, FAPARgreen and FAPARwoody can be calculated as:

FAPARgreen = FAPARgreen↑ + FAPARgreen↓ (23)

FAPARwoody = FAPARwoody↑ + FAPARwoody↓ (24)

3. Results

3.1. Validation of the TriLay Method using Simulations made by the LESS Model

It is too challenging to obtain in-situ measurements of FAPARgreen for forests, and so the simulated
dataset (Table 1) derived using the LESS model was used for the validation of the TriLay model.
Seventy-two black-sky simulations of FAPARcanopy, FAPARgreen, and FAPARwoody together with eight
white-sky simulations were available for validation.

Figure 4 illustrates the validation results for FAPARcanopy, FAPARgreen, and FAPARwoody. The
estimated and simulated FAPAR values are distributed close to the 1:1 line. Also, it can be seen
that the TriLay approach can produce accurate estimates of FAPARcanopy, giving Root Mean Square
Error (RMSEs) of 0.048 and 0.024 for black-sky and white-sky conditions, respectively, as against the
LESS-simulated values. The corresponding R2 values are 0.945 and 0.999. For FAPARgreen, the validation
results give RMSEs of 0.064 and 0.025, respectively, for black-sky and white-sky FAPAR. Finally, it can
be seen that FAPARwoody can also be accurately estimated: the RMSE and R2 values are 0.042 and 0.709,
respectively, for black-sky conditions, and 0.014 and 0.992 for white-sky conditions. These results show
that the TriLay approach can be used to accurately estimate FAPARcanopy, FAPARgreen, and FAPARwoody
for forest land cover types.

Furthermore, as illustrated in Figure 4b, there is a slight underestimation for FAPARgreen at smaller
SZAs (0◦–60◦) and a slight overestimation for larger SZAs (70◦–80◦). From Figure 4c, it can be seen
that FAPARwoody is also slightly underestimated at smaller SZAs (0◦–40◦) and overestimated at larger
angles (50◦–80◦).
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Figure 4. Validation of FAPARcanopy, FAPARgreen and FAPARwoody estimates made by the Trilay
model against the LargE-Scale remote sensing data and image simulation (LESS)—simulated FAPARs:
(a–c) black-sky FAPARcanopy, FAPARgreen, and FAPARwoody; (d–f) white-sky FAPARcanopy, FAPARgreen,
and FAPARwoody.

3.2. Comparison of Different Methods using the LESS Simulations

Hall et al. [38] estimated FAPARgreen based on a simple linear relationship between FAPARcanopy

and FAPARgreen. They used the ratio LAIgreen/LAItotal to determine FAPARgreen:

FAPARgreen = FAPARcanopy × LAIgreen
total LAI

(25)

where total LAI is the PAI mentioned above. In order to test the accuracy of the linear mixture method, we
also validated the FAPARgreen estimated by the linear mixture method [38] using LESS-simulated data.

Figure 5 shows the accuracy assessment results for the linear mixture method. The results show a
noticeable underestimation for FAPARgreen and a huge overestimation for FAPARwoody. Although the
FAPARs retrieved using the linear mixture method are highly correlated with the LESS simulation,
with R2 values of 0.979, 0.996 for FAPARgreen, and 0.934, 0.985 for FAPARwoody under black-sky and
white-sky conditions, the corresponding RMSE values are much higher than those found using our
TriLay approach—0.114, 0.106 for FAPARgreen as against 0.064, 0.025, and 0.113, 0.106 for FAPARwoody
as against 0.042, 0.014 under the black-sky and white-sky conditions, respectively.
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Figure 5. Validation of FAPARgreen and FAPARwoody estimated by the linear method using
the LESS-simulated values of FAPAR: (a–b) black-sky FAPARgreen and FAPARwoody against the
LESS-simulated FAPARgreen; (c–d) white-sky FAPARgreen and FAPARwoody against the LESS-simulated
FAPARwoody.

The FAPAR values derived without considering the woody components (FAPARnoWAI) were also
validated using the LESS simulations; the results are shown in Figure 6. These results give an RMSE of
0.071 and R2 of 0.920 for the black-sky conditions and the corresponding values of 0.043 and 0.999 for
the white-sky conditions. Although the R2 values are higher, the RMSEs are still greater than those
found using the TriLay approach.

Figure 6. Validation of FAPARnoWAI using the LESS-simulated FAPAR values: (a) black-sky and
(b) white-sky FAPARnoWAI against the LESS-simulated FAPARgreen.

In order to further compare the performances of different methods, we also calculated the bias
for FAPARgreen, FAPARwoody, and FAPARnoWAI using the LESS-simulated FAPAR values. Table 2
summarizes the retrieval accuracy for these three methods. The results show that the TriLay method
gave the best FAPAR retrieval results, having the smallest bias and RMSE values (RMSE= 0.064 and 0.025,
and bias = −6.02%, −4.04% for FAPARgreen under black-sky and white-sky conditions, respectively).
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Table 2. Retrieval accuracy of FAPARgreen, FAPARwoody, and FAPARnoWAI validated using the
LESS simulations.

(a) For FAPARgreen Products

FAPARgreen
TriLay Linear noWAI

Black-Sky White-Sky Black-Sky White-Sky Black-Sky White-Sky

R2 0.937 0.997 0.979 0.996 0.920 0.999
RMSE 0.064 0.025 0.114 0.106 0.071 0.043
Bias −6.02% −4.04% −18.04% −16.93% −7.14% −6.41%

(b) For FAPARwoody products

FAPARwoody
TriLay Linear

Black-Sky White-Sky Black-Sky White-Sky

R2 0.709 0.992 0.934 0.985
RMSE 0.042 0.014 0.113 0.106
Bias 6.87% −4.64% 153.84% 123.47%

3.3. Temporal Variations in Different FAPAR Products

Using the TriLay approach, black-sky and white-sky products, including FAPARgreen, FAPARwoody,
and FAPARcanopy, and also FAPAR without woody components (FAPARnoWAI), were generated for tile
h10v05 in 2017. The black-sky FAPAR products were determined according to the SZA values at 10:30
am local time (the overpass time of the Terra satellite).

To investigate the seasonal variations in FAPARgreen and the other FAPAR products, only the
mean black-sky FAPAR values were calculated for the different forest vegetation types, as shown
in Figure 7. The proportion of black-sky FAPARgreen in FAPARcanopy and FAPARnoWAI, and also the
bias between the black-sky FAPARgreen, FAPARcanopy, and FAPARnoWAI were calculated for different
periods during 2017 in order to analyze the differences between different black-sky FAPAR products,
as well as to quantify the contribution of the woody components for several forest vegetation types
(deciduous broadleaf forest, deciduous needleleaf forest, evergreen broadleaf forest, and evergreen
needleleaf forest, referred to as DBF, DNF, EBF, and ENF, respectively). The results are illustrated in
Figure 8 and Table 3.

In general, the black-sky FAPARgreen and FAPARnoWAI exhibit typical seasonal variations for the
selected forest types, with low values during the early and late period (January–February–March
(JFM) and October–November–December (OND)) and high values during the peak growth stage
(July–August–September (JAS)). The black-sky FAPARcanopy is obviously higher than the black-sky
FAPARgreen during the whole year and has a much smaller seasonal variation. The black-sky
FAPARwoody behaves in the opposite way; for deciduous seasons (JFM and OND), FAPARwoody is close
to or higher than its value during the peak growth stage (JAS) because the black-sky FAPAR increases
with increasing SZA value. (The mean SZA at 10:30 am varies from 22.98◦ (22 December) to 62.25◦
(22 June) within tile h10v05.)

The black-sky FAPARgreen is about 52.59% and 60.60% of the black-sky FAPARcanopy for deciduous
broadleaf forest during JFM and OND, respectively; the corresponding figures for deciduous needleleaf
forest are only about 23.86% and 35.75%. During the peak growth stage (JAS), the black-sky FAPARgreen

is about 93.36%, 75.02%, 90.93% and 87.14% of FAPARcanopy for DBF, DNF, EBF, and ENF, respectively.
There are also small discrepancies between FAPARnoWAI and FAPARgreen (Figure 8). In particular,

for deciduous needleleaf forests, the black-sky FAPARnoWAI is overestimated by 38.30% and 28.46%
during the early and late stages of the year (JFM and OND). For evergreen forests, the difference can be
neglected as there is only a very slight underestimation of 0.68% to 2.39% during the whole year.
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Figure 7. Temporal variations in the mean black-sky FAPARgreen, FAPARnoWAI, FAPARcanopy, and
FAPARwoody products for forest vegetation types within tile h10v05 during 2017 (tile h10v05 is located
in North America, covering 30.00◦ N–40.00◦ N and 80.00◦ W–104.4◦ W).

Figure 8. Bias between the black-sky FAPARgreen and other black-sky FAPAR products within tile
h10v05 during different periods in 2017: (a) bias between FAPARgreen and FAPARnoWAI; (b) bias
between FAPARgreen and FAPARcanopy. JFM, AMJ, JAS, and OND represent the four seasons January
to March, April to June, July to September and October to December, respectively.
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Table 3. The ratios of black-sky FAPARgreen to black-sky FAPARcanopy (Rcanopy) and to FAPARnoWAI

(RnoWAI) for selected forest types for different periods of 2017.

Period of Year

DBF DNF EBF ENF
Rcanopy RnoWAI Rcanopy RnoWAI Rcanopy RnoWAI Rcanopy RnoWAI

(%) (%) (%) (%)

JFM 52.59 93.14 23.86 73.90 82.94 101.01 74.55 100.72
AMJ 90.74 101.93 64.13 96.32 91.03 102.27 86.85 102.46
JAS 93.36 102.24 75.02 99.19 90.93 102.19 87.14 102.46

OND 60.60 95.50 35.75 81.65 84.54 101.20 78.00 101.19

JFM, AMJ, JAS, and OND represent the four seasons January to March, April to June, July to September and October
to December, respectively.

4. Discussion

4.1. Uncertainty in Determining WAI

Currently, methods for measuring the woody area index (WAI) and woody-to-total area ratio can
be classified into direct methods (e.g., destructive sampling) and indirect methods [66]. However, both
the direct and indirect methods can only be applied at small scales and to a limited range of vegetation
types. In this study, we used a constant value of the woody-to-total area ratio for each forest type and
derived the WAI from the PAI value for the peak growth stage. We obtained woody-to-total area ratios
for different forest types (ENF, EBF, DBF, and DNF) from an extensive literature review [58,64–67]—the
statistical metrics, including the mean, standard deviation, and coefficient of variation, are shown in
Table 4. These results show that the woody-to-total area ratios for different forest types vary from
0.158 to 0.3. The variation in this ratio within each of the forest types is also large—10.00% to 82.22%.
Therefore, the woody-to-total area ratio not only varies with the forest type but also changes a lot for
each individual forest type. This means that there is definitely some uncertainty due to these factors.
Even so, Zou et al. [66] showed that the woody-to-total area ratio is relatively stable for the same forest
stand and thus the assumption of a fixed woody-to-total area ratio for each forest type is reasonable.
Differences in in situ measurement methods can also contribute to the variation in the ratio for a given
forest type. The retrieval of FAPARgreen can thus be improved if an accurate woody-to-total area ratio
dataset is available.

Table 4. Statistical details of prior woody-to-total area ratios.

Forest Vegetation Type ENF EBF DNF DBF

number of samples 35 8 3 4

mean value 0.185 0.18 0.3 0.158

standard deviation 0.062 0.148 0.03 0.101

coefficient of variation 33.51% 82.22% 10.00% 63.92%

4.2. Uncertainty Caused by the Use of Fixed Values of the Extinction Coefficients and Albedopure

The canopy directional transmittance can be determined using the gap fraction model [16,53,54].
Splitting the canopy into green components and woody components requires that the transmittances
are also calculated separately. For the green components, the leaf absorptance at the VIS band varies
from 0.79 to 0.94 as the chlorophyll content varies (from 20 to 100 μg/cm2 under natural conditions),
according to figures obtained using the PROSPECT-5 model [56,57]. Also, because no remote sensing
leaf chlorophyll content product is available, the extinction coefficient for leaves (k1) was assumed to
have a fixed value of 0.88 (corresponding to a chlorophyll content of 35 μg/cm2 [15]). For the extinction
coefficient of woody components (k2), we also used a fixed value of 0.91, based on the data simulated
by LESS (a needleleaf forest scene). However, Suwa et al. [68] reported a smaller extinction coefficient
of 0.77 for brighter woody stems. Therefore, the extinction coefficient of woody components may vary
with forest type, and thus the use of a fixed value for k2 is also a source of error. At present, it is still
very challenging to determine extinction coefficients for different forest canopy types.
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In addition, a fixed value of Albedopure was used in the TriLay model for woody vegetation types
(i.e., ENF, EBF, DBF, and DNF), and was approximated based on the dense vegetation [15]. According
to the statistical results obtained from the MCD43A3 albedo product by Liu et al. [15], the visible
albedo of dense vegetation with a “saturated” LAI value (e.g., LAI = 6) is very low and stable, with a
mean value of 0.025 and a variance of 0.007 for white-sky condition, and a mean value of 0.020 and a
variance of 0.006 for black-sky conditions. Therefore, the use of the prior VIS albedo values for “pure”
vegetation may introduce a very small error, but it should be negligible [14].

4.3. Setting the Clumping Index for Photosynthetic and Woody Components

The clumping index characterizes the grouping of foliage within distinct canopy structures
(such as tree crowns, shrubs, and row crops) relative to a random spatial distribution of leaves and is
an important structural parameter for plant canopies that can influence canopy radiation regimes [49].
In our TriLay approach, the clumping index for woody components was assumed to be the same as for
green leaves, and so is another definite source of error [69]. However, it is currently challenging to obtain
the clumping effects of woody components within forest canopies [62]. Furthermore, Chen et al. [61]
indicated that the clumping of shoots in branches has a similar effect to the clumping of leaves within
shoots. What’s more, Zou et al. [62] found that the differences between the estimated CI for canopy
and woody components was below 6% at the zenithal ranges of 0◦–75◦, and the difference was only 2%
in the range of 30◦–60◦, which is quite small at most medium zenithal ranges thus can represent most
actual conditions. Based on these results and the unavailability of CI datasets for forest canopies at
large scales, we directly used the value of CI from Jiao et al. [49] to describe the clumping effect for
both leaves and woody components. Therefore, the use of the same clumping index for both leaves
and woody components is reasonable and credibe enough.

5. Conclusions

In this paper, a triple-source leaf–wood–soil layer (TriLay) method for separating FAPARgreen

and FAPARwoody from FAPARcanopy using the MODIS LAI, land cover, and non-linear spectral mixture
model (NSM)-retrieved soil albedo [15] together with global CI products [49] was proposed.

According to the validation carried out using LESS-simulated FAPAR values, the TriLay FAPARgreen

was more accurate (R2 = 0.937, RMSE = 0.064 and bias = −6.02% for black-sky conditions; R2 = 0.997,
RMSE= 0.025 and bias=−4.04% for white-sky conditions) than the traditional linear method (R2 = 0.979,
RMSE= 0.114 and bias=−18.04% for black-sky conditions; R2 = 0.996, RMSE= 0.106 and bias=−16.93%
for white-sky conditions), and also more accurate than FAPAR obtained without the consideration
of woody components (FAPARnoWAI) (R2 = 0.920, RMSE = 0.071 and bias = −7.14% for black-sky
conditions; R2 = 0.999, RMSE = 0.043 and bias = −6.41% for white-sky conditions). A comparison of the
results for black-sky FAPARgreen against FAPARnoWAI and FAPARcanopy showed that the discrepancies
between the black-sky FAPARgreen and other FAPAR products could not be ignored for forest types. In
particular, for deciduous needleleaf forest, the black-sky FAPARgreen contributed only about 23.86%
and 35.75% of FAPARcanopy during the early and late stages (JFM and OND) of the year, respectively,
and 75.02% during the peak growth stage (JAS). There were also smaller discrepancies between the
black-sky FAPARnoWAI and FAPARgreen. For deciduous needleleaf forests, in particular, the black-sky
FAPARnoWAI was overestimated by 38.30% and 28.46%, respectively, during the early and late stages
of the year (JFM and OND).

Overall, this study provides a new method for partitioning FAPARcanopy into FAPARgreen and
FAPARwoody for forest types and will improve the understanding of energy exchange within the canopy.
In addition, the exclusion of the contribution of woody components may certainly improve the accuracy
of the FAPARgreen estimates for forest types, which is significant in terms of the better modeling of
vegetation photosynthesis.
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Abstract: The scientific community requires long-term data records with well-characterized
uncertainty and suitable for modeling terrestrial ecosystems and energy cycles at regional and
global scales. This paper presents the methodology currently developed in EUMETSAT within its
Satellite Application Facility for Land Surface Analysis (LSA SAF) to generate biophysical variables
from the Spinning Enhanced Visible and InfraRed Imager (SEVIRI) on board MSG 1-4 (Meteosat 8-11)
geostationary satellites. Using this methodology, the LSA SAF generates and disseminates at a time
a suite of vegetation products, such as the leaf area index (LAI), the fraction of the photosynthetically
active radiation absorbed by vegetation (FAPAR) and the fractional vegetation cover (FVC), for the
whole Meteosat disk at two temporal frequencies, daily and 10-days. The FVC algorithm relies on
a novel stochastic spectral mixture model which addresses the variability of soils and vegetation types
using statistical distributions whereas the LAI and FAPAR algorithms use statistical relationships
general enough for global applications. An overview of the LSA SAF SEVIRI/MSG vegetation products,
including expert knowledge and quality assessment of its internal consistency is provided. The climate
data record (CDR) is freely available in the LSA SAF, offering more than fifteen years (2004-present)
of homogeneous time series required for climate and environmental applications. The high frequency
and good temporal continuity of SEVIRI products addresses the needs of near-real-time users and
are also suitable for long-term monitoring of land surface variables. The study also evaluates the
potential of the SEVIRI/MSG vegetation products for environmental applications, spanning from
accurate monitoring of vegetation cycles to resolving long-term changes of vegetation.

Keywords: meteosat second generation (MSG); biophysical parameters (LAI; FVC; FAPAR); SEVIRI;
climate data records (CDR); stochastic spectral mixture model (SSMM); Satellite Application Facility
for Land Surface Analysis (LSA SAF)

1. Introduction

Observations and monitoring are essential components of Global Framework for Climate Services
initiative [1,2] that contribute significantly to meet the needs of climate research services. The role
that satellites have played in observing the variability and change of the Earth system has increased
significantly in the last decades. Thanks to the Earth observation (EO) satellite systems, a large number
of variables related to the atmosphere, oceanic and terrestrial domains are accessible [3].

The Satellite Application Facility (SAF) for Land Surface Analysis (LSA) is a leading center for
development and operational retrieval of land surface variables from European Organization for
the Exploitation of Meteorological Satellites (EUMETSAT), specifically aimed to understand and
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quantify terrestrial processes and land-atmosphere interactions. Land surface models’ assessment
and improvement of high quality and robust EO products are among the target applications of
LSA SAF products. Particularly, the geostationary Spinning Enhanced Visible and Infrared Imager
(SEVIRI) on board the Meteosat Second Generation (MSG) platform provides a very high temporal
resolution (15 minutes) required for resolving the diurnal cycles of radiation, surface albedo and
surface temperature [4]. The MSG program covers a series of four identical satellites MSG 1-4 (Meteosat
8-11) launched in 2002, 2005, 2012, and 2015 respectively. SEVIRI operates in 12 spectral channels [5],
although only channels 1 (VIS0.6), 2 (VIS0.8) and 3 (NIR1.6), centered at about 0.635 μm (red), 0.81 μm
(NIR) and 1.64 μm (SWIR), respectively situate in the optical domain.

The LSA SAF provides also variables for the characterization of terrestrial ecosystems and their
role in the energy balance of Earth, such as land surface fluxes and three important biophysical
variables related with the amount, structure and state of vegetation: Leaf Area Index (LAI), Fraction of
Absorbed Photosynthetically Active Radiation (FAPAR) and Fractional Vegetation Cover (FVC) [6].
These variables are widely used in many land-surface vegetation, climate, and crop production
models [7–13]. FVC represents the fraction of green vegetation covering a unit area of horizontal soil,
corresponding to the gap fraction in the nadir direction. LAI is a measure of the amount of live foliage
present in the canopy per unit ground surface. The FAPAR is the fraction of photosynthetically active
radiation (400-700 nm) absorbed by the green parts of the canopy, and therefore constitutes an indicator
of the presence, health and productivity of live vegetation.

Nowadays, consistent long-term data records of these variables with well-characterized uncertainty
are currently required by the scientific community to model terrestrial ecosystems and energy cycles
at regional and global scales [14]. Models related with land surface and climate usually require
Near-Real-Time (NRT) datasets of these variables at high temporal frequencies, and with regional
to global coverage [15]. Both, LAI and FAPAR are recognized as essential climate variables in the
terrestrial domain by Global Climate Observing System (GCOS) [16].

Several methods have been proposed for estimating biophysical parameters from large
scale optical sensors, some of which have been implemented in operational processing lines
from POLarization and Directionality of Earth Reflectances (POLDER) [17], Moderate Resolution
Imaging Spectroradiometer (MODIS) [18], MISR (Multi-angle Imaging SpectroRadiometer) [19],
MEdium Resolution Imaging Spectrometer (MERIS) [20,21], Sea-viewing Wide Field-of-view Sensor
(SEAWIFS) [22], VEGETATION [23,24] and Advanced Very High Resolution Radiometer (AVHRR) [25].
These methods can be roughly classified in two main categories: (i) methods based on optimized
vegetation indices [26], and (ii) methods based on the inversion of physical models. Both approaches
present advantages and drawbacks. It is referred to [27] for a detail intercomparison on the spread of
currently available physical models. Although methods that invert physical models can potentially
be applied to varying surface types, they require specifying a large number of model parameters,
which may lead to unstable solutions [28]. Most inversion methods use one-dimensional (turbid)
models (e.g., PROSAIL [29]), thereby assuming surface homogeneity within an image pixel. They are
thus limited to address the sub-pixel mixing of land cover types, which is common at coarse resolutions
satellites. The process of identifying the sub-pixel proportions of the constituent components is called
spectral mixture model (SMM). SMM approaches are methods especially adequate for global studies,
since the spatial variability within pixel is high [30,31].

In this paper, we describe the methodology currently used in LSA SAF to operationally generate the
suite of SEVIRI/MSG (FVC, LAI and FAPAR) vegetation products. The high frequency of acquisition
provided by the SEVIRI instrument assures the availability of cloud-free data for appropriately
monitoring the vegetation dynamics in large regions. When one is choosing a retrieval method,
one needs to consider the limited spatial and spectral resolution of SEVIRI instrument (i.e., only 3
optical channels and a spatial resolution of 3 km at the sub-satellite point that declines rapidly at higher
latitudes). Furthermore, the challenges that the MSG geostationary satellite poses as compared to
polar-orbiting satellite sensors due to diurnal variations in the solar zenith angle need to be considered.
The algorithm to retrieve FVC relies on a novel stochastic SMM method, which addresses the large
variability of soils and vegetation types using statistical (sum of Gaussian) distributions. The LSA SAF
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operational scheme to retrieve LAI and FAPAR uses statistical relationships general enough for global
applications, proposed by Roujean and Lacaze [16] and Roujean and Bréon [32], respectively.

LSA SAF has been providing in NRT vegetation products (FVC, LAI and FAPAR) at two different
time resolutions (daily and 10-days) since 2008 over the geostationary Meteosat disk, covering Europe,
Africa, the Middle East and parts of South America. The suite of SEVIRI/MSG vegetation products is
freely disseminated to users through LSA SAF website (https://landsaf.ipma.pt). During the different
operational phases, these vegetation products have been routinely assessed and some improvements
have been made in the upgraded versions. LSA SAF has recently reprocessed the entire MSG
archive with the latest version of the several retrieval algorithms in order to obtain a continuous
and homogeneous Climate Data Records (CDR) of vegetation products. More than fifteen years
(January 2004- present) of homogeneous consistent estimates of FVC, LAI and FAPAR fields are
available. The 10-days (FVC, LAI and FAPAR) CDRs are part of the suite of EUMETSAT climate
products, which include Fundamental CDRs, Thematic CDRs and Data for operational climate
monitoring and are also available from EUMETSAT web page (https://navigator.eumetsat.int/).

The paper presents the following structure. Section 2 is dedicated to describe the algorithms to
retrieve FVC, LAI and FAPAR. The suite of LSA SAF SEVIRI/MSG vegetation products are described
in Section 3, including expert knowledge and a quality assessment of the consistency between the
products. Section 4 provides further insight about the added value and introduces examples of its
application in numerous environmental applications.

2. Algorithm Description

2.1. SEVIRI/MSG

The algorithm for retrieving biophysical variables from SEVIRI/MSG data uses as input normalized
spectral bidirectional reflectance factor (BRDF) at a fixed angular configuration (i.e., vertical illumination
and observation angles of 0◦) in order to reduce angular effects. This hotspot geometry leads to
a minimum contribution of the shadow proportion and a precise estimation of FVC, coinciding with
the complement to unity of the gap fraction at nadir direction [16]. Estimating the FVC with increased
sun zenith angles would lead to an overestimation of FVC. The main drawback of this geometry is the
significant contribution of illuminated soil background, which constitutes a confounding factor for
the retrieval of FVC. Figure 1 outlines the main ingredients for deriving the SEVIRI/MSG products
including the stochastic SMM approach for retrieving FVC, a pragmatic method for LAI retrieval from
FVC, and a method based on an optimized vegetation index for FAPAR determination.

ε

ε

Figure 1. Flow chart of the algorithm for FVC, LAI and FAPAR determination.
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The BRDF algorithm applies a semi-empirical reflectance model in order to invert SEVIRI/MSG
top-of-canopy reflectance factor values into three parameters (k0, k1, k2). The input of the FVC algorithm
is atmospherically corrected BRDF k0 parameters in the MSG channels 1, 2 and 3, while FAPAR uses all
three BRDF parameters (k0, k1, k2) in order to correct surface’s reflectance anisotropy and minimize the
effect of soil reflectance (see Figure 1). The algorithm to correct atmospheric effects and generate BRDF
model parameters is fully described in [33], and in the ATBD of the Albedo MSG product [34].

2.2. FVC Algorithm

Let r be the spectrum of each mixture pixel, i.e., a column vector (r1,r2,...,rn), where n is the total
number of bands. When multiple scattering can be reasonably disregarded, the spectral reflectance
of each pixel can be approximated by a linear mixture of pure spectra E (the so-called endmembers)
weighted by their corresponding fractional abundances:

r =E f + ε, (1)

where E [n × c] is the matrix of endmembers, f is a vector with the c unknown proportions in the
mixture, and ε is the residual vector. The mixing equation is accompanied by two constraints: (1)
the normalization constraint says proportions should sum up to one, and (2) the positivity constraint
says that no endmember can make a negative contribution. The least-square principle establishes that
the unknown parameters are those that minimize the Mahalanobis distance between the pixel r and
point E f:

χ2 =(r - E f) T V(r)−1 (r - E f) (2)

where V(r) denotes the error matrix of the observations r. The coarse spatial resolution of SEVIRI and
the availability of only three spectral bands poses a significant challenge for endmember selection
in traditional (deterministic) SMM. The FVC algorithm relies on a novel stochastic SMM which uses
a statistical representation of the endmembers to accommodate their variability at a global scale.
Each pixel is described by a multiple combination of two pure classes, the target (vegetation) and the
background (soil). Both vegetation and soil classes are not treated as deterministic (i.e., using fixed
endmembers) but they follow a statistical (multi-modal) distribution, which attempts to capture the
variability of soils and vegetation components at a global scale. The main steps of the algorithm are
now described (see Figure 2).

 
Figure 2. Flow chart of the stochastic SMM algorithm for FVC determination.

Step 1: Selection of a training database
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Given the large diversity of vegetation types and underlying soil background that can be found
in the SEVIRI disk, a large training database of spectral signatures needs to be generated. To more
reliably identify the pure components, two composite k0 images were generated from all high quality
observations (cloud- and snow-free) over a one-year period: a vegetated k0 image corresponding
to the peak of season and a devegetated k0 image corresponding to the minimum canopy closure.
The samples were chosen to be homogeneous over areas higher than SEVIRI spatial resolution, and
the classification is based on the 1-km Global Land Cover 2000 (GLC2000) [35]. Training areas of
non-vegetated class include desert areas, sparsely vegetated and shrublands. Vegetation areas were
identified in crop and forest classes. Samples were further verified using purity methods to filter out
possible outliers. In particular, pixels having less than 95% of soil/vegetation were excluded.

Step 2: Gaussian mixture model

At the SEVIRI resolution, the soils and vegetation components usually present a high sub-pixel
spatial variability. In order to address this variability, a parametric mixture model weighted sum of
Gaussian distributions (or clusters) is adopted [36]. This probabilistic model is applied separately for
the target (vegetation) and the background (soil) classes:

fsoil(x|μk, Σk) =
∑Gs

k=1
τkφk(x|μk, Σk) (3)

fveg(x|μk, Σk) =
∑Gv

k′=1
τk′φk′(x|μk′ , Σk′), (4)

where φk is class conditional distribution of the k-th Gaussian, with mean μk and covariance Σk,

φk(x|μk, Σk) = (2π)−n/2|Σk|−1/2 exp
(
−1

2
(x− μk)

T
Σ−1

k (x− μk)
)

(5)

τk is the probability that an observation belongs to the k-th component (τk ≥ 0 ;
Gs∑

k=1
τk = 1),

and Gs and Gv are the number of Gaussian components for soil and vegetation, respectively. The
algorithm uses the Expectation-Maximization (E-M) approach [37] to estimate the means μk and
covariances Σk of the individual Gaussian components. This simple iterative approach increases
the log likelihood of the observed data and usually converges if the data conform reasonably well
to the mixture model. The k-means algorithm is used to initialize the E-M parameters (μk, Σk).

Multiple initializations are made to avoid numerical problems local maxima. We assume ellipsoidal
unconstrained component covariance matrices and use the Bayesian Information Criterion (BIC) [38,39]
to determine an appropriate number of Gaussian components. The value of BIC is the maximized
log likelihood with a penalty for the number of parameters. The larger the BIC score, the stronger
the evidence for the model. The determination of the number of Gaussian components takes into
account not only the BIC score but also the requirement that the distributions must provide a faithful
representation of the data. A typical number of 6-7 Gaussians for soil and 3-5 for vegetation has been
used to represent the variability of the different SEVIRI geographical areas.

Step 3: Model selection

Each SEVIRI pixel is usually a mixture of several backgrounds and/or vegetation components.
The stochastic SMM computes all possible models by taking all possible sets of models {M1, . . .MN},
with N = Gs

. Gv. A model Mk is defined a pair of class-conditional distributions for vegetation-soil
Mk ≡ ( fsoil(k), fveg(k′)). At the SEVIRI resolution, different sets of soil and vegetation may yield to very
similar mixtures. Let p(Mk|r) be the posterior probability or likelihood of model Mk given pixel data r,
and π(MK) the a priori probability of having the model Mk at a particular pixel. Based on the Bayes
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theorem most often used in classification problems, the posterior probability assigned to a model MK

is proportional to its likelihood times its prior probability:

p(Mk|r) =
p(r|Mk) ·π(Mk)∑N
i=1 p(r|Mi) ·π(Mi)

. (6)

Although a priori probabilities π(Mk) are often unknown and could be assumed to be equal
(uninformative prior), they provide a means to inject prior information in the algorithm and, therefore,
reduce the misidentification of the models by considering rules on the basis of ancillary data such as
land cover classifications. The likelihood of Mk for each individual pixel, p(r|Mk), can be determined
as follows:

(r|Mk) =

∫
x

∫
x′
φsoil(k)(x|μk, Σk) ·φveg(k′)(x

′|μk, Σk′)Γ(x, x′, r) dx′dx, (7)

where Γ(x, x′, r) is an "accept-reject" function that is the unity when the line joining x (vegetation) and
x’ (soil) intercepts the region in the feature space centered at the mixture r, and is zero otherwise.
We considered around r an envelope volume V(r) given by the radiometric uncertainties attached to
the input, i.e., the covariance structure of the k0 product.

The algorithm solves this integral using Monte Carlo methods, i.e., from endmember spectra
drawn from multivariate normal distribution. It basically consists in counting the number of model
samples from each possible mixture combination that can give rise to the mixture pixel r, as illustrated
in Figure 3 considering a simplified bidimensional problem with 3 vegetation clusters (V1, V2, V3) and
3 soil clusters (S1, S2, S3). The size and orientation in the elliptical probability density contours are
determined by the covariance of clusters Σk. It is obvious that (S3, V1) is the most likely model in
the mixture. However, other different model combinations, such as (S2, V1) and (S3, V2), have non
negligible probabilities and may yield to the same mixture spectrum.

Figure 3. Illustration of the model selection in a bidimensional feature space. Dashed lines join random
spectra drawn from soil class S3 and vegetation classes V1, V2 and V3.

Rather than using a single date, multi-temporal SEVIRI observations {t1, t2, . . . tM} over a seasonal
period can be used to more reliably determine the likelihood of model MK in a mixture pixel r, i.e.,:

p(r|Mk) =
M∏

i=1

p(r(ti)|Mk), k = 1, 2, . . . , N, (8)

where r(ti) represent the input reflectance at date ti. The LSA SAF algorithm uses M=2 dates,
associated to the maximum and minimum canopy closure of each SEVIRI pixel, making use of the
vegetated/devegetated k0 images generated in step 1:

p(r|Mk) = p(k0
(
tdevegetated

)
|Mk) · p(k0

(
tvegetated

)
|Mk), k = 1, 2, . . . , N (9)
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The simultaneous use of devegetated k0
(
tdevegetated

)
and vegetated k0

(
tvegetated

)
spectral information

for extreme situations of the annual growing cycle such as harvested crops and peak of season, are well
suited to determine the likelihood of the soil and vegetation components, respectively. Figure 4 allows
to better understand the concept. Symbols correspond to pure soil and vegetation samples identified
over the Southern Africa SEVIRI geographical area, projected onto the bidimensional k0 space of
SEVIRI channels. Bare areas are predominantly found in sparsely vegetated and open shrublands
(GLC2000 classes 19, 14 and 12) whereas purely vegetated areas are mostly found in close forest classes,
herbaceous and croplands (GLC2000 classes 1, 2, 13 and 16). In this example, the best suited number of
Gaussian components was 3 for vegetation and 6 for soil.

(a)

( )

Figure 4. Illustration of the probabilistic mixing model concept over in the k0 space of SEVIRI channels:
(a) channel 1 and 2; (b) channel 2 and 3. Elliptical probability density contours associated with clusters
(from V1 to V3 for vegetation and from S1 to S6 for soil). BDF and BEF correspond to broadleaved
deciduous and broadleaved evergreen forest, respectively. BICs and BICv refer to the values of BIC for
the soil and vegetation mixture models, respectively.
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The improved multitemporal identification of vegetation and underlying soil background is
illustrated for a SEVIRI pixel occupied by open broadleaved deciduous species. Blue symbols
correspond to the migration of the pixel signature during year 2015 (numbers from 1 to 36 correspond
to decades). The leaf fall is concentrated during the winter season, reaching devegetated period (filled
pentagram in Figure 4) at decade 8, when the spectral signature approaches to the soil line. During the
development phase, NIR values increase while red and MIR values decrease, and the pixel departs
from the soil line, eventually reaching a high canopy closure (filled square in Figure 4a). Combining the
probabilities in both extreme periods (Equation (9)), the most likely models for the vegetation and soil
are obtained, i.e., vegetation classes V1 and V2 with the darkest soil type S1.

Step 4. Estimation of FVC

The retrieval of vegetation parameters is an ill-posed problem. A feature selection/extraction step,
may be useful to transform the original space r ∈ ◦3 [(k0)red, (k0)NIR, (k0)SWIR] onto a feature space that
makes the retrieval model more sensitive to changes in vegetation and minimize the sensitivity to soil
background and noise in the inputs. Vegetation retrieval is specially hampered by the influence of
undesired soil variability at SWIR wavelengths (1.6 μm), which is particularly large for the soils in
Africa (see Figure 4b). This high variability has shown to be a cause for overestimation of FVC in
semi-arid regions over dark soils (further insights will be given in Figure 5b). Latest version projects r

onto a new features space w ∈ ◦5, increasing the relative influence of channels 1 and 2 with respect to
channel 3 ([(k0)red, (k0)red, (k0)NIR, (k0)NIR, (k0)SWIR]). This strategy has served us to reduce possible
biases due to SWIR background reflectance variability.

 
(a) (b) 

Figure 5. Projection of the SEVIRI/FVC product corresponding to the 15th of June 2015 onto the k0

feature space of (a) channels 1 and 2; (b) channels 2 and 3. Red circles correspond to soil and vegetation
pure pixels for the Southern Africa (SAfr) region.

In addition, a standardization transform is applied, which transforms the data to a set of variations
about the mean value with a mean value of zero and a standard deviation of one:

r̂ =
r− μr

σr
, (10)

where r̂ is the standardized vector associated to the pixel vector r, with mean and μr standard deviation
σr. Using the standardised endmembers, Êi (i = 1, . . . ,c), the unmixing is formulated as follows:

r̂ =
c∑

i=1

Êif̂i + ε̂, (11)

where f̂i is the proportion of such endmember in the standardised coordinates, and ε̂ is the residual
vector expressed in standardised units. Although the solution is similar to the conventional SMM, the
sum-to-one condition is now expressed as
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c∑
i=1

f̂i

σEi

=
1
σr

. (12)

Through this standardization, SMM is less sensitive to the brightness variability within each
vegetation-soil component [40]. Standardized signatures are performed for all possible models and
image spectra as previous step before computing the fractions of soil and vegetation. In order to
compute the fractions, the closed formulation of the method of Lagrange is adopted [36], which provides
a fast and unbiased solution. Finally, FVC is estimated as a linear combination of single-model estimates:

FVC =
N∑

k=1

p(Mk|r) · FVC(Mk), (13)

where FVC(Mk) is unmixed abundance of vegetation in the Mk model. The contribution of each model
is thus weighted by its a posteriori probability p(MK|r). Although other similar approaches have been
developed to address the issue of the spatial variability of endmembers [40–45], the LSA SAF approach
decomposes the soil/vegetation into a number of subclasses using non-uniform probabilities for the
different models. These probabilities p(MK|r) vary from pixel to pixel, depending on its likelihood and
were pre-computed beforehand in order to increase the robustness of the algorithm and speed up its
computational efficiency.

Figure 5 allows understanding better the physical basis of the algorithm and its performance.
The results correspond to mean predictions of FVC given a realized value of two SEVIRI channels
(considering all possible values of the third channel). We can identify the triangle envelope formed by
the mixed pixels which is the physical basis for SMM approaches. The soil/vegetation components
are spectrally distinct enough, particularly in the red-NIR space (Figure 5a), where non-vegetation
surfaces distribute primarily along the so-called “soil line”. Dense canopies situate in the top
vertex, although showing a significant spectral variability. The LSA SAF algorithm provides a fair
generalization of information from the training data generated in step 1, suggesting that solutions
are well constrained. The isolines present realistic values that are consistent with other literature
studies [46], and EPS satellite products [24]. The smooth FVC variations with gradual change in
reflectance suggests that solutions are stable, without discontinuities that lead to large retrieval errors
and are usually found in SMM problems with a large number of endmembers. The algorithm mitigates
thus the effects of noise in the input data.

The algorithm uses also SWIR information, which conveys useful information about the vegetation
water content and a good sensitivity to FVC (Figure 5b). However, the large variability of SWIR
reflectance of soils in the African continent has shown to be confounding factor. In particular,
inclusion of SWIR bands causes an overestimation trend for FVC in sparse areas over dark soils in
Southern Africa, with values up to 0.15 (see Figure 5b). An effective way to reduce this overestimation
is underweighting the SWIR band (step 4 of the algorithm).

2.3. LAI Algorithm

The LSA SAF algorithm uses a pragmatic solution to the radiative transfer problem, which assumes
a tractable physical model for interception of solar direct irradiance by leaf canopies [43]. By assuming
that leaves are flat with bi-Lambertian properties, the total transmittance, which represents the fraction
of incident radiation above the canopy which reaches the soil background level can be expressed as
follows [47]:

T(θs) = exp[−b(G(θs)/μs)LAI], (14)

where μs = cosθs, being θs the solar zenith angle, G(θs) is the average extinction function [48], T(θs) and
b is the backscattered parameter, which can be roughly assumed to be equal to 0.945 for all vegetation
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types [49]. The fraction of solar radiation intercepted by the vegetation (FIPAR), which coincides with
FVC when the sun and the observer are both at zenith, i.e., FVC = FIPAR(θs = 0) is expressed as:

FIPAR(θs) = 1− T(θs) = 1− exp[−b(G(θs)/μs)LAI]. (15)

The above formulation assumes a random distribution of foliage elements, disregarding the
increased probability of light penetration in clumped canopies. A clumping index Ω [50], which accounts
for the degree of the deviation of foliage distribution from the random case, can be introduced in
Equation (15) to correct possible underestimation of LAI [20]:

FVC = FIPAR(θs = 0) = 1− exp(−b ·G(θs = 0) ·Ω · LAI). (16)

It can be assumed for simplicity a value of 0.5 for the leaf projection factor G(θs) considering
spherical orientation of the foliage. In order to avoid maximum LAI values in fully vegetated areas
exceeding a value about 7, a coefficient a0 in the range (1.04-1.07) is introduced in Equation (16):

FVC = ao{1 − exp(−0.5 · b ·Ω · LAI)
}
. (17)

A land cover-dependent clumping index is considered for each of the GLC2000 classes,
which corresponds to the maximum values calculated from global POLDER multiangular data [51].
The values range from 0.68 for evergreen forest to 0.83-0.85 for herbaceous, shrub and cultivated
areas (see Table S1 in Supplementary Material), leading to a conservative first-order correction of the
clumping effect.

2.4. FAPAR Algorithm

The algorithm used for retrieving daily integrated green FAPAR is not novel but it relies on
the method proposed by [32], a statistical relationship general enough for global applications based
on simulations using the homogeneous SAIL (Scattering by Arbitrary Inclined Leaves) model [52].
The algorithm does not use any prior knowledge on the land cover. Although the SAIL model is
widespread in the remote sensing community for the estimation of vegetation biophysical variables,
limitations of homogeneous models should be more important in heterogeneous (e.g., savannas and
open shrublands) or in canopies showing a complex architecture (e.g., boreal forest). More than 5000
soil/vegetation combinations varying leaf inclination distribution (LIFD), LAI, leaf transmittance,
leaf reflectance and soil spectral albedo were considered. The diffuse fraction of incoming radiation
was held constant and equal to 0.2, which represents clear sky conditions. For each scenario, red and
NIR reflectances with variations of sun and view angles were derived from the SAIL model along with
daily-integrated FAPAR, as computed by integration of the instantaneous FAPAR over the day:

FAPAR =

∫ t′
t APAR dt∫ t′

t PAR dt
, (18)

where t and t’ are the time for sunrise and sunset. The FAPAR was integrated over solar angles
corresponding to a target located at 45◦N latitude and at the equinox.

An optimal geometry based on the criteria of linearity and minimum dispersion between NDVI
and daily-integrated FAPAR was found in the solar principal plane (θs=45◦, θv=60◦, φ=0◦). The soil
contribution to the canopy reflectance was reduced at this oblique view using a vegetation index,
called RDVI (Renormalized Difference Vegetation Index), defined as follows:

RDVI = (NDVI·DVI)1/2 =
NIR−R√
NIR + R

, (19)
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where DVI [16] is the difference vegetation index, defined as follows:

DVI = (k0)NIR − (k0)VIS. (20)

Finally, the RDVI-FAPAR relationship in the optimal geometry is given as follows:

FAPAR = 1.81 (RDVI)opt − 0.21, (21)

where (RDVI)opt refers to the RDVI computed in the optimal geometry. The reflectance in the optimal
geometry for each spectral channel is estimated as follows [53]:

Ropt(λ) = k0(λ) − 0.240k1(λ) + 0.202k2(λ) (22)

2.5. Products Uncertainty Estimation

A per-pixel estimate of the uncertainty for each prediction, namely σFVC, σLAI and σFAPAR,
is provided, which propagates uncertainty of inputs and other variables involved in the calculations
(see Equations in Supplementary Material).

3. The SEVIRI/MSG Vegetation Products

The LSA SAF generates and disseminates a suite of vegetation products derived from SEVIRI/MSG
BRDF composited data for the whole Meteosat disk over land surfaces ideally free of snow and ice
cover using the described algorithm at two different time resolutions (see Figure 6), daily (MDLAI,
MDFVC, MDFAPAR), and 10-days (MTLAI, MTFVC, MTFAPAR) [54]. The characteristics of SEVIRI
based products provided by the LSA SAF are described in Table 1. Daily products use as input the
MDAL BRDF parameters computed using a daily rolling compositing approach with a characteristic
5-day compositing period, whereas the 10-days product use as input the MTAL BRDF product based
on a composite over a 30-day period. We refer for further details about the recursive temporal
composition to Geiger et al. [33]. Using the latest version of the daily (v3.1) and 10-days (v1.2)
algorithms, released in January 2016, the LSA SAF system generates and disseminated the products
in Near-Real-Time (NRT) with a time lag of about six hours. NRT users are also encouraged to use
EUMETCast (https://navigator.eumetsat.int), i.e., the primary distribution means for EUMETSAT
image data and derived products.
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Figure 6. MSG Daily LAI (top), FVC (middle) and FAPAR (bottom) LSA SAF product composition
corresponding to the 17th of April 2014 products (left panels) and their respective error estimates (right
panels). Location of the four LSA SAF geographical areas is also provided. Rectangles in the LAI field
are associated to Euro, NAfr, SAfr and Same SEVIRI geographical regions for illustrating purposes.
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Table 1. Product Requirements for MSG vegetation products, in terms resolution and accuracy.

Product Identifier Distribution
Temporal
Resolution

Spatial
Resolution

Target
Accuracy

MDFVC LSA-421 NRT 1-day MSG pixel Max
[0.075,15%]

MTFVC LSA-422 NRT 10-days MSG pixel Max
[0.075,15%]

MTFVC-R LSA-450 CDR(1) 10-days MSG pixel Max
[0.075,15%]

MDLAI LSA-423 NRT 1-day MSG pixel Max [0.5,20%]
MTLAI LSA-424 NRT 10-days MSG pixel Max [0.5,20%]
MTLAI-R LSA-451 CDR(2) 10-days MSG pixel Max [0.5,20%]

MDFAPAR LSA-425 NRT 1-day MSG pixel Max
[0.075,15%]

MTFAPAR LSA-426 NRT 10-days MSG pixel Max
[0.075,15%]

MTFAPAR-R LSA-452 CDR(3) 10-days MSG pixel Max
[0.075,15%]

1http://doi.org/10.15770/EUM_SAF_LSA_0003. 2http://doi.org/10.15770/EUM_SAF_LSA_0004. 3http://doi.org/10.
15770/EUM_SAF_LSA_00035.

The algorithms were reprocessed to generate the full archive of CDRs for 10-days vegetation
products for FVC (MTFVC-R), LAI (MTLAI-R) and FAPAR (MTFAPAR-R) over the period 2004-2015,
which complement the datasets available in the LSA SAF website since 2016 onwards. Both NRT
products and homogeneous CDR 10-days vegetation products are available from the website (https:
//landsaf.ipma.pt/en/products/vegetation/). A similar dataset of reprocessed daily products has been
produced as internal products for the period 2004-2015. Although the daily products are not foreseen
to be distributed as CDR, they may be made available upon request.

The algorithm is firstly applied separately at four SEVIRI geographic regions: Europe (Euro),
Northern Africa (NAfr), Southern Africa (SAfr), and South America (SAme) (see location in Figure 6).
However, since the latest version (v3.1) onwards, products are disseminated for the whole Meteosat
disk. The projection and spatial resolution correspond to the characteristics of Level 1.5 (standard
geolocation) MSG/SEVIRI instrument data. Information on geo-location and data distribution is
available at the LSA SAF web-site: http://landsaf.ipma.pt.

Each product is delivered in the Hierarchical Data Format version 5 (HDF5), which contains three
separate datasets: a biophysical product, its respective error estimate and a Quality Flag (QF) field.
The error dataset is a pixel-wise estimate of the observation uncertainty, which is indicative of the
quality of the retrieval error (see details of calculation in Supplementary Material). These retrieval
errors have shown to be within the range of the typical differences found between satellite products.
For examples the uncertainty ranges typically between 0.05 and 0.10 for FVC, between 0.5 and 1.0 for
LAI and between 0.05 and 0.20 for FAPAR. The FAPAR product presents a lower quality because it
uses as input the three BRDF parameters (k0, k1, k2), with k2 presenting large uncertainties and noisy
profiles on a short time scale, mainly in Western Africa.

The algorithms to retrieve LSA SAF vegetation require ideally free of snow and ice cover
observations. Since snow events in previous days, though influencing the signal, may be unidentified
BRDF product, an empirical criterion was used to identify and mask out pixels with residual,
by combining the SEVIRI channels 1 (0.6 μm) and 3 (1.6 μm):

k0(λ1) − k0(λ3) > 0
or k0(λ1) > k0,max(λ1) + 0.06

or (k0(λ1) > k0,max(λ1) + 0.02 and k0(λ3) < k0,min(λ3))

where k0,max(λ1) and k0,min(λ3) refer to the values of the k0 devegetated image in channel 1 and 3,
respectively. The QF records relevant information at the pixel level about the quality and processing
status of retrievals (e.g., unrealistic input ranges, traces of inland water, traces of snow and retrieval
values out of maximum physical range). The QF codes and several empirical thresholds used to blind
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problematic areas are shown in Tables S2 and S3 in Supplementary Material, respectively, as in the
Product User Manual (available from http://landsaf.ipma.pt).

Figure 7 shows quality information of the SEVIRI/MSG FVC, LAI and FAPAR products, using the
mean error of the products along the year 2014. Green color refers to consolidate regions with optimal
quality. Reliable areas with medium quality are shown in cyan color. Orange color refers to regions
with low quality. Finally, red color refers to generally unusable areas, presenting large view zenith
angles and frequent snow cover (e.g., Europe during wintertime). FAPAR is generally unusable in
areas with persistent cloud occurrence (e.g., western Africa).

Figure 7. Quality of the MSG daily FVC, LAI and FAPAR products based on the information
provided by the mean values of its theoretical uncertainty along the year 2014. The levels of accuracy
stand for: Optimal (Err(FVC/FAPAR)<0.05; Err(LAI)<0.5); Medium (0.05<Err(FVC/FAPAR)<0.10;
0.5<Err(LAI)<1.0); Low (0.10<Err(FVC/FAPAR)<0.12; 1.0<Err(LAI)<1.5); Poor (Err(FVC/FAPAR)>0.15;
Err(LAI)>1.5).

The seasonal variations in the quality and coverage of the daily MSG FVC product along 2014
are depicted in Figure 8. Optimal or medium quality retrievals are obtained for north and south
Africa continental zones with a negligible percentage of poor quality or missing values. An acceptable
performance is also found over Europe from April through September, with a significant quality
reduction during late autumn and winter. The worst performance is observed for south America
regions, generally due to decreased accuracy and a larger percentage of missing values. Both daily
MSG LAI and FAPAR products show similar performance stages with slightly lower rates of high
quality values.
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Figure 8. Monthly fraction of valid pixels for daily MSG FVC product during the entire 2014 year over
the four SEVIRI geographical areas.

A detailed assessment of the MSG CDR products is provided in a validation report [55],
showing good spatial and temporal consistency as compared to currently available validated vegetation
products and no presence of artefacts. Noteworthy good inter-annual precision and stability of the
long-term time series was found. Based on the validation results, performed over a representative
network of sites over global conditions, CDR MSG vegetation products reached the operational status,
what means that the products fulfilled all defined requirements and are suitable for distribution to
users. Positive results were found for all the considered criteria, evaluated by comparisons with
similar products such as Copernicus Global Land Monitoring Service GEOV1 based on SPOT/VGT
data and NASA MODIS/TERRA products. Accuracy assessment against ground references provided
by the Committee on Earth Observation Satellite (CEOS) through its Working Group in Calibration
and Validation (WGCV) showed improved accuracy as compared to similar products and up to 84% of
validation samples within target requirements [55].

Internal Consistency between the LSA SAF Products

Temporal profiles of the 10-days MSG vegetation products were verified through a comparison
with the daily vegetation products. A very good agreement was found for the three products
(see examples in Figure 9). Although one main drawback of the daily FAPAR product with regard to
other operational products was the shaky temporal profiles on a daily basis, the 10-days (MTFAPAR)
improves notably the smoothness of daily FAPAR.
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Figure 9. Time series of LAI, FAPAR and FVC daily and 10-days products at a Deciduous Broadleaf
Forest site.

The aim of this section is also to analyse the consistency among the suite of LSA SAF vegetation
products (i.e., FAPAR and LAI) and albedo fields. The energy absorbed by the ground below vegetation
(FGROUND) can be estimated by combining the FAPAR and an independent LSA SAF field from the
albedo SEVIRI product, the bi-hemispherical reflectance integrated over the photosynthetically active
spectral region (BHRPAR) [33]. From energy conservation, the fraction of PAR absorbed by the ground
beneath the canopy is given by [56]:

FGROUND = 1− BHRPAR− FAPAR, (23)

Following previous works [56], FGROUND can be expressed as the downward PAR flux density,
F, times the soil absorptance, 1−α, where α is the reflectance of the canopy background and F can be
expressed via the Beer’s law [57]:

FGROUND ≈ 1− α
1− αr∗ e

[−G(θs)LAI/ cos (θs)], (24)

where r* is the probability that photon entering through the lower canopy boundary will be reflected
back by the vegetated layer [58,59]. Figure 10 shows the relationship between MSG LAI and FGROUND
for two SEVIRI regions, Europe (Euro), and southern Africa (SAfr), as derived from BHRPAR and
FAPAR SEVIRI/MSG products using Equation (24). The distribution can be well approximated by the
exponential function, FGROUND = Ae−B·LAI for different periods, which indicates a strong consistency
between LAI and FGROUND at the resolution of SEVIRI products.
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Figure 10. Joint probability density plots between FGROUND and MSG daily LAI at several different
periods of the year. Top Figures correspond to the Euro SEVIRI zone, whereas bottom Figures
correspond to the SAfr SEVIRI region.

4. Potential Applications of SEVIRI Vegetation Products

Different studies have assessed the quality of SEVIRI vegetation products [60–62]. MSG/SEVIRI
LAI and FAPAR products were included in a detailed scientific analysis for quality information
provision within the Evaluation and Quality Control (EQC) of climate data products derived from
satellite and in situ observations to be catalogued within the Copernicus Climate Change Service (C3S)
Climate Data Store (CDS) [63]. The products have been extensively used as input for environmental
applications [64,65]. Particularly, the MSG LAI product found applicability to examine the feedback
of land surface in response to vegetation changes [66], and in a hydrological model for flood early
warning systems [67]. Gessner et al. [61] reported that the MSG LAI product is well suited to capture
critical periods of growing cycle during the rainy season in West Africa as compared to existing global
LAI products derived from polar orbit instruments. The use of MSG FVC and LAI products improved
evapotranspiration estimates with respect to ECOCLIMAP-I in a land surface model [68]. Daily MSG
LAI products were used for automatic derivation of detailed phenological information at the African
continent [69]. The MSG LAI was fused with VGT/SPOT LAI to fill frequent gaps in VGT product
during the rainy season in West Africa [70]. Further case studies and product applications of the
SEVIRI/MSG vegetation products are provided in the LSA SAF web page (https://landsaf.ipma.pt/).

The SEVIRI/MSG vegetation products are routinely used as input in the operational line of several
LSA SAF products. Daily MSG FVC and LAI are required inputs to update information about the
state of vegetation for the derivation of the LSA SAF evapotranspiration and (latent and sensible) heat
flux products [71]. The MSG FVC information on the pixel fraction of vegetation cover is required to
operationally retrieve thermal Land Surface Emissivity [72]. The daily MSG FAPAR is also included
as input on the Monteith’s LUE concept used for the computation of the 10-days Gross Primary
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Production (MGPP) product recently developed in LSA SAF [73,74]. The remaining of this section
provides further insights about potential use of the LSA SAF vegetation products, considering three
illustrative examples of land processes applications.

4.1. Application 1: Monitoring of Seasonal Cycle and Phenology

The enhanced data quality of geoestationary SEVIRI products can be demonstrated by comparing
time series of FVC and polar-orbiting satellite sensors such as MODIS and SPOT/VGT across the
cloud-prone equatorial regions, such as Amazonian, West Africa and Central Africa. As illustrated in
a representative site in the western part of Equatorial Africa (Figure 11), the quality of polar-orbiting
satellite products is severely hampered by cloud occurrence. The presence of missing values for long
periods and unrealistic short-term variations reduces the ability of polar orbit products to capture the
seasonal cycle.

Figure 11. Comparison between LSA SAF products and equivalent MODIS and SPOT/VGT over
a three-year period representative example at a site in Gabon.

Conversely, temporal profiles of MSG FVC are consistent from year to year showing realistic smooth
variations, even during periods with high cloud coverage during the growing season. These findings are
in line with previous studies [61,75]. This is mainly because the frequent sampling of its geostationary
platform allows to accumulate enough cloud-free observations along a single day.

4.2. Application 2: Interrelation between Vegetation and Rainfall

Accumulated precipitation data derived from 10-days rainfall estimates (RFE 2.0) at a spatial
resolution of 0.1◦ were considered to explore the performance of the SEVIRI FVC product over the
Africa continent. The Rainfall Estimator (RFE) is produced by NOAA Climate Prediction Center
(NOAA/CPC) merging information from polar-orbiting microwave measurements, geostationary
infrared satellite estimates and gridded rainfall gauge measurements [76,77]. As illustrated in Figure 12,
the SEVIRI FVC is an indicator of spatial and temporal rainfall variability, showing a strong temporal
correlation with rainfall measurements (Pearson coefficient of determination r ranging from 0.7 to 0.9)
in most of Africa.
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Figure 12. Pearson correlation coefficient between time series of FVC and 3-month accumulated
precipitation for the 2004-2017 period.

Figure 13 shows an example of the relationships between FVC and 3-month accumulated rainfall
for an herbaceous biome located in southern Africa. A clear interrelation is found between inter-annual
variations of both magnitudes, proving the FVC product to be a proper indicator to detect sensitive
areas. In particular, the rainfall deficit occurred during the rainy seasons of 2005, 2013, 2015 and 2016
produced a severe impact on the FVC during the growing season. Although not all regions present
similar response to rainfall precipitation, NRT monitoring of FVC anomalies can be used to diagnose
in below-normal rainfall values in sensitive areas, and inputted in early warning system of water stress
initiation and severe drought events.

 
Figure 13. Time course of FVC and 3-month accumulated precipitation for an herbaceous region
situated in Bostwana region (-23.1◦ N, 26.4◦ E).
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4.3. Application 3: The Detection of Inter-Annual Vegetation Trends over the Period 2004-2017

A trend analysis over Africa to report long-term variations due to subtle changes over the period
2004-2017 has been performed. A multiresolution analysis (MRA) wavelet transform (WT) has been
applied to the 10-days MSG FVC product [78]. Figure 14 shows the derived normalized trend of
inter-annual changes over Africa for the period 2004-2017. In general, no trend is observed over
central Africa (light blue and green colors) with some distinguishable negative trend areas (dark blue
colors) localized at eastern (Horn of Africa, region 1), southern Mozambique (region 2) and western
Namibia (region 5). The impact on vegetation is particularly evident in these regions since they have
been affected by a precipitation deficit due to El Niño-Southern Oscillation (ENSO) events [79–81].
Conversely, positive trend values (yellow colors) are mostly located in the grassland biomes of the
Sahel zone (region 3) and a few patches in east of Namibia and west of Bostwana (region 4). The Sahel
results agree with the widely reported re-greening behavior in this area for the last two decades [82,83]
whereas the behavior of region 4 is possibly explained by exceptionally wet years in southwestern
Africa since circa 2005.

Figure 14. Trend of inter-annual changes over Africa derived by applying the MRA-WT method to
10-days FVC time series (2004-2017).

5. Summary and Conclusions

This paper describes the algorithm currently used in the LSA SAF operational system to produce
in NRT daily and 10-days basis global FVC, LAI and FAPAR biophysical products from SEVIRI/MSG
data. A novel algorithm has been proposed to retrieve FVC, which is also the base for retrieving LAI
using a semi-empirical method. It relies on a stochastic spectral mixture model which characterizes the
large variability of soil background and target vegetation using statistical (Gaussian mixture) models
with a finite number of classes, and determines a posteriori probabilities of the background/soil classes
making use of the pixel multitemporal trajectory. The FAPAR algorithm uses statistical relationships
with BRDF in an optimal angular geometry, general enough for global applications. This study
evidences a good consistency among the suite of SEVIRI/MSG (daily and 10-days) vegetation products,
as well as among FAPAR, LAI and BHRPAR, enabling a realistic partitioning of incoming solar radiation
between the canopy and the ground below the canopy.
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Main advantages and relevant information derived from this study are summarized below:

1. NRT daily (MDFVC, MDLAI, MDFAPAR) and 10-days (MTFVC, MTLAI, MTFAPAR) products are
generated and disseminated from LSA SAF since January 2004 over the geostationary Meteosat
disk offering almost fifteen years of an alternative dataset to the user community.

2. The 10-days (MTFVC-R, MTLAI-R and MTFAPAR-R) CDRs are provided as a suite of EUMETSAT
climate products data records estimated consistently along the years using the latest versions of
the whole processing chain algorithms. The 10-days products could be suitable for a community
of users that requires observations representative of a 30-day period with at frequency of 10 days
(e.g., numerical weather and climate models, and flood forecasting systems).

3. The daily SEVIRI/MSG timeliness of the distribution of the observations and its smaller
compositing period avoids possible shifts regarding the actual state of the vegetation (e.g.,
for an early estimate of key phenological parameters and seasonal production).

4. The absence of gaps and the high temporal frequency and continuity of the products over Africa
offer major potentials for NRT monitoring of land cover dynamics for applications that require
frequent observations such as agriculture, and food management.

5. The SEVIRI/MSG vegetation products have demonstrated its suitability to accurately resolving
long term changes in large regions, allowing improving the understanding of interactions between
land surface and climate.

The MSG programme is expected to provide observations for the next years to ensure long-term
operations. In order to improve the coverage of the LSA SAF service, an ongoing work is the clone
of MSG algorithms to produce similar LSA SAF products based on the Indian Ocean Data Coverage
(IODC) observations. A priority work in LSA SAF is the adaptation of the algorithms to take advantage
of enhanced capabilities in terms of spatial and spectral resolution of the future EUMETSAT sensors.
The algorithm will be adapted to the enhanced characteristics of the Flexible Combined Imager
(FCI)/Meteosat Third Generation satellites (MTG), allowing a more accurate characterization of the soil
and vegetation signatures and improved screening of snow pixels. The FCI based products will ensure
the continuity of the service during the lifetime of the MTG program.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/18/2103/s1,
Figure S1: Theoretical FAPAR error as a function of input k0 and k2 errors for a given k1 error of 0.01. Two different
cases have been considered: Low FAPAR values (a) and high FAPAR values (b)., Table S1: Cover-dependent
clumping index values for LAI algorithm based on the GLC2000 land cover classification based on values obtained
in [51], Table S2: VEGA products QF information. The default missing value for the product fields is −10.
The associated error estimate fields for unprocessed pixels take different negative values, depending on the
identified problem (default missing value = −10). Main identified problems in the VEGA products and empirical
thresholds used to blind problematic areas. Note that although the missing value for the product fields is unique
(−10), associated error estimate fields for unprocessed pixels take different negative values, depending on the
identified problem (default missing value = −10).
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Abstract: Chlorophyll fluorescence parameters can provide useful indications of photosynthetic
performance in vivo. Coupling appropriate fluorescence measurements with other noninvasive
techniques, such as absorption spectroscopy or gas exchange, can provide insights into the limitations
to photosynthesis under given conditions. Chlorophyll content is one of the dominant factors
influencing the conditions of a vegetation growing season, and can be tested using both fluorescence
and remote sensing methods. Hyperspectral remote sensing and recording the narrow range of the
spectrum can be used to accurately analyze the parameters and properties of plants. The aim of this
study was to analyze the influence of lead ions (Pb, 5 mM Pb(NO3)2) on the growth of pea plants using
spectral properties. Hyperspectral remote sensing and chlorophyll fluorescence measurements were
used to assess the physiological state of plants seedlings treated by lead ions during the experiment.
The plants were growing in hydroponic cultures supplemented with Pb ions under various conditions
(control, complete Knop + phosphorus (+P); complete Knop + phosphorus (+P) + Pb; Knop (-P) + Pb,
distilled water + Pb) affecting lead uptake via the root system. Spectrometric measurements allowed
us to calculate the remote sensing indices of vegetation, which were compared with chlorophyll and
carotenoids content and fluorescence parameters. The lead contents in the leaves, roots, and stems
were also analyzed. Spectral characteristics and vegetation properties were analyzed using statistical
tests. We conclude that: (1) pea seedlings grown in complete Knop (with P) and in the presence of Pb
ions were spectrally similar to the control plants because lead was not transported to the shoots of
plants; (2) lead most influenced plants that were grown in water, according to the highest lead content
in the leaves; and (3) the effects of lead on plant growth were confirmed by remote sensing indices,
whereas fluorescence parameters identified physiological changes induced by Pb ions in the plants.

Keywords: fluorescence; in vivo; spectrometry; ASD Field Spec; lead ions; remote sensing indices

1. Introduction

The use of chlorophyll a fluorescence measurements to examine stress in algae and plants is now
widespread in physiological and ecophysiological studies [1]. Fluorescence can be a powerful tool to
study photosynthetic performance, especially when coupled with other noninvasive measurements
such as absorption spectroscopy, gas analyses, and infrared thermometry. Many environmental stresses
affect CO2 assimilation. Changes in fluorescence induced by illumination of dark-adapted leaves are
qualitatively correlated with their photosynthetic rates [2,3]. Photosynthetic CO2 fixation is a process
significantly affected by heavy metals in a number of plant species [4]. The mechanism(s) of heavy
metal toxicity on photosynthesis is still a matter of speculation, but it almost certainly involves electron
transport in light reactions [5] and enzyme activity in the dark reactions [6].

The ions determine the proper development and functioning of organisms [2,3], but they can also
cause stress in plant cells, which produces disturbances in the functioning of processes including, among
others, photosynthesis [4,7]. Burzynski and Kłobus [8] reported the inhibitory effect of metals on growth
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and biomass of plants as well as changes in the metabolic processes, which reduce photosynthetic
activity. The effects are dependent on the operation of the ion, its concentration and duration of
action, and the environment in which the plant grows [9]. The most damaging heavy metals (HMs)
are cadmium (Cd), lead (Pb), mercury (Hg), nickel (Ni), and arsenic (As). Pb causes a reduction in
chlorophyll content [10] and assimilation of CO2, and inhibits the respiratory intensity [10,11]. Pb also
affects the absorption of ions from the soil including, among others, iron and magnesium [12,13]. Pb is
known to induce a broad range of toxic effects, including those that are morphological, physiological,
and biochemical in origin. This metal impairs plant growth, root elongation, seed germination, seedling
development, transpiration, chlorophyll production, and cell division [14]. A high Pb content in plants
thus contributes to a reduction in the water absorption capacity [12]. Heavy metal ions also affect
the formation of reactive oxygen species (ROS), which cause changes in signal transduction, change
the properties of the membranes, and affect gene expression, damaging photosystem II (PSII) [15,16].
Stress-induced decreases in stomatal conductance, carbon metabolism, and transport processes can
all decrease PSII efficiency [7]. Changes in chlorophyll a fluorescence measured in vivo enables the
estimation of the physiological state of the plant and illustrates how absorbed light energy is used.

Stress induces changes in light absorption and can result in loss of excitation energy in the form of
heat (non-photochemical quenching, NPQ) [17]. NPQ protects the photosynthetic membrane against
photodamage, leading to early senescence and reduced plant growth and fitness [18]. NPQ is assume
to be zero in the dark adapted state, because Fv’ = Fv and Fm’ = Fm. When plants are exposed to light,
we can estimate the non-photochemical quenching from maximal fluorescence with an adaptation
to darkness (Fm) to maximal fluorescence without adaptation to darkness (Fm

′) and monitors the
apparent rate constant for non-radiative decay (heat loss) from PSII and its antennae for understanding
the protective action of NPQ [19]. Plants have various responses to the noxious effects of lead, such as
selective metal uptake, metal binding to the root surface, metal binding to the cell wall, and induction of
antioxidants. The published findings on the evaluation of photochemical processes and physiological
do not allow for the unambiguous determination of the response of photosynthetic apparatus to stress
caused by lead [14,20,21]. Pb was found to induce changes in the absorption and dissipation of energy
within PSII, whereas small changes were observed in electron transport [22]. Heavy metals, such as
cadmium, nickel, and lead, are phytotoxic [23]. The literature also confirms a variable response to Pb
as a stress factor, depending on the species. For example, corn and soybean showed varying degrees of
photosynthesis sensitivity to lead [24].

Remote and non-invasive detection of changes in vegetation due to contamination with lead
is possible using remote sensing techniques (spectrometric measurements, and multispectral and
hyperspectral imaging). Using hyperspectral techniques is becoming increasingly important in the study
of vegetation stress [25,26]. In response to the HMs presence, remote sensing indices show a decrease
in photosynthetic active radiation (PAR), chlorophyll and carotenoids contents, a shift of red-edge
spectral bands to the visible part of the spectrum (VIS), and changes in plant-water accumulation in
short-wave infrared (SWIR). A limited growth, changes of canopy structures, decrease of chlorophyll
content (leaf chlorosis), and changes in cell water content is a consequence of pollution [27].

The development of technologies and retrieval algorithms to evaluate fluorescence has progressed
with model developments [28–30]. The state of vegetation contaminated with heavy metals may be
tested using remote sensing indices [31] and by changes in the spectral reflectance curves, mainly the
red edge [32]. The spectral reflectance and thereby the relevant spectral features offer an easy and simple
method to assess plant health and metal-concentration. ASD FieldSpec was used for monitoring the
phytoaccumulation of arsenic into above-ground parts of barley [33] and paddy plants (measurement
of field spectral reflectance was one basis of airborne or spaceborne remote sensing monitoring).
Ren et al. [34] also studied these spectral changes to relate them with the phytoaccumulation of
metals [35,36]. Most of the studies used the various vegetation indices (ratios or linear combinations of
two or more spectral wavelengths [37]) and red-edge position (a sharp transition between red and NIR
wavelengths; positively related to chlorophyll concentration [38]) as indications of plant stress. The
impact of heavy metals was observed in the spectral reflectance curve, where, under the influence of,
for example Cd and Ni [39], the red edge decreased. Zagajewski et al. [39] observed that stressed plants
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(expressed as lower chlorophyll content) showed an increase in the fluorescence at F690 (red) and a
decrease in the intensity of fluorescence at F740 (far-red) with decreasing intensity at 710 nm. Different
fluorescence features are affected by leaf chlorophyll content in the antenna and the F690/F740 ratio
appears to be one of the most indicative of chlorophyll variations [40]. Changes in the state of vegetation
caused by the impact of heavy metals were also observed in multispectral images, where decreases
in crop biomass and chlorophyll content were observed, as were changes in the red edge during
the measurements [31]. Many observations indicate that the interactions between chlorophyll and
carotenoids seem to be crucial for excess energy dissipation [41]. Remote sensing technologies provide
complementary capacity for measuring and interpreting fluorescence in the context of physiological
processes in field- [42,43], airborne- [44,45], and satellite-level measurements [46].

Despite extensive studies conducted on the effects of various heavy metals on different
photosynthetic parameters of plants, our knowledge is still incomplete. Various changes in physiological
and biochemical events occurring at different sites during photosynthesis are tightly linked so that
even slight inhibition of one may result in a series of processes limiting gas exchange in the plants.
Fluorescence assessment in the laboratory or growth chamber involves a suite of measurement devices,
including fluorescence microscopes, spectrophotometers spectrofluorometers, fluorometers, and others.
These have allowed studies on scales ranging from isolated photosystems to small vegetation canopies.
Many researchers underlined that in the future, laboratory-scale or controlled-environment trials
can support sun-induced fluorescence (SIF) remote sensing activities, such as by the elucidation of
confounding factors for interpreting SIF changes, or by identifying ancillary data types needed for
airborne- or space-based missions [47].

The aim of this study was to combine devices, such as a fluorometer and spectrometer, for detection
of the influence of lead on photosynthetic parameters in pea plants (Pisum sativum) growing in laboratory
conditions. Laboratory and field experiments provide new insights into fluorescence–photosynthesis
linkages, stress effects, and relationships between other photosynthetic parameters. We investigated
the relationship between fluorescence parameters: the maximum quantum efficiency of PSII in the light,
measured as a Fv’/Fm’ ratio (variable fluorescence without adaptation (Fv’) to maximal fluorescence
without adaptation to darkness (Fm

′)) and non-photochemical quenching of fluorescence (NPQ) and
hyperspectral remote sensing indices. We also report the effect of lead ions on the growth of plants in
various conditions influencing Pb uptake from the root medium. These data provide a novel insight
into the relationships between the methods used for measurements of heavy metal effects on the plants.

2. Materials and Methods

2.1. Plant Material

Pea (P. sativum L.) seedlings were grown hydroponically in aerated:

(1) Knop’s solution [1] containing (g·L−1) 0.8 CaNO3·4H2O, 0.2 KNO3, 0.2 KH2PO4, 0.2 MgSO4·7H2O,
and 0.028 EDTA-Fe (EthyleneDiamineTetraacetic) enriched with A–Z microelement nutrients
(Control);

(2) Knop solution [1] with 5 mM Pb(NO3)2 (lead-treated plants; Knop + Pb);
(3) Knop solution [1] without phosphorus with 5mM Pb(NO3)2 (described below as Knop (-P) +Pb);
(4) distilled water with 5 mM Pb(NO3)2 (described below as H2O + Pb).

Plants were grown in a growth chamber with a 14 h photoperiod and a day/night regime at
25/20 ◦C at an irradiance of 50 μmol photons·m−2·s−1 (Figure 1). Pb ions (5 mM Pb(NO3)2) were added
to the growth medium (see above) when seedlings were two weeks old. Lead was introduced into the
leaves via the transpiration stream. The leaves from three-week-old plants were used for experiments.
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Figure 1. Pea plants used in experiments. From left to right: control plants in Knop’s solution; Knop
medium without phosphorus; Knop solution with 5 mM Pb(NO3)2 (lead-treated plants, Pb); and
distilled water with 5 mM Pb(NO3)2 (photo: M. Kycko).

2.2. In Vivo Measurements of Chlorophyll a Fluorescence

Chlorophyll a fluorescence of pea leaves was measured at room temperature with a fluorometer
(FMS 1, Hansatech, Norfolk U.K.) run by Modfluor software (Hansatech, Norfolk U.K.). Leaves
were adapted to darkness for 30 minutes prior to measurements, and then were used in these
assays with an actinic radiation of 60–1100 μmol photons·m−2s−1 and the saturation radiation of
4500 μmol photons·m−2s−1. The standard amber modulating beam had a center frequency of 594 nm.
The photochemical quenching coefficient (qP), non-photochemical quenching (NPQ), and quantum
efficiency of PSII electron transport in the light (Fv’/Fm’) were measured at steady-state photosynthesis.
The procedure developed by Genty at al. [48] was followed. All results are represented as means ±
standard error (SE) from 8 independent series of experiments (10 measurements each).

2.3. Determination of Lead Content

After harvesting, leaves, stalks, and roots were washed with redistilled water, then samples were
oven-dried at 85 ◦C and ground to powder. The powder was washed in a muffle furnace at 550 ◦C for
4 h and the residue was brought to a standard volume with 1 M HNO3. The Pb concentration of the
extract was determined by an Atomic Absorption Spectrophotometer (AAS; PerkinElmer, model 3300;
PerkinElmer, Waltham, MA, USA). The Pb ion content, expressed in mg·g−1 dry weight of the tissue
tested, was determined on the basis of indications obtained from the corrected concentration of lead
using Equation (1):

A = Cs × V/m (1)

where

A is the Pb ion content in mg·g−1 dry weight,
Cs is the corrected concentration Pb (mg·L−1),
V is the volume of the sample for analysis (L), and
m is the dry weight of a sample (g).

2.4. Laboratory Measurements

To determine the effect of lead on pea plants, we measured the spectral characteristics of the
plant vegetation with a ASD FieldSpec 3 spectrometer (ASD Inc., Longmont, CO, USA) with the ASD
PlantProbe (ASD Inc., Longmont, CO, USA), and chlorophyll a fluorescence using a Hansatech FS-1
fluorometer (Hansatech, Norfolk U.K.); and the growth parameters including lengths and fresh and
dry weights of the seedlings. On the basis of the dry weight, we determined the water content in
plants and the lead content in the leaves by AAS.

Several randomly chosen pea seedlings, including control and plants grown in the presence of
lead in different types of hydroponic medium, were used for measurements. The measurements
were recorded using the contact probe (ASD PlantProbe) on fragments of the tested pea plant for
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each growth environment. The spectral characteristics of the plants were registered in the range from
350 to 2500 nm. The study consisted of calibrating the spectrometer (25 independent measurements
per calibration) using a white pattern of spectralon (SG 33,151 Zenith Lite Reflectance Target and
calibration screen P/N A122634 Leaf clip) and appropriate measurements of vegetation (the reported
value of one record is the average of 25 measurements). Table 1 lists the measurements recorded for
every group of plants.

Table 1. ASD FieldSpec spectrometric measurements for control and lead-treated plants.

Control
Knop + 5 mM

Pb(NO3)2

Knop (-P) + 5 mM
Pb(NO3)2

H2O + 5 mM
Pb(NO3)2

Number of
spectrometric
measurements

60 40 40 40

The data obtained from spectrometric measurements were saved in *.asd format and then exported
to the ASD FieldSpec View in *.txt ASCII format and imported into an Excel spreadsheet and the
Statistica 13 software (TIBCO Software Inc., Palo Alto, CA, USA) for statistical analyses. The reflectance
values were averaged and the standard deviations were computed. For particular research elements,
spectral reflectance curves were drawn. The program also calculated the selected remote sensing
vegetation indices:

(1) The content and structure of chlorophyll: modified normalized difference vegetation index
705 (mNDVI705) [49], red edge position index (REPI) [50], ratio analysis of reflectance
spectra—chlorophyll a (RARSa) [51], RARS—chlorophyll b (RARSb) [51], and RARS—carotenoids
(RARSc) [51];

(2) The amount of light used in photosynthesis: structural independent pigment index (SIPI) [52];
(3) Nitrogen content: normalized difference nitrogen index (NDNI) [53];
(4) Amount of carbon: normalized difference lignin index (NDLI) [53] and plant senescence reflectance

index (PSRI) [54];
(5) Amount of carotenoids: carotenoid reflectance index (CRI 1) [55], anthocyanin reflectance index

(ARI 1) [56], red/green ratio (RGR), and anthocyanins/chlorophyll [57]; and
(6) Water content of the plant cover: normalized difference water index (NDWI) [58], water index

(WI) [59], normalized water index-2 (NWI-2) [60], and disease water stress index (DSWI) [61].

Then, to determine the overall physiological activity, changes in the functioning photosynthetic
parameters of the plants [62] and their condition [17], the chlorophyll fluorescence measurements were
used. This measurement allows for the determination of the physiological state of photosynthetic
apparatus on the basis of the energy used in photochemical reactions [62]. The leaf was exposed to
a short pulse of high light (4500 μmol photons·m−2s−1): QA is the maximally reduced fluorescence
level and the Fm is the maximal fluorescence level observed. On the basis of these two parameters, we
calculated the maximum quantum efficiency of PSII (Fv/Fm) in plants adapted to darkness and after
actinic light was used. Measurement cycles were performed using light intensities of 60, 120, 180, 240,
420, 600, 820 and 1020 μmol photons·(m−2s−1). We measured the fluorescence maximum (Fm’) for the
plant adapted to relevant light conditions and components that decreased in fluorescence (NPQ).

The growth rate of seedlings (the length of roots and the stalk), fresh and dry weights of leaves,
and the roots of four randomly selected plants from each of the investigated variants were measured
(Figure 2). The dry weight was determined after drying plant material at 85 ◦C for 24 h until a constant
weight was obtained.
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Figure 2. A plant treated with 5 mM Pb(NO3)2 on the left side and control pea plant on the right side
(photo: I. Kaźmierczak).

The pigment contents in the leaves were measured in acetone. The leaves (approx. 0.1–0.2 g) were
cut into small pieces and then mixed with a pestle in a mortar cooled to about 0 ◦C with the addition the
purified sand and CaCO3 in 2 mL cold pure acetone. The extracts were filtered and washed with 80%
acetone in a schott funnel (Schott AG, Mainz, Germany) and refilled with 80% acetone to a constant
volume. Measurements were recorded with a UV-VIS 160A Shimadzu spectrophotometer (Shimadzu,
Kyoto, Japan) at wavelengths of 663.2, 646.8, and 470 nm relative to 80% acetone as described by
Arnon [49]. Pigment content was analyzed based on the fresh weight (FW) of the leaves (mg Chl/FW).
The concentrations of the pigments (in μg/mL) was calculated with Equations (2)–(4) [38]:

Chlorophyll a = 12.25 × A663.2 − 2.79 × A646.8 (2)

Chlorophyll b = 21.5 × A646.8 − 5.1 × A663.2 (3)

Carotenoids = (1000 × A470 − 1.82 × Chl a − 85.02 × Chl b)/198 (4)

The statistical analyses were conducted basing on the Statistica 13 software and used included
univariate ANOVA and Kruskal–Wallis one-way ANOVA by ranks. Univariate ANOVA for
independent groups (called one-way ANOVA), proposed by Fisher [63], was used to verify the
hypothesis of equality of means to test variables in several (k > 2) populations. The Kruskal–Wallis
ANOVA is used for nonparametric data to study the effect of factors (independent variables) on
the dependent variable [64]. To assess significant differences in the studied indices, we used the
Mann–Whitney U test. This test is used to verify hypotheses about the insignificance of the differences
between the variable medians studied in two populations; in this case, this was used to verify the
differences between the controls and those treated with lead. The assessment of the significance
of variance was performed at a significance level of 0.001. This analysis allowed the separation of
statistically significant intervals of the spectrum and remote sensing vegetation indicators for the plants
treated with lead. In the analysis, we considered all the samples and a statement of the trial with
the trial of control. The characteristic spectral ranges are marked on the graphs of spectral reflection
of plants.

3. Results

Lead toxicity on photosynthesis has often been examined with various species but rarely or not at
all with ecotypes or populations all [65]. The generally accepted view is that heavy metals cause a
reduction in photosynthesis in leaves primarily through induction of stomatal closure rather than a
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direct effect on light or dark reactions [20]. The lead treatment of pea plants resulted in statistically
significant changes in the condition of the peas. The ANOVA performed for all the samples indicated
that the presented ranges of the electromagnetic spectrum (Figures 3 and 4) were statistically significant
at the significance level of 0.001 (the most sensitive to the effects of heavy metals in the case of lead).
In the figures, the marked grey ranges are the sensitive range for pigments and water content (the
statistically significant changes depending on the medium in which the plants were grown: control;
Knop + Pb; Knop (-P) + Pb; distilled water + Pb; at the p < 0.001). In the case of plants treated
with the lead, the red-edge is noticeably, indicating damage to the cell structures of plants (Figure 3).
In the plants growing in distilled water with lead, we perceived that the changes were noticed for
480–515 nm and 540–720 nm (responsible for absorption of light by chlorophyll. For Knop + Pb and
control plants the following spectral ranges were significantly important: 710–735, 830–950, 995–1145,
1385–1570, 1760–1902, and 1980–2500 nm (responsible for water absorption). In contrast to ranges
obtained for plants from Knop (-P) + Pb and control plants, also 850–1400, 1570–1760 and 1800–1830
nm indicated water absorption features (Figure 4). The differences occurred in the ranges: 714–723,
858–951, 995–1145, 1386–1389, 1570–1579, and 1801–1829 nm (marked with a black dashed line in
Figure 4).

 

Figure 3. The statistically significant spectral ranges (p < 0.001) for the different treatments of pea plants
at different wavelengths.

 

Figure 4. The statistically significant spectral ranges (p < 0.001) for pairs of the different treatments of
the measurements.

The calculated remote sensing indicators of Pb-treated plants showed significant differences in
comparison with the reference plants. Statistical analysis was performed using the Mann–Whitney
U test at the 0.001 level, which confirmed the significance of the observed changes (marked in red
in Table 2). We observed a statistically significant (p < 0.001) decrease in the value of most of the
indicators compared with the control. These changes were clearly visible in the indicators describing
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the contents of chlorophyll in the plants (mNDVI705, REPI1, RARSa, and RARSb), the amount of light
used in photosynthesis (SIPI), nitrogen (NDNI), the amount of carbon (NDLI) and carotenoids (CRI1,
ARI1), and the water content in vegetation cover (WBI, NDWI, MSI, and NDII). Overall analysis of
all samples at a level of significance of 0.001 indicated that the most sensitive indicator to changes
caused in the plant due to lead is the water content as indicated by NDWI, WI, NWI-2, and DSWI.
The values of these indicators decreased by 5–34%, 1–5%, 23–43%, and 5–27%, respectively, thereby
indicating the water stress of the plants. In the H2O + Pb-treated plants, we also observed a significant
decrease in the value of chlorophyll b (RARSb) by about 35% in comparison to the control, a statistically
significant difference in the indicators describing the dry parts of plants, and an increase of about 57%
in the amount of anthocyanins (ARI1) in relation to the control. In the plants from the Knop (-P) + Pb
treatments, we also observed significant decreases in the value of water (generally about 1–34% in
relation to the control), a statistically significant difference in the indicators describing the dry parts of
plants and chlorophyll content (mNDVI705, a difference about 19% in relation to the control).

Table 2. Mean values of the remote sensing indices with the standard deviation of the different
measurements indices comparing Knop + Pb, Knop (-P) + Pb, and H2O + Pb treatments with the
control. * indicates a statistical significant difference α = 0.001; ±SD).

Plant Characteristic Index H2O + Pb Knop (-P) + Pb Knop + Pb Control

Chlorophyll content mNDVI 705 0.41 ± 0.11 * 0.46 ± 0.07 * 0.57 ± 0.04 0.57 ± 0.09
REPI1 715.15 ± 1.48 * 715.91 ± 1.79 * 719.94 ± 1.9 719.23 ± 1.94
RARSc 5.52 ± 0.9 8.79 ± 0.46 8.38 ± 0.89 7.83 ± 0.45
RARSa 5.98 ± 0.91 * 9.49 ± 0.78 9.99 ± 0.39 9.18 ± 0.42
RARSb 5.31 ± 0.4 * 7.91 ± 0.45 8.62 ± 0.1 8.21 ± 0.54

Amount of light used in
photosynthesis SIPI 1.06 ± 0.07 * 1.025 ± 0.02 * 0.99 ± 0.005 0.99 ± 0.01

Amount of nitrogen NDNI 0.14 ± 0.05 * 0.22 ± 0.02 0.22 ± 0.02 0.21 ± 0.04

Amount of carbon
NDLI 0.05 ± 0.01 0.06 ± 0.01 * 0.06 ± 0.01 * 0.05 ± 0.01

PSRI 0.001 ± 0.03 0.0004 ± 0.01 * −0.0145 ± 0.01 −0.0133 ±
0.01

Amount of carotenoids and
other pigments

CRI 1 2.94 ± 0.07 * 6.065 ± 0.05 * 5.46 ± 0.26 5.54 ± 0.27
ARI 1 1.02 ± 0.06 * 0.44 ± 0.06 * −0.66 ± 0.04 -0.78 ± 0.02
RGR 1.32 ± 0.05 * 1.05 ± 0.08 0.98 ± 0.04 1.07 ± 0.07

Water content in the plant

NDWI −0.003 ± 0.02 * 0.04 ± 0.03 * 0.066 ± 0.01 * 0.06 ± 0.01
WI 0.99 ± 0.02 * 1.03 ± 0.02 1.05 ± 0.01 * 1.04 ± 0.01

NWI-2 0.015 ± 0.01 * −0.006 ± 0.02 * −0.027 ± 0.003 * −0.02 ± 0.004
DSWI 1.27 ± 0.22 * 1.66 ± 0.22 1.91 ± 0.1 * 1.74 ± 0.1

The results represent the fluorescence parameter values obtained for the different variants of
pea leaves, using light intensities of 60,120, 180, 240, 420, 600, 820, and 1020 μmol photons·m−2s−1

(Figure 5). When leaves of high- or low-light-grown plants are exposed to other environmental stresses,
a pronounced and sustained increase in energy dissipation may be induced, which could largely
account for the change in photochemical efficiency. It is not clear whether the growth light conditions
can modify the response of plants to heavy metals. We measured the quantum efficiency of PSII
(Fv’/Fm’) and non-photochemical quenching of fluorescence (NPQ) in the light. The results show that
the the maximum quantum efficiency of PSII (Fv’/Fm’) was significantly reduced in the presence of
lead (Figure 5). At the higher light intensities above 400 μmol photons·m−2s−1, we observed slightly
decreased photosynthetic efficiency (by about 4% to 8%), which was also confirmed by a significant
difference in SIPI values, indicating the amount of light used in the photosynthesis process for peas
growing in H2O + Pb and Knop (-P) + Pb medium was statistically significantly different compared
with the control. Maximal photosynthetic efficiency (Fv’/Fm’ of ~0.78) was observed for control
plants. We observed that in the Pb-treated plants in the range of light intensity from 60 to 600 μmol
photons·m−2s−1, heat emission (NPQ) significantly reduced, but increased significantly at higher light
intensities. This may indicate participation of carotenoids in the NPQ process. This was confirmed by
a significant difference in the values for remote sensing CRI1 and ARI1 indices, which indicate the
amount of carotenoids and anthocyanins, respectively. For peas grown in H2O + Pb and Knop (-P)
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+ Pb medium, these indices showed a statistically significant change compared with the control. In
control plants, NPQ was higher than in Pb-treated plants; thus, heat emission protects photosynthesis
components and systems when light absorption is maximal.

Figure 5. Relationship between photosynthetic photon flux density (PPFD) and the maximum quantum
efficiency of PSII (Fv’/Fm’; (a)) in the light adapted state and non-photochemical fluorescence quenching
(NPQ; (b)) for the different variants of the measurement pea leaves. Data are means ± SE (n ≥ 5).

The maximum quantum efficiency of PSII in the light (Fv’/Fm’; Figure 5) for all Pb-treated plants
was low and decreased significantly as PPFD increased from 420 to 1020 μmol·photon m−2s−1, When
the Pb ions were added to the distilled water, we observed a strong decrease in the F’/Fm’ values, even
in lowest PPDF, or no change at all. This result suggests that PSII operating efficiency is inhibited,
which demonstrates that the ability to oxidize QA decreases and irreversible damage of PSII occurs.
Generally, decreases in quantum efficiency of PSII is indicated by increases in NPQ. NPQ was measured
after illuminating the leaf at increasing light intensities to investigate the light responses of this
parameter. NPQ increased for control plants from the lowest PPDF, which demonstrates that both the
energy processing and the dissipating capacities increased, in turn indicating the better performance
of photosynthetic apparatus. In Pb-treated plants, the NPQ was suppressed by Pb ions, even at low
PPDF; thus, the photoprotective mechanisms was not present in these plants. The changes caused by
lead, as well as impeding the proper course of photosynthesis, were visible in the leaves, Deposits of
lead were visible in the wall of the vascular bundles (Figure 6). The data also indicate that the water
thermal dissipation of excessive excitation energy was at the lowest level in Pb-plants.
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Figure 6. Leaves of pea plants grown in Knop medium with addition of 5mM Pb(NO3)2. Deposits of
lead are visible in the wall of vascular bundles (photo: I. Kaźmierczak).

The plants under stress conditions related to the presence of lead ions in the medium were
characterized by a much lower height, a longer but less branched root system, a smaller number of
trichomes, and clearly visible deposits of lead in the vascular tissues of the leaves (Figure 6). Also,
the fresh and dry masses of Pb-treated plants were lower than those of the control (Table 3). The lead
contents (median value) in various parts of the tested plants (30 plants from each environment) are
presented in Table 3.

Table 3. The content of lead in the roots, stalks, and leaves of peas for different treatments (μg·g−1

dry weight).

Treatment Root Stalk Leaf

Control 6 133 ± 10 0
Knop + 5 mM Pb(NO3)2 15,260 ± 330 6430 ± 142 68 ± 8
H2O + 5 mM Pb(NO3)2 13,260 ± 245

Knop -P (without phosphate) + 5 mM Pb(NO3)2 1730 ± 75

The content of lead in control plants was very low, which might indicate the minor contamination
of reagents used (Table 3). The highest amounts of lead content (an average of 15.3 mg Pb g−1 dry
weight) was found in the roots of plants growing in complete Knop medium supplemented with
5 mM Pb(NO3)2, whereas the lowest content was found in the leaves of these plants, resulting from
the reduced transport of the lead ions to the leaves. The addition of Pb to the water increased this
metal concentration in the leaves approximately 200 times competed to that in Knop + Pb plants.
This may be related to a lack of nutrients (salts present in Knop medium) in distilled water, which
resulted in increased transport of lead ions from the medium. The Pb concentration in the leaves
from plants grown in the Knop medium without phosphate and with 5 mM Pb(NO3)2 was increased
approximately 25 times compared to that in the leaves of plants grown with the water with Pb ions.
The results indicate that the lead content in the leaves can be decreased by phosphorus in the growth
medium. Plants grown on Knop (-P) + Pb accumulated more lead in the leaves than the plants grown
in complete medium with Pb, which creates less insoluble salts, which facilitate the transport of metal
ions to the leaves. The obtained results indicate the importance of the selected growth media on
degree of accumulation of heavy metals in the plant leaves. The leaves and roots of vegetables have
a particular predisposition for accumulating toxic metals such as lead and therefore can be used for
biomonitoring of the environment, mainly as a tool for assessing the extent of soil contamination. The
presence of phosphorus in Knop media reduces the uptake of Pb ions by pea leaves. This indicates that
P ions help reduce Pb toxicity by limiting its availability for plants. This result is also confirmed by the
differences in the values of the remote sensing indicators.
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The lead had negative effects on plant vegetative growth. Root and stalk growth was sensitive to
lead and was inhibited approximately 30–40% for all investigated plants compared to control plants
(Table 4). Our results show that although the accumulation of lead was not uniform among organs,
sensitivity to heavy metal of growth processes was similar. Lead may induce unknown signal(s) that
are transmitted from root to shoot. Table 5 presents the effect of lead on the fresh weight of stalks,
leaves, and roots of the investigated plants. The fresh weight of the organs markedly decreased in
all plants treated with lead compared to the control. The largest decrease (approximately 70%) was
observed for all organs in pea seedlings grown in distilled H2O + Pb. For plants grown in Knop + Pb,
the decrease was highest in the roots (about 50%) according to highest accumulation of lead. Thus,
changes in the growth and biomass accumulation depends on the photochemical activity and thus on
the rate of photosynthesis.

Table 4. The effect of lead on the length (cm) of stalks and roots. The length of control plants was set
to 100%.

Treatment Stalk Root

Control 14.58 ± 1.76 100% 18.35 ± 1.18 100%
Knop + 5 mM Pb(NO3)2 10.08 ± 1.15 70% 13.05 ± 1.65 71%

Knop -P (without phosphate) + 5 mM Pb(NO3)2 8.98 ± 0.94 61% 12.45 ± 1.42 68%
H2O + 5 mM Pb(NO3)2 9.08 ± 1.94 62% 11.53 ± 1.50 63%

Table 5. The effect of lead on a fresh mass (g) of selected plant organs (calculated for one plant). The
mass of control plants was set to 100%.

Treatment Stalk Root Leaf

Control 0.54 ± 0.17 100% 1.19 ± 0.43 100% 1.27 ± 0.31 100%
Knop + 5 mM Pb(NO3)2 0.36 ± 0.05 67% 0.63 ± 0.10 53% 0.82 ± 0.10 64%

Knop -P (without phosphate) +
5 mM Pb(NO3)2

0.24 ± 0.05 44% 0.50 ± 0.07 42% 0.69 ± 0.09 54%

H2O + 5 mM Pb(NO3)2 0.14 ± 0.03 26% 0.31 ± 0.16 26% 0.29 ± 0.08 23%

We also observed that the reduction in plant fresh mass and inhibition of growth elongation by Pb
ions was accompanied by water loss of plants organs (data not presented). The greatest depletion of
water content was noted in the leaves of plants grown in water with Pb ions (approximately 40%),
whereas the smallest occurred in the leaves of plants grown in Knop + Pb compared to the control
plants. This was also confirmed by the highest difference in the indicators from the group describing
water content in vegetation cover (WBI, NDWI, MSI, and NDII); these differences ranged from 1%
to 42%.

Leaves of pea seedlings grown in Knop (with and without P) with Pb ions exhibited reduction
in chlorophyll a content compared with control seedlings (Figure 7). Growth in water and Pb(NO3)2

treatment increased the chlorophyll content significantly (about 70%, Figure 7). The plants treated with
Pb ions showed lower chlorophyll a/b ratios than control plants (2.7) and was lowest (1.3) in plants
grown in water with Pb. The plants grown in hydroponic cultures with Knop medium, in both variants
(with and without phosphorus), contained less carotenoids relative to the control plants (Figure 7).
Carotenoids (Car) were less affected by lead compared to chlorophyll (Chl); however, the Chl/Car
ratio increased significantly after Pb treatment: 5.9 for control plants but approximately 10 for plants
grown in water with Pb. Remote sensing indicators describing the content of chlorophyll (such as
RARSa and RARSb; Table 6) also confirmed a decrease of about 35% (in the case of both indicators)
between the growth environment, H2O + Pb, and control (Table 6). However, the amount of dyes,
such as anthocyanins or carotenoids reflected by remote sensing vegetation indicators ARI1 and CRI1,
also confirmed the fluorescence results. For the H2O + Pb growth environment, the difference in CRI1
was 47% and 575 for ARI1 compared with the control.
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Figure 7. The photosynthetic pigments (chlorophyll a and b and carotenoids) contents in the pea leaves,
expressed as micrograms per gram fresh weight.

Table 6. The ratio of Chla/b and chlorophyll to carotenoids (Chl/Car) in the pea leaves contaminated
with lead ion, Pb(NO3)2, calculated as in Arnon [49] and indicators of remote sensing (RARS, RARSb,
and RARSc).

Treatment Chl a/b Chl/Car RARSa/RARSb (RARSa + RARSb)/RARSc

Control 2.7 5.9 1.12 2.22
Knop + 5 mM Pb(NO3)2 1.8 7.4 1.16 2.22

Knop -P (without phosphate)
+ 5 mM Pb(NO3)2

1.6 6.7 1.20 1.98

H2O + 5 mM Pb(NO3)2 1.3 10.0 1.13 2.05

In summary, the plants grown in distilled water with Pb ions were most sensitive to the toxic
effects of lead. This result was also confirmed by the differences in the remote sensing indicator values,
where the effects in peas could be ranked depending on the medium in which they were grown as
follows from the worst to the best condition: H2O + Pb, Knop (-P) + Pb, Knop + Pb, control. Although
under these conditions lead is accumulated to a large degree in the leaves with only a small amount in
the roots, both the elongation growth and mass the organs were inhibited. The maximum quantum
efficiency of PSII in the light and the Chl a/b ratio were very low for these plants, indicating the
inhibition of photosynthesis. The Fv/Fm ratio is used for monitoring in vivo effects of stress because it is
linearly correlated with the quantum yield of light limited O2 evolution and the number of PSII centers.
In contrast, the plants grown on complete Knop + Pb ions showed the least response to the presence of
the toxic metal due to the accumulation of Pb in the roots and the formation of insoluble phosphate
salts. The indicators that showed statistically significant differences and thereby damage to plant cells
caused by the action of lead were indicators determining the chlorophyll content: mNDVI705, RARSa,
and RARSb; the amount of light used in photosynthesis: SIPI; the amount of carotenoids and other
pigments: CRI1 and ARI1; and water content: NDWI, WI, NWI-2, and DSWI. These results indicate
that the type of growth medium has a considerable influence on the absorption and accumulation of
toxic metals in different parts of the plant, thereby affecting their function and modifying growth.

4. Discussion

Coupling fluorescence measurements with other non-invasive techniques, such as absorption
spectroscopy in model laboratory conditions, we obtained more comprehensive results showing
changes in the rate of growth, water content, photosynthetic activity, and others induced by lead under
given conditions that change the transport of Pb ions to the leaves. Hence, irradiance during growth is
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responsible for changes in the antioxidant enzymes activities by affecting the rate of photosynthesis and
related processes. The presented results confirm that the effect of Pb ions on photosynthetic parameters
in pea seedlings can be detected using hyperspectral and fluorescence techniques. Despite the visual
differences and accumulation of lead in the leaves, we confirm that the chlorosis of leaves may be a
consequence of the inhibition of chlorophyll synthesis, as well as the increase in its degradation [66,67].
We previously observed [14] that Pb ions stimulated the respiration rate in pea leaves in plants grown in
high light conditions, which was accompanied by an increase in ATP production in mitochondria. We
also found that the inhibition of photosynthesis by Pb ions was higher in low- than in high-light-grown
plants as a consequence of decreasing electron transport in the photosynthesis light reaction [68]. Lead
is absorbed by plants mainly through the root system and in minor amounts through the leaves. At
lethal concentrations, this barrier is broken and lead may enter vascular tissues. Lead in plants may
form deposits of various sizes, present mainly in intercellular spaces, cell walls, and vacuoles. The
negative effects of lead on plant vegetative growth mainly result from the following factors: distortion of
chloroplast ultrastructure, obstructed electron transport, inhibition of Calvin cycle enzymes, impaired
uptake of essential elements such as Mg and Fe, and induced deficiency of CO2 resulting from stomatal
closure [69,70].

Important for research on the impact of lead and heavy metals on peas is the environment in
which the plant grows, both in terms of the soil and the nutrient medium. In our study, pea seedlings
had the lowest values in comparison to the control when grown in H2O + Pb medium. In the literature,
we found an example where detached leaves of 14-day-old dark-grown pea seedlings were immersed
with their cut ends either in water (control) or in 20 mM Pb(NO3)2 solution [71]. They were exposed
to continuous illumination for 24 and 48 h. Values of Fv, Fm, and Fv/Fm were reduced by Pb2+.
Here, with H2O + Pb treatment, the Fv’/Fm’ value decreased about two-fold. The decrease in the
chlorophyll a fluorescence parameters occurred in parallel with the strong inhibition of the biosynthesis
of chlorophyll a and b but less of the carotenoids by this metal [71]. We also confirmed that the
difference in the chlorophyll value between the H2O + Pb and control treatments was significant (Chl a
was 700 μg/g FW; Chl b was 1000 μg/g FW), whereas the difference in the carotenoids value was similar
or less by only 20 μg/g FW. Pb2+ drastically reduced photosynthesis but had a stimulatory action on
evolution in darkness (DR) after 24 h and only somewhat inhibited DR after 48 h exposure of leaves to
this metal [71].

Fluorescence indicators confirmed the negative effect of lead ions on pea seedlings through a
decline in the value of Fv/Fm [72]. Fluctuations were observed in PSII electron transport during
photosynthesis induction. When the light intensity increased, the maximum quantum efficiency of
PSII (Fv/Fm) decreased, as was also observed by Baker et al. [19]. The decrease in the Fv/Fm value
was also noted for oats plants (Avena sativa) growing on contaminated places with excess Cu and Pb
ions where the half-rise time (t1/2) of Chl a fluorescence decreased, suggesting that the amount of
active pigments decreased and the functional Chl antennae size of the photosynthetic apparatus was
smaller compared with control plants [73]. In pea plants, after adding lead to the water, we observed
that the greatest amount of lead was transported to the leaves, which was also noted for spinach
plants treated with lead acetate for 15 days; 45% of Pb ions were accumulated in roots and 55% in the
leaves [74]. More than 90% of heavy metals are generally adsorbed into cell walls. The oldest leaves
accumulated the highest concentrations of heavy metals. Heavy metals have different mobility in plant
tissues and translocation is probably regulated by the carrier proteins of the vascular tissues [75,76].
Decreases in the protein content in pea roots was observed after the addition of cadmium ions [67,77].
Roots accumulate larger amounts of metals than shoots [78]. Permanent stomatal closure, structural
damage of chloroplasts, increased synthesis of ethylene (induce senescence), and imbalance in water
relationships might be acting synergistically on heavy metal exposed plants, resulting in impairment
of photosynthetic functions [79].

Carotenoids were less affected by lead compared to chlorophyll; however, the Chl/Car ratio
increased significantly after Pb treatment: 5.9 for control plants 5.9 but and about 10 for plants grown in
water with Pb. An increase in the Chl/Car ratio is characteristic for stress conditions because carotenoids
are involved in photoprotective mechanisms. This is particularly important when photochemical
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quenching activity is exceeded, leading to photoinhibition [80]. Carotenoids protect chloroplasts (1) by
modulating NPQ, (2) by mediating direct quenching of chlorophyll triples, and (3) by scavenging the
ROS generated during photosynthesis. Our results indicate that the main function of carotenoids is
scavenging the ROS because the NPQ values were low in Pb-treated plants. The reduced chlorophyll
content due to heavy metals toxicity in different plant species has been well documented [81]. The
observed increases in chlorophyll content in the leaves of plants grown in water + Pb may be related to
the lead transported to the young plants inhibiting the activity of chlorophyllase, so the content of
chlorophyll may be even higher in plants treated with lead [10].

The obtained results can be compared with previously reported data of tests of plants under
stress conditions. Zagajewski [82], using multispectral spectrometer SPZ5 (24 spectral bands in the
visible and near-infrared range from 400 to 1025 nm; Research Space Centre, PAS, Warsaw, Poland),
noted the presence of lead in the contaminated grasses with 128 ppm Pb2+. He observed not only a
decrease in the light absorption used in the process of photosynthesis (VIS), but also changes in cellular
structures. Heavy metals reduced the chlorophyll content, which is closely related to the inhibition of
photosynthesis and, as a consequence, causes a decrease in biomass production [51]. Here, this was
confirmed by the reduced LAI index value, and the roots and the leaf index determined by the ratio of
fresh to dry mass of the leaves [51]. A hyperspectral method was used to assess concentrations of heavy
metals in common cane growing along the Le An River in China [83], where the spatial distribution
of metal concentration was examined. The stress status of plants was determined by using three
indicators: NDVI, red edge position (REP), and continuum removal normalized band depth (CRNBD).

The correlation of remote sensing indices with chlorophyll content has enabled the creation of
chlorophyll content models. On the basis of the proposed model, significant differences were observed
in the level of heavy metals between the top and bottom of the plant stand corresponding to the
chlorophyll gradients within. The concentrations of copper, zinc, and lead were highest in the lower
parts of plants, but the coefficient of variation revealed differences in the values between heavy metals
used. For Cu ions, the highest value attained was 0.61, 0.53 for Pb, and Zn was lowest at 0.22. The
results also showed that the HMs content correlates negatively with chlorophyll level, whereas the
vegetation indices showed a positive correlation [83]. Remote sensing of vegetation indices in the
research areas contaminated with heavy metals were used, among others, by Elbe in Germany [84].
The aim of this study was to assess the pollution of the river floodplain ecosystems using ground
spectrometric measurements (ASD FieldSpec Pro FR) and laboratory measurements. Remote sensing
vegetation indices were able to assess the vitality of the plants, including biomass, chlorophyll, water,
cellulose, and lignin contents. The water status of plants was excluded as a stressor because the
coefficient of variation was small for WBI and MSI. The indicators NPCI, PRI, NDVI, and SIPI showed
higher variability over time. In the case of the nitrogen content (NDNI) and lignin (NDLI), small
changes were identified. Especially indicators NPCI, PRI, REP, and CR1730 were proven to be sensitive
to the stress caused by heavy metals.

The acquired results are also confirmed by the differences in the values of the remote sensing
indicators, where the effect on peas can be ranked from the worst to best condition depending on
the medium in which they were grown as follows: H2O + Pb, Knop + Pb, Knop (-P) + Pb, and
control. Different environments significantly affect the impact of stress on plant growth caused by lead
on its vital functions. The single-metal sorption uptake capacity of the biomass for Pb was slightly
inhibited by the presence of the other heavy metals in the system. The presence of Cu and Cd cations
in separate systems reduced the biomass uptake capacity of Pb by only 6% [85]. Two plant species,
spinach (Spinacia oleracea) and wheat (Triticum aestivum), were grown under hydroponic conditions
and stressed with lead nitrate, Pb(NO3)2, at three concentrations (1.5, 3, and 15 mM) [86]. Lead was
accumulated in a dose-dependent manner in both plant species, which resulted in reduced growth
and lower uptake of all mineral ions tested. Total amounts and concentrations of most mineral ions
(Na, K, Ca, P, Mg, Fe, Cu, and Zn) decreased, although Mn concentrations increased, as its uptake
decreased less relative to the whole plant’s growth. The deficiency in mineral nutrients was correlated
with a strong decrease in the chlorophyll a and b and proline contents in both species, but these effects
were less pronounced in spinach than in wheat. In contrast, the effects of lead on soluble proteins
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differed between species; they reduced in wheat at all lead concentrations, whereas they increased in
spinach, where their value peaked at 3 mM Pb. In wheat seedlings, concentrations of chlorophylls a
and b were already significantly lowered at 1.5 mM Pb, and this effect was even more pronounced
at 3 and 15 mM Pb. Lead stress resulted in a heavy reduction in chlorophyll due to both chloroplast
disorganization, the reduction in the amount of thylakoids and grana, direct inhibition of chlorophyll
synthesis, as well as changes of chlorophyll structure due to replacement of key nutrients (Mg, Fe, and
Cu) by lead [87,88]. Lead exposure resulted in dose-dependent damage to both plant species. In wheat
plants exposed to 15 mM Pb, growth inhibition was clear, whereas spinach fresh and dry weights
decreased by only 28% and 29%, respectively, at 15 mM Pb, when compared with controls.

The spectral reflectance curves obtained for pea plants in the near and mid-infrared indicate a
high sensitivity to Pb. Plants treated with lead ions are the most sensitive to light in the red edge range,
which also has been confirmed for other metals as Ni, Cd, and Cu [31,40]. An experimental design was
established with three Pb concentrations (0, 2.5 × 207.2, 5.0 × 207.2 mg Pb per 1000 g soil) for 30, 50, 65,
80, and 90 days. The differences in the shape of the spectral reflection curve were visible mainly in the
red edge range, which was found here (e.g., 714–723 nm). The highest impact of lead (the difference
between the spectral characteristics of the concentrations tested) was observed on day 50 and 80 by
a flattening of the edges of red [34]. The derivative reflectance calculated from canopy-level CASI
airborne imagery showed a peak at the 700–730 nm region, which was experimentally shown to be
related to stress conditions and potentially caused by fluorescence emission and chlorophyll content
changes in vegetation under stress [89,90]. Here, the ranges in the electromagnetic spectrum were
statistically significant for condition, stress influence was the range: 714–723 nm (plant stress), 858–951
nm (biomass, plant density), 995–1145 (biophysical quantity and yield), and 1386–1389, 1570–1579,
and 1801–1829 nm (lignin, cellulose, plant litter and water). Similar results were also observed by
Zagajewski [82] for grasses 6 and 11 weeks after application of lead. Spectral reflectance curves can
also indicate disturbances in the cell structures. The largest differences in reflectance, especially in
near-infrared, were shown for the grasses 11 weeks after application of lead.

Lead causes large changes in plant vitality, inducing cellular structures by creating deposits in the
cell walls. This may cause developmental disorders, as well as impact the water status of plants and
then photosynthesis. In analyzing the spectrum bands for pea and common cane plants growing in the
presence of lead, lead induced changes in the spectrum differently for both plants. In the case of the
pea plants, the range of the electromagnetic spectrum, describing the structure of the cells and the
water content in the plants, indicated the high sensitivity of the pea plants to lead ions. Whereas for
cane plants grown on the reservoir flotation [91], changes occurred in the edge of the red (400–800 nm),
the near infrared (from 1100 to 1400 nm), and in the mid-infrared.

Numerous studies that have tested the physiological responses to excess levels of heavy metal ions
indicate that plants have evolved various mechanisms to cope with heavy-metal-induced stress. Lead is
highly reactive and inactivates various enzymes; hence, it impairs plant growth and development [71].
Thus, using noninvasive techniques, such as fluorescence, absorption spectroscopy, or gas exchange,
is important for monitoring plant photosynthesis under given conditions even for a long time. The
transferability of laboratory-based results to field situations is a subject of discussion. Laboratory results
might not mirror in situ behavior due to differences in growing environments, sampling protocols, and
operating conditions, but they can provide information about the correlation between investigated
processes under controlled conditions. Thus, further comparative work is warranted, which will
allow for further development, such as the novel ground-based spectrometer system, PhotoSpec, for
measuring SIF in the red (670–732 nm) and far-red (729–784 nm) wavelength range as well as canopy
reflectance (400–900 nm) to calculate vegetation indices, such as the normalized difference vegetation
index (NDVI), the enhanced vegetation index (EVI), and the photochemical reflectance index (PRI) [92].

5. Conclusions

The obtained results confirm a significant decrease in the vitality of the pea plants treated with
lead. Using fluorescence techniques to assess the degree of inhibition of plant metabolism by lead
ions provides useful information about the actual physiological state of vegetation in the presence of
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this heavy metal. These changes are visible in both the spectral reflection curve shape and the remote
sensing vegetation indices. Combined with remote sensing measurements and the quantitative survey
of selected parameters (e.g., photosynthetic pigments), they are one of the most accurate techniques for
describing photosynthesis and evaluating the function of the photosynthetic apparatus in the presence
of stress factors. Uptake of heavy metals, their distribution, and accumulation result in permanent
structural changes in the plants, which was confirmed by the results obtained from spectrometric
measurements. Their effect changes in terms of the content of plant components such as water and
photosynthetically active pigments, confirming an adverse effect on the photosynthetic apparatus of
the plant (fluorescence measurements). One of the main symptoms induced by lead on the plants is
accelerated aging, visible in the decrease in chlorophyll content and the lowering of the water content
in tissues (the drying of plants). Lead exposure in plants strongly limits the development and sprouting
of seedlings. Plant biomass can also be restricted by high doses of lead exposure.

The disruption of plant water status after lead treatment has been addressed in many studies.
Results of such exposures show a decrease in transpiration as well as reduction in the moisture content.
Lead reduces plant cell wall plasticity, and thereby influences the cell turgor pressure. The obtained
results confirm that hyperspectral techniques can be used to detect the effect of lead as a stress factor
on plant vegetation. The contribution of this research is the identification of noticeable changes in the
physical properties of pea plants treated with Pb ions and grown in the laboratory conditions, where
visible changes were observed in the cell structure and water content as well as changes leading to the
death of plants. This information provides the basis for the assumption that the hyperspectral data and
fluorescence measurements are useful for the analysis of vegetation contaminated with heavy metals
and monitoring of contaminated areas. The determination of the content of heavy metals accumulated
in vegetables and physiological effects on the plants can provide information on the source and extent
of the impact of pollution emissions.
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Abstract: Estimates of biophysical and biochemical variables such as leaf area index (LAI) and canopy
chlorophyll content (CCC) are a fundamental requirement for effectively monitoring and managing
forest environments. With its red-edge bands and high spatial resolution, the Multispectral Instrument
(MSI) on board the Sentinel-2 missions is particularly well-suited to LAI and CCC retrieval. Using
field data collected throughout the growing season at a deciduous broadleaf forest site in Southern
England, we evaluated the performance of two hybrid retrieval algorithms for estimating LAI and
CCC from MSI data: the Scattering by Arbitrarily Inclined Leaves (SAIL)-based L2B retrieval algorithm
made available to users in the Sentinel Application Platform (SNAP), and an alternative retrieval
algorithm optimised for forest environments, trained using the Invertible Forest Reflectance Model
(INFORM). Moderate performance was associated with the SNAP L2B retrieval algorithm for both
LAI (r2 = 0.54, RMSE = 1.55, NRMSE = 43%) and CCC (r2 = 0.52, RMSE = 0.79 g m−2, NRMSE = 45%),
while improvements were obtained using the INFORM-based retrieval algorithm, particularly in
the case of LAI (r2 = 0.79, RMSE = 0.47, NRMSE = 13%), but also in the case of CCC (r2 = 0.69,
RMSE = 0.52 g m−2, NRMSE = 29%). Forward modelling experiments confirmed INFORM was better
able to reproduce observed MSI spectra than SAIL. Based on our results, for forest-related applications
using MSI data, we recommend users seek retrieval algorithms optimised for forest environments.

Keywords: artificial neural networks; canopy chlorophyll content; INFORM; leaf area index; SAIL

1. Introduction

Estimates of biophysical and biochemical variables such as leaf area index (LAI) and canopy
chlorophyll content (CCC) provide vital information on the condition, structure and function of
vegetation canopies. They are a key input into climate and numerical weather prediction models,
and characterising their spatial and temporal dynamics is crucial in understanding biogeochemical
fluxes between the biosphere and atmosphere [1–3]. Of particular importance for modelling terrestrial
carbon exchange are forest environments, which cover approximately 30% of the terrestrial surface
and account for approximately 50% of its gross primary productivity [4,5]. In addition to carbon
sequestration, forests provide a range of ecosystem services, acting as a source of food, fibre, fuel and
timber [6]. If we are to effectively monitor and manage these resources, estimates of the biophysical
and biochemical variables that describe their status are a fundamental requirement.

Estimating LAI and CCC in the field is a time-consuming and labour-intensive process that is often
constrained by logistical challenges and financial resources. Advances in indirect, non-destructive
field-based techniques have provided increases in efficiency [7–9], but nevertheless, field observations
are insufficient to characterise spatial and temporal variability in LAI and CCC at regional to global
scales. Satellite remote sensing data are particularly advantageous in this respect, offering consistent,
repeat observations with global coverage. Over the last two decades, methods of retrieving vegetation
biophysical and biochemical variables from optical satellite remote sensing have been established,
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typically making use of radiative transfer models (RTMs) that simulate canopy reflectance as a function
of biophysical and biochemical properties [10–12].

Retrieval approaches that have proven popular for generating operational products include the
inversion of RTMs using look-up-tables (LUTs) [13,14], in addition to hybrid methods, which use RTM
outputs to train machine learning algorithms such as artificial neural networks (ANNs) [15–17]. When
compared to LUT inversion, hybrid methods are typically more computationally efficient [10,18–20].
This is because large LUTs are required to achieve high retrieval accuracies, slowing inversion, which
involves searching the LUT on a per-pixel basis [10,11,21]. In contrast, hybrid methods such as ANNs are
able to accurately represent complex non-linear relationships, and provide an input to output mapping
that can be applied almost instantly [21–23]. Thus, they can be quickly and automatically applied to
large data sets, while providing comparable retrieval accuracies [12,18,19]. The principle drawbacks of
ANNs are their ‘black box’ nature, the need to specify and tune the network architecture, and their
tendency to perform unpredictably when inputs strongly deviate from their training data [10,20].

With its red-edge bands and high spatial resolution (10 m to 60 m), the Multispectral Instrument
(MSI) on-board the Sentinel-2 missions is well-suited to vegetation biophysical and biochemical variable
retrieval [24]. In particular, its spectral sampling opens up opportunities for the retrieval of CCC,
to which the position of the red-edge is highly sensitive [25–29]. A considerable body of work related
to the retrieval of vegetation biophysical and biochemical variables using MSI data has been published
in recent years, although the majority of studies have been restricted to agricultural environments
containing crop canopies. Despite the importance of forest environments, few studies have focussed on
forest biophysical and biochemical variable retrieval from MSI data [28,30–32]. Of these, the majority
have relied on simulated MSI data that cannot fully represent the observational characteristics of the
instrument in orbit (i.e., they make use of resampled airborne, field spectroradiometer or RTM data,
with different viewing/illumination geometries and atmospheric characteristics).

Although estimates of LAI and CCC are not produced operationally by the Sentinel-2 ground
segment, a retrieval algorithm is provided in the freely available Sentinel Application Platform (SNAP),
enabling users to generate so-called ‘L2B’ products. Developed by Weiss and Baret [33], the algorithm
is based on the hybrid retrieval approach, making use of a series of ANNs. Each is pre-trained using
the coupled Scattering by Arbitrarily Inclined Leaves (SAIL) and Leaf Optical Properties Spectra
(PROSPECT) RTMs [34,35]. While the SNAP L2B retrieval algorithm is described as generic, providing
reasonable retrieval accuracies over all vegetation types [33], previous work has demonstrated poor
performance when RTMs such as SAIL, which describe the canopy as a turbid medium, are applied
over forest environments [23]. Because of its ease of use and integration within the image processing
software, it is expected that many users will adopt the SNAP L2B retrieval algorithm as a first port of
call. Although good performance has been demonstrated over crop canopies [36–39], evaluation of its
performance over forest canopies would enable users to more explicitly assess its fitness for purpose
for non-agricultural applications, particularly when compared to retrieval algorithms specifically
optimised for forest environments.

Using data collected throughout the first full year of the Sentinel-2 mission during a series of field
campaigns, we assess the performance of the SNAP L2B retrieval algorithm for estimating LAI and
CCC over a deciduous broadleaf forest site in Southern England. We also develop and evaluate an
alternative hybrid retrieval algorithm optimised for forest environments, trained using the Invertible
Forest Reflectance Model (INFORM) [40]. The objectives of the paper are to:

• Determine the retrieval accuracy that can be expected when the SNAP L2B retrieval algorithm
(which is based on SAIL and not optimised for forest environments) is used for LAI and CCC
retrieval over deciduous broadleaf forest.

• Evaluate the extent to which a retrieval algorithm trained using INFORM (and thus optimised for
forest environments) will improve LAI and CCC retrieval accuracy.
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2. Materials and Methods

2.1. Study Site

The study site (50.8498◦N, 1.5741◦W) covers a 1 km × 1 km area in the New Forest National
Park, Hampshire, United Kingdom, and is comprised of deciduous broadleaf forest (Figure 1). Lying
approximately 40 m above sea level, the site is a unique example of ancient and ornamental woodland,
dating back to the 17th century. The dominant species are beech (Fagus sylvatica) (45%), oak (Quercus
robur) (40%) and silver birch (Betula pendula) (5%), while the dominant soil type is a dark-grey clay
loam. Statistics of key stand attributes are listed in Table 1. The site has previously been used in the
validation of a range of satellite-derived vegetation biophysical and biochemical variables [41,42].

Figure 1. Location of the study site within the United Kingdom. The background image is an MSI false
colour composite acquired on 19 July 2016.

Table 1. Statistics of key stand attributes after Cantarello and Newton [43] and Mountford et al. [44].

Stand Attribute Minimum Maximum Mean Standard Deviation

Canopy height (m) 10 34 - -
Diameter at breast height (cm) 25.9 80.5 43.4 12.9

Crown diameter (m) 5.76 14.29 8.49 3.73
Stem density (ha−1) 72 536 256 106

2.2. Field Data Collection and Processing

Field data were collected on sixteen dates throughout 2016, enabling the phenological cycle to
be captured between day of year (DOY) 101 and 307 (Figure 2). A total of nine ESUs of 40 m × 40 m
were established over the study site in a regular grid pattern, enabling spatial variability in LAI and
CCC to be characterised (Figure 1). All nine ESUs were sampled on each measurement date. The
ESU dimensions were selected according to Justice and Townshend [45], to enable the known 10 m
positional uncertainty in the investigated 20 m MSI data to be accounted for [46]. The location of each
ESU was determined using a handheld Garmin eTrex H global positioning system (GPS) device, which
has a reported positional error of less than 10 m [47]. Within each ESU, sampling was carried out at
five points arranged in a cross pattern, following the approach adopted in the BigFoot project [48]. The
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four peripheral points were located approximately 20 m from the central point. Despite the fact that
several species are present in the forest, all selected ESUs were dominated by a single species.

Figure 2. Field data collection of leaf area index (LAI) and leaf chlorophyll concentration (LCC), in
addition to MSI data availability throughout the study period.

Leaf area index (LAI) was derived using digital hemispherical photography (DHP). Images were
acquired using a Nikon Coolpix 4500 digital camera equipped with an FC-E8 fisheye lens, calibrated
using the procedures described by Weiss and Baret [49]. To calculate LAI from each image, pixels
were first classified as belonging to the vegetation canopy or its background, enabling the gap fraction
to be calculated. Each image was then divided into ten zenith rings of 7.5◦, and each zenith ring
further divided into 48 azimuth cells of 7.5◦. Only zenith angles of less than 75◦ were considered to
minimise the influence of mixed pixels at the extremes of the image [8,49]. Finally, LAI was derived as
a discretisation of Miller’s [50] integral, such that

LAI = 2
10∑

i=1

−ln P(θi) cosθi sinθidθi (1)

where P(θi) is the gap fraction in ring i and θi is its central zenith angle. The effects of foliage
clumping were accounted for according to Lang and Yueqin [51] by calculating the mean of the natural
logarithm of gap fraction values over all azimuth cells in each zenith ring. Please note that because the
classification could not distinguish between foliage and other canopy elements, the resulting estimates
also contained some contribution from other plant material such as stems and branches [7,8,52].

Canopy chlorophyll content (CCC) was calculated as the product of LAI and leaf chlorophyll
concentration (LCC) in g m−2. Estimates of LCC were typically obtained within several days of LAI
measurements (Figure 2) using a Konica Minolta SPAD-502 optical chlorophyll meter, which determines
a relative value proportional to LCC based on the ratio of incident and transmitted radiation at 650 nm
and 940 nm. Relative values were converted to absolute units using species–specific calibration
functions [53,54]. Three leaves were removed from the tree closest to each sampling point, and each
tree was marked using coloured rope to enable re-identification during subsequent surveys. For each
leaf, three replicates were performed to account for variations in LCC across its surface, yielding a total
of nine measurements per sampling location, and 45 per ESU. Care was taken to avoid major veins
within the leaf [9,54].

2.3. Interpolation of Field Data

When evaluating biophysical and biochemical variables derived from high spatial resolution
instruments such as MSI, temporal scaling issues are of increased importance, particularly in areas of
high cloud cover such as our study site. While spatial scaling issues have received considerable attention
in the context of validating operational biophysical and biochemical products [55–58], approaches
for dealing with the temporal mismatch between field and satellite observations are less mature [37].
Traditionally, field observations have been matched to the closest satellite acquisition, often within the
bounds of an arbitrary period such as one week [59,60]. Such an approach assumes that there is little
variation in vegetation condition within this period—an assumption that may be violated at the onset
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of greenness and senescence, during which rapid changes in biophysical and biochemical properties
can occur.

In light of these issues, we adopted an interpolation-based approach that can be applied if field data
are collected on multiple dates throughout the year. By interpolating multi-temporal field observations,
variations in vegetation condition can better be accounted for, particularly if a parametric function is
selected that encodes prior knowledge about expected vegetation dynamics. Importantly, the approach
maximises the amount of cloud-free satellite data that can be used for comparison, while also enabling
LAI and LCC data collected on different dates to be more easily integrated for the estimation of CCC.
To facilitate interpolation, we fit double logistic functions to the LAI and LCC data collected at each
ESU. The double logistic function is widely used to represent vegetation phenology [61–63], and takes
the form

g(x) = a +
b

[1 + exp(c− dx)] [1 + exp(e− f x)]
(2)

where g(x) is the LAI or LCC value at a given DOY, a is the base level, b is the seasonal amplitude, c and
d control the timing and rate of the onset of greenness, and e and f control the timing and rate of the
onset of senescence. To assess their ability to accurately represent seasonal trajectories of the variables
of interest throughout the study period, leave-one-out cross validation was carried out on double
logistic functions fit to the mean values of LAI and LCC at each DOY. Each data point was sequentially
removed before fitting, and its value predicted and compared to that observed. The absolute error
was used to investigate the relative importance of each observation date, while overall accuracy was
quantified using the root mean square error (RMSE).

2.4. MSI Data Pre-Processing

Ten L1C MSI products covering the growing season from DOY 111 to 300 were obtained over
the study site and processed to L2A bottom-of-atmosphere (BOA) reflectance with Sen2Cor 2.5.5 [64],
which performs atmospheric, cirrus, and terrain correction. It also provides a scene classification,
in addition to estimates of aerosol optical thickness and water vapour. To restrict our analysis to
high-quality, cloud-free data, pixels identified as cloud by the scene classification were discarded (three
pixels from a total of 90).

2.5. Hybrid LAI and CCC Retrieval

From L2A BOA reflectance values, we first estimated LAI and CCC using the SNAP L2B retrieval
algorithm as implemented in SNAP 6.0 [65]. In addition to cloud-contaminated pixels, retrievals
flagged by the algorithm as having an out of range input or output were discarded (a further six
pixels). Because the SNAP L2B retrieval algorithm is not optimised for forest environments, we also
developed an alternative hybrid retrieval algorithm, trained using INFORM. As in the SNAP L2B
retrieval algorithm, leaf reflectance spectra were simulated by PROSPECT. 50,000 simulations were
carried out, in which input parameters were drawn randomly from a combination of fixed, uniform,
and truncated Gaussian distributions (Table 2). Retrieval algorithms trained with 50,000 simulations
were shown to provide comparable retrieval accuracies to those utilising over 100,000 simulations by
Weiss et al. [66], while additional simulations may not be beneficial in the case of machine learning
algorithms such as ANNs, which are prone to overfitting [40,67]. It is worth noting that a similar
number of simulations (41,472) was used by Weiss and Baret [33] to train the SNAP L2B retrieval
algorithm. Soil background spectra were computed by selecting randomly from a spectral library
containing 25 soils [68] and applying a multiplicative soil brightness coefficient (Table 2). INFORM
output spectra were convolved with the MSI spectral response functions [69] to generate simulated
reflectance values in MSI’s spectral bands.

To reflect uncertainties in the radiometric calibration and atmospheric correction of MSI data,
simulated reflectance values were contaminated with wavelength-dependent and -independent
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Gaussian white noise [23]. This consisted of both additive (0.01) and multiplicative (2%)
components [33,70,71], such that

Rcont(λ) = Rsim(λ) (1 + ε[0, σmulti(λ)] + ε[0, σmulti(all)]) + ε[0, σadd(λ)] + ε[0, σadd(all)] (3)

where Rcont(λ) and Rsim(λ) are the contaminated and simulated reflectance values in the band centered
at λ, ε[0, σ] is a Gaussian distribution with a mean of zero, while σadd(λ), σmulti(λ), σadd(all), and
σmulti(all) are the additive and multiplicative components of wavelength dependent and independent
Gaussian white noise respectively.

Table 2. Distributions from which Invertible Forest Reflectance Model (INFORM) input parameters
were randomly drawn.

Parameter Minimum Maximum Mean
Standard
Deviation

Distribution Reference

Structural parameter (N) 1.5 1.7 - - Uniform [72,73]
Chlorophyll a + b (μg cm−2) 10 60 50 20 Gaussian This study

Dry matter (g cm−2) 0.004 0.02 - - Uniform [72,73]
Equivalent water thickness (g cm−2) 0.01 0.02 - - Uniform [72,73]

Average leaf angle (◦) 55 55 - - Fixed [72,73]
Single tree LAI 1.0 5.0 4.0 0.5 Gaussian This study
Understory LAI 0.5 0.5 - - Fixed [72,73]

Stem density (ha−1) 72 536 256 106 Gaussian [43]
Canopy height (m) 10 34 - - Uniform [44]

Crown diameter (m) 6 14 8 4 Gaussian [43]
Solar zenith angle (◦) 29 64 - - Uniform This study

Observer zenith angle (◦) 3 11 - - Uniform This study
Relative azimuth angle (◦) 20 136 - - Uniform This study
Soil brightness coefficient 0.5 0.5 - - Fixed [72]

Fraction of diffuse radiation 0.1 0.1 - - Fixed [40,72,73]

As in the SNAP L2B retrieval algorithm, an ANN-based retrieval approach was adopted. Each
ANN was trained using the Levenberg-Marquardt minimisation algorithm, and comprised one hidden
layer with five tangent sigmoid neurons, in addition to one output layer with a single linear neuron.
Given sufficient training data, this architecture (which is also adopted by the SNAP L2B retrieval
algorithm) has been found to perform as well as more complex ones [12,16,23,33]. A random subset of
50% of the simulations were used for training, while 25% were used for regularisation, and 25% were
used for testing. To prevent overfitting, the regularisation subset was used to enable early stopping
(i.e., training was halted when the error, as assessed using the regularisation subset, stopped continuing
to decrease). The testing subset, which was not used in training or early stopping, was used to evaluate
theoretical performance. Ten ANNs were trained, and the one with the best theoretical performance
was selected for further analysis (Appendix A).

Because using a single ANN to estimate multiple biophysical variables can lead to comparatively
poor performance [16,23], individual ANNs were trained to estimate LAI and CCC (as is also the
case in the SNAP L2B retrieval algorithm). In addition to the simulated BOA reflectance in the eight
MSI bands used by the SNAP L2B retrieval algorithm (Table 3), ANN input variables included the
cosine of the observer zenith angle (OZA), relative azimuth angle (RAA), and solar zenith angle (SZA),
enabling variations in viewing and illumination geometry to be accounted for [21,33,70]. MSI band 2
was excluded because of the likelihood of residual atmospheric contamination [33]. All bands were
resampled to a common spatial resolution of 20 m, in order to take advantage of MSI’s three red-edge
bands (B5, B6 and B7).
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Table 3. MSI bands adopted by the SNAP L2B and INFORM-based retrieval algorithms.

Band Central Wavelength (nm) Bandwidth (nm) Native Spatial Resolution (m)

B3 550 35 10
B4 665 30 10
B5 705 15 20
B6 740 15 20
B7 783 20 20

B8A 865 20 20
B11 1610 90 20
B12 2190 180 20

2.6. Forward Modelling Experiments

A prerequisite to accurate biophysical and biochemical variable retrieval is that the underlying
RTMs must be able to reproduce observed spectra in a satisfactory manner. To investigate the
ability of SAIL and INFORM to reproduce observed MSI spectra over our study site, forward
modelling experiments were carried out [74,75]. To simulate the MSI spectrum for each date and ESU,
the interpolated field measurements of LAI and LCC were used in model parameterisation, as were
the viewing and illumination geometries of the associated MSI scenes. Because the remaining input
parameters were not measured in the field, they were instead randomly drawn from the distributions
described in Section 2.5. For each date, ESU, and RTM, a database of 5,000 simulations was established.
This number of simulations was considered appropriate given that nine input parameters were fixed,
resulting in a substantially constrained parameter space. The reflectance mismatch was evaluated
between the observed MSI spectrum and the best fitting simulation, which was itself determined as
the simulation with the minimum RMSE [74,75].

2.7. Performance Metrics

To evaluate the performance of each retrieval algorithm, LAI and CCC retrievals were compared
with values provided by the double logistic functions for the DOY in question. Agreement between the
interpolated field data and LAI and CCC retrievals was assessed using the coefficient of determination
(r2), while retrieval accuracy was quantified using the RMSE. A normalised RMSE (NRMSE) was
calculated by dividing the RMSE by the mean of observed values. Bias was determined as the mean
difference, while precision was quantified as the standard deviation of differences. In addition to
calculating these statistics using all available data, statistics were also computed on three subsets to
evaluate phenological variations in retrieval accuracy. These represented the onset of greenness (DOY
100 to 149), peak greenness (DOY 150 to 249), and the onset of senescence (DOY 250 to 300). The same
performance metrics were adopted in the forward modelling experiments.

3. Results

3.1. Field Data and Interpolation

Throughout the study period, LAI ranged from a minimum of 0.81 on DOY 101 to a maximum of
4.60 on DOY 155, while LCC ranged from a minimum of 0.09 g m−2 on DOY 120 to a maximum of
0.65 g m−2 on DOY 259. It should be noted that the minimum LAI values corresponded mainly to
stems and branches, which could not be distinguished from other canopy elements using DHP. At the
start of the growing season, the rate of increase in LCC was slower than that of LAI (Figure 3). Unlike
LCC observations, which became more variable towards the end of the growing season, the degree of
variability associated with LAI observations remained relatively consistent between measurement dates
(Figure 3). The double logistic functions fit to the field data were able to successfully represent seasonal
trajectories of LAI and LCC throughout the study period (Figure 3). The results of leave-one-out
cross validation revealed an RMSE of 0.10 for LAI and 0.11 g m−2 for LCC. The largest absolute errors
were observed when those observations during the onset of greenness and senescence were removed
(Table 4).
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(a) (b) 

Figure 3. Time series of mean and interpolated LAI (a) and LCC (b) values calculated over all ESUs.
Error bars and dashed lines represent ± 1 standard deviation.

Table 4. Leave-one-out cross-validation results indicating the absolute error associated with interpolated
LAI and LCC values on each sampling date (i.e., the error that would occur if that observation were not
used in function fitting).

LAI LCC

DOY Absolute Error DOY Absolute Error (g m−2)

101 0.02 120 0.21
112 0.00 147 0.01
126 0.10 160 0.03
140 0.16 176 0.03
155 0.04 208 0.04
197 0.05 259 0.04
278 0.04 281 0.05
307 0.18 300 0.22

3.2. Overall Performance of the Retrieval Algorithms

Overall, the SNAP L2B retrieval algorithm was characterised by underestimation of LAI, leading to
a moderate relationship and retrieval accuracy (r2 = 0.54, RMSE = 1.55, NRMSE = 43%) (Figure 4a). Like
LAI, SNAP L2B CCC retrievals were also characterised by a moderate relationship and retrieval accuracy
(r2 = 0.52, RMSE = 0.79 g m−2, NRMSE = 45%) (Figure 4c). In contrast, a greater degree of consistency
between the interpolated field data and INFORM-based LAI retrievals was observed, leading to
a stronger relationship and increased retrieval accuracy (r2 = 0.79, RMSE = 0.47, NRMSE = 13%)
(Figure 4b). Improvements in overall performance were also evident for CCC (r2 = 0.69, RMSE = 0.52,
NRMSE = 29%) (Figure 4d).

3.3. Phenological Variations in Performance

When the phenological subsets were examined, the strongest relationships with the interpolated
field data were observed for the onset of greenness (DOY 100 to 149, r2 = 0.66 to 0.77) (Table 5).
In contrast, weaker relationships occurred during peak greenness (DOY 150 to 250) and the onset of
senescence (DOY 249 to 300) (r2 = 0.04 to 0.26). In agreement with the overall performance results,
the INFORM-based retrieval algorithm demonstrated the best retrieval accuracies in the majority of
phenological subsets (as indicated by lower RMSE and NRMSE values when compared to the SNAP
L2B retrievals). Although slightly higher r2 values were typically achieved by the SNAP L2B retrieval
algorithm when analysed by phenological stage, its retrievals were characterised by larger biases
(and therefore higher RMSE and NRMSE values) than the INFORM-based retrieval algorithm (Table 5).
The fact that these biases were not consistent across each phenological stage may have led to the lower
r2 values achieved when all phenological subsets were analysed together (Figure 4). Contrary to the
other phenological stages, it is worth noting that the INFORM-based CCC retrievals were subject
to overestimation during the onset of greenness (Figure 5b). Although the INFORM-based retrieval
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algorithm reduced the underestimation associated with CCC during peak greenness (Figure 5b), some
degree of underestimation remained, reflected by the negative bias observed (Table 5).

(a) (b) 

(c) (d) 

Figure 4. Comparison between interpolated field data and LAI (a,b) and CCC (c,d) retrievals from the
SNAP L2B (left) and INFORM-based (right) retrieval algorithms. Points represent measurements at
the ESU level, dashed lines represent a 1:1 relationship.
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Table 5. Performance statistics for the SNAP L2B and INFORM-based retrieval algorithms when
evaluated against interpolated field data, by phenological subset.

Variable DOY

SNAP L2B INFORM

r2 RMSE
(NRMSE)

Bias Precision n r2 RMSE
(NRMSE)

Bias Precision n

LAI
100 to 149 0.77 1.22 (60.28%) −1.03 0.68 17 0.74 0.51 (25.05%) 0.09 0.51 18
150 to 249 0.07 1.34 (32.06%) −1.17 0.66 39 0.11 0.40 (9.61%) −0.19 0.36 43
250 to 300 0.14 2.00 (52.76%) −1.94 0.49 25 0.02 0.55 (14.47%) −0.18 0.53 26

CCC
100 to 149 0.70 0.12 (36.78%) 0.06 0.11 17 0.66 0.41 (126.32%) 0.39 0.15 18
150 to 249 0.10 0.72 (30.89%) −0.45 0.57 39 0.04 0.49 (20.94%) −0.30 0.39 43
250 to 300 0.26 1.11 (59.92%) −0.94 0.59 25 0.17 0.62 (33.56%) −0.04 0.63 26

 
(a) (b) 

Figure 5. Time series of mean LAI (a) and CCC (b) retrievals calculated over all ESUs. Error bars and
dashed lines represent ± 1 standard deviation.

3.4. Reproduction of Observed MSI Spectra by SAIL and INFORM

When evaluated against the observed MSI spectra, the SAIL reflectance simulations were
characterised by greater bias and less precision than the INFORM simulations (Table 6), resulting in
higher RMSE and NRMSE values for all bands except B11 (where the difference was marginal). In the
case of both RTMs, the best-modelled band was B8A, and the worst-modelled band was B4. A mean
absolute error of 0.02, which was used by Darvishzadeh et al. and Atzberger et al. [28,74–76] as a
threshold to identify badly modelled bands, was exceeded only by B5 in the case of the INFORM
simulations (Table 6). On the other hand, five out of eight bands exceeded this threshold in the case of
the SAIL simulations (B4, B5, B6, B7, and B12).

Table 6. Performance statistics for modelled SAIL and INFORM reflectance values when evaluated
against observed MSI spectra, by band (n = 87).

Band
SAIL INFORM

r2 RMSE
(NRMSE)

Bias Precision r2 RMSE
(NRMSE)

Bias Precision

B3 0.06 0.03 (56.15%) −0.01 0.03 0.23 0.02 (39.68%) −0.01 0.02
B4 0.15 0.03 (72.92%) −0.02 0.02 0.12 0.02 (58.91%) −0.01 0.02
B5 0.21 0.04 (38.68%) −0.02 0.03 0.43 0.03 (32.60%) −0.02 0.02
B6 0.84 0.04 (16.95%) 0.02 0.04 0.96 0.02 (6.86%) 0.00 0.02
B7 0.92 0.04 (13.60%) 0.03 0.03 0.99 0.01 (4.72%) 0.01 0.01

B8A 0.93 0.04 (10.31%) 0.00 0.04 0.99 0.01 (3.68%) −0.01 0.01
B11 0.73 0.02 (11.36%) −0.01 0.02 0.78 0.02 (11.68%) −0.01 0.02
B12 0.55 0.03 (37.65%) −0.03 0.02 0.63 0.02 (25.88%) −0.01 0.02

4. Discussion

4.1. Utility of Interpolating Field Data

When compared to the standard approach of matching field and satellite observations,
our interpolation-based approach enabled all available cloud-free MSI scenes to be utilised, as opposed
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to only those acquired within one week of field data collection. Thus, a substantially greater number of
observations were available against which the investigated retrieval algorithms could be assessed. The
results of leave-one-out cross-validation indicated that the error associated with this interpolation-based
approach was small. The largest absolute errors were observed when observations during the onset
of senescence were removed, although similar errors occurred when observations during the onset
of greenness were left out in the case of LCC. This has important implications for the timing of field
campaigns. It is during these periods, when rates of change in LAI and LCC are highest, that the
collection of field data is of most importance. Thus, future efforts should place particular focus on
these phenological stages.

4.2. Choice of Retrieval Algorithms for Forest-Related Applications

Previous evaluations of the SNAP L2B retrieval algorithm over crop canopies have demonstrated
good performance. For example, Vuolo et al. [36] reported a strong relationship and high retrieval
accuracy for SNAP L2B retrievals of LAI over an agricultural site comprised of maize, onion, potato,
sugarbeet, and winter wheat (r2 = 0.83, RMSE = 0.32, NRMSE = 12%), while Vanino et al. [39]
reported comparable results over a tomato crop (r2 = 0.69, RMSE = 0.56, NRMSE = 25%). Similarly,
an overall RMSE of 0.98 was reported by Djamai et al. [37] in a recent evaluation over alfalfa, black
bean, canola, corn, oat, soybean, and wheat. Nevertheless, previous work has demonstrated poor
performance when retrieval algorithms based on one-dimensional RTMs such as SAIL are applied
over forest environments [23]. The moderate relationships and retrieval accuracies demonstrated by
the SNAP L2B retrieval algorithm in our study support these findings, as do the results of our forward
modelling experiments.

When compared to our deciduous broadleaf forest site, the crop canopies investigated in previous
studies better conform to the turbid medium assumption adopted by SAIL [23,77]. Due to their
dense, leafy, and homogeneous nature, a one-dimensional RTM such as SAIL can provide a good
approximation of these canopies, enabling high retrieval accuracies to be achieved by SAIL-based
retrieval algorithms. In contrast, deciduous broadleaf forest canopies are more heterogeneous, contain a
greater number of woody elements, and are subject to increased crown transmission, foliage clumping,
and shadowing. As SAIL does not account for these factors, underestimation of LAI and CCC occurs
when the SNAP L2B retrieval algorithm is applied over deciduous broadleaf forest. The issue may be
compounded by the ANN-based design of the retrieval algorithm, as ANNs are known to perform
unpredictably when inputs strongly deviate from their training data [10].

Given that five out of eight bands were considered to be badly modelled by SAIL, it is possible
that improved retrieval accuracies could be obtained using a SAIL-based retrieval algorithm trained
on a subset of the best modelled bands. As our objective was to evaluate the SNAP L2B retrieval
algorithm available to users, which makes use of all considered bands, such an approach was not
explicitly investigated in this study. However, methods to determine and select optimal subsets of
bands have successfully been applied to improve retrieval accuracies in previous work [23,28,74–76,78].
For example, in a recent study using INFORM to retrieve LCC from MSI data, Darvishzadeh et al. [28]
demonstrated increased retrieval accuracies when using a spectral subset of only MSI’s red-edge
bands as opposed to the full band set. Similarly, Inoue et al. [29] observed that models utilising a
large number of spectral bands did not improve the retrieval of CCC from hyperspectral data when
compared to those incorporating just two optimally selected bands. It is worth noting that, unlike
Darvishzadeh et al. [28], we did not observe large discrepancies between modelled and observed MSI
spectra in the near-infrared shoulder. In contrast, B8A (centred at 865 nm) was the band best modelled
by both investigated RTMs in our study.

The INFORM-based retrieval algorithm was characterised by increased overall retrieval accuracies,
better reflecting previous studies that have successfully applied MSI and its red-edge bands for forest
biophysical and biochemical variable retrieval. For example, using a statistical approach to retrieve
LAI from MSI data over a boreal forest site, Korhonen et al. [32] reported a comparable relationship
and retrieval accuracy (r2 = 0.73, RMSE = 0.60, NRMSE = 20%). Similarly, Darvishzadeh et al. [28]
obtained an NRMSE of 33% when using LUT inversion of INFORM to retrieve LCC from MSI data
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over spruce stands. Beyond MSI, our results reflect those of Schlerf and Atzberger [40], who trained
an ANN for retrieval of spruce LAI from airborne hyperspectral data using INFORM, achieving a
similar relationship and retrieval accuracy (r2 = 0.73, RMSE = 0.58, NRMSE = 18%). Comparable
results were reported by Heiskanen et al. [79], who adopted the semi-physical forest reflectance model
PARAS to retrieve LAI from High-Resolution Visible and Infrared (HRVIR) and Enhanced Thematic
Mapper (ETM+) data over a boreal forest site. Using ANNs, Heiskanen et al. [79] obtained an RMSE of
0.59 (NRMSE = 25%). In a later study, Schlerf and Atzberger [72] applied LUT inversion of INFORM
to retrieve LAI from multi-angular Compact High-Resolution Imaging Spectrometer (CHRIS) data,
reporting similar results over beech (r2 = 0.57, RMSE = 0.94, NRMSE = 26%) and spruce (r2 = 0.51,
RMSE = 0.74, NRMSE = 18%).

In terms of phenological variations in the relationship between MSI derived retrievals and field
data, the results of our study reflect those reported by Heiskanen et al. [80], who used a statistical
approach to retrieve LAI from HRVIR and Hyperion data over boreal forest throughout several seasons.
As in our study, Heiskanen et al. [80] reported strong relationships with LAI during the onset of
greenness (DOY 116 to 153, r2 = 0.69 to 0.74). These were followed by weaker relationships during peak
greenness and, in particular, the onset of senescence (DOY 273 to 279, r2 = 0.29 to 0.40). An explanation
for this pattern is that during the onset of greenness, a wide range of LAI values are experienced,
whereas during peak greenness, this range is substantially reduced. The weaker relationships during
the onset of senescence may be related to changes in leaf biochemistry, to which the MSI derived LAI
retrievals are sensitive, but to which the field estimates of LAI (which do not discriminate between
green and senescent leaves) are not.

Although improved overall retrieval accuracy was obtained by the INFORM-based retrieval
algorithm in the case of CCC, overestimation occurred during the onset of greenness, while some degree
of underestimation persisted throughout peak greenness. In terms of the apparent overestimation
during the onset of greenness, a small bias was also observed in the INFORM LAI retrievals. Being
the product of LAI and LCC, this may have translated into a larger bias in terms of CCC. One
explanation for the apparent underestimation observed during peak greenness could be related to the
field measurements of LCC themselves, which, due to the height of the forest, could only be performed
on leaves from middle or bottom of the tree crown. The sunlit leaves at the top of the crown may
have been characterised by reduced LCC when compared to the measured leaves, as LCC commonly
decreases with increased light availability [81]. As such, the observed discrepancies may have resulted
from sampling biases in the field data. Finally, while our study analysed the performance of the two
retrieval algorithms throughout the growing season, it is important to note that it was restricted to a
single site. Further work is required to confirm the applicability of our results over additional sites,
including those characterised by different forest types.

5. Conclusions

Although it is not optimised for forest environments, because of its ease of use and integration
within the image processing software, it is expected that many users will adopt the SNAP L2B
retrieval algorithm for forest LAI and CCC retrieval as a first port of call. Using field data collected
throughout the growing season at a deciduous broadleaf forest site in Southern England, we evaluated
its performance and that of an alternative retrieval algorithm optimised for forest environments,
trained using INFORM. We also developed and successfully applied an interpolation approach to
address the temporal mismatch between field and satellite observations. When compared to previously
investigated crop canopies, the SNAP L2B retrieval algorithm appears less well-suited to LAI and
CCC retrieval over forest environments. Its moderate retrieval accuracies highlight the importance
of selecting an RTM that can accurately describe the structure of the canopy of interest, as do the
improvements associated with the INFORM-based retrieval algorithm. This finding is corroborated
by the results of our forward modelling experiments: over forest environments such as our study
site, SAIL appears less able to reproduce observed spectra than INFORM. Based on these results, for
forest-related applications using MSI data, we recommend users seek retrieval algorithms optimised
for forest environments.
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Appendix A

Table A1. Theoretical performance of all trained ANNs (assessed using the testing subset of INFORM
simulations). The best performing ANNs, indicated by the lowest RMSE, are marked with *.

ANN
LAI CCC

r2 RMSE NRMSE (%) r2 RMSE NRMSE (%)

1 0.58 0.45 11.36 0.60 0.40 20.25
2 0.59 0.45 11.41 0.61 0.40 20.09
3 0.58 0.45 11.43 0.61 0.40 20.17
4 0.58 0.45 11.35 0.61 0.40 20.11
5 0.59 0.45 11.32 0.61 0.40 20.20
6 0.58 0.45 11.47 0.59 0.41 20.60
7 0.59 0.44* 11.27 0.61 0.40 20.22
8 0.58 0.45 11.42 0.62 0.40 20.13
9 0.59 0.45 11.37 0.60 0.40 20.35

10 0.58 0.45 11.45 0.61 0.39* 20.00
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Abstract: Surface reflectance (SR) estimation is the most critical preprocessing step for deriving
geophysical parameters in multi-sensor remote sensing. Most state-of-the-art SR estimation methods,
such as the vector version of the Second Simulation of the Satellite Signal in the Solar Spectrum
(6SV) radiative transfer (RT) model, depend on accurate information on aerosol and atmospheric
gases. In this study, a Simplified and Robust Surface Reflectance Estimation Method (SREM) based
on the equations from 6SV RT model, without integrating information of aerosol particles and
atmospheric gasses, is proposed and tested using Landsat 5 Thematic Mapper (TM), Landsat 7
Enhanced Thematic Mapper plus (ETM+), and Landsat 8 Operational Land Imager (OLI) data
from 2000 to 2018. For evaluation purposes, (i) the SREM SR retrievals are validated against in
situ SR measurements collected by Analytical Spectral Devices (ASD) from the South Dakota State
University (SDSU) site, USA; (ii) cross-comparison between the SREM and Landsat spectral SR
products, i.e., Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) and Landsat 8
Surface Reflectance Code (LaSRC), are conducted over 11 urban (2013–2018), 13 vegetated (2013–2018),
and 11 desert/arid (2000 to 2018) sites located over different climatic zones at a global scale; (iii) the
performance of the SREM spectral SR retrievals for low to high aerosol loadings is evaluated;
(iv) spatio-temporal cross-comparison is conducted for six Landsat paths/rows located in Asia, Africa,
Europe, and the United States of America from 2013 to 2018 to consider a large variety of land surfaces
and atmospheric conditions; (v) cross-comparison is also performed for the Normalized Difference
Vegetation Index (NDVI), the Enhanced Vegetation Index (EVI), and the Soil Adjusted Vegetation
Index (SAVI) calculated from both the SREM and Landsat SR data; (vi) the SREM is also applied to the
Sentinel-2A and Moderate Resolution Imaging Spectrometer (MODIS) data to explore its applicability;
and (vii) errors in the SR retrievals are reported using the mean bias error (MBE), root mean squared
deviation (RMSD), and mean systematic error (MSE). Results depict significant and strong positive
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Pearson’s correlation (r), small MBE, RMSD, and MSE for each spectral band against in situ ASD
data and Landsat (LEDAPS and LaSRC) SR products. Consistency in SREM performance against
Sentinel-2A (r = 0.994, MBE = −0.009, and RMSD = 0.014) and MODIS (r = 0.925, MBE = 0.007, and
RMSD = 0.014) data suggests that SREM can be applied to other multispectral satellites data. Overall,
the findings demonstrate the potential and promise of SREM for use over diverse surfaces and under
varying atmospheric conditions using multi-sensor data on a global scale.

Keywords: Landsat 8; surface reflectance; LEDAPS; LaSRC; 6SV; SREM; NDVI

1. Introduction

Due to the cost effectiveness and ready availability of data, satellite remote sensing is now
extensively used for deriving various geophysical parameters at a global scale; but, it mostly depends
on accurate retrievals of the surface reflectance (SR), i.e., “the fraction of incoming sunlight that
the surface reflects”, from the remotely sensed data. SR is thus the most basic remotely sensed
parameter in the solar reflective spectral bands (visible and infrared) that is used as an essential input
parameter to obtain many parameters including vegetation indices [1], leaf area index [2], burned
area identification [3], land cover classification [4], aerosol optical depth [5–7], and water quality
parameters [8]. It is estimated from the reflectance received by satellites at top of the atmosphere
(TOA). However, TOA reflectance is affected by atmospheric constituents that introduce nonnegligible
offset and uncertainty in the satellite data. Therefore, before performing any qualitative or quantitative
analysis, it is critical to eliminate atmospheric contributions and accurately estimate the SR of a
ground target.

Normally, the elimination of the atmospheric contributions and estimation of SR are performed
using image-based and physical methods. Image-based methods such as, dark object subtraction
(DOS) [9], the empirical line method (ELM) [10], and histogram matching [11] do not employ any
physical parameters, e.g., atmospheric direct and diffuse transmissions, water vapor, and ozone,
etc., to estimate SR, as they obtain the required ancillary information (solar and sensor viewing
geometry) from the image metadata [12]. The most common physical methods are the Atmospheric
Correction (ATCOR) [11], the Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes
(FLAASH) [13], the Image Correction (iCOR, previously known as OPERA) [14], the Framework
for Operational Radiometric Correction for Environmental monitoring (FORCE) [15], the Landsat
Ecosystem Disturbance Adaptive Processing System (LEDAPS) [16], and the Landsat Surface Reflectance
Code (LaSRC) [17]. All of these methods estimate surface reflectance based on physical parameters
and precalculated comprehensive lookup tables (LUT) which are constructed by radiative transfer
(RT) models [18–21]. The ATCOR, FLASH, and iCOR use the Moderate-resolution Atmospheric
Transmission (MODTRAN) RT model [18], FORCE is based on the Simulation of Satellite Signal in
the Solar Spectrum (5S) [19], and the LEDAPS and LaSRC applies the vector version of the Second
Simulation of the Satellite Signal in the Solar Spectrum (6SV) [20,21] to simulate atmospheric conditions.
Such methods are complex in nature compared to image-based methods due to the requirement of
several ancillary parameters to simulate atmospheric conditions and correct the data degraded by
atmospheric constituents. For example, the 6SV, the most commonly used method in the remote
sensing community to eliminate atmospheric contributions and estimate accurate surface reflectance,
requires information on vertical profiles of air pressure, water vapor concentration, air temperature,
ozone concentration, a digital elevation model (DEM), aerosol optical depth, and an aerosol model as
well as the solar and sensor viewing geometry to simulate atmospheric conditions and construct the
LUT. The attributed accuracy of 6S, of within 1% [22] is nevertheless subject to inherited errors from
the ancillary input parameters [12,23], which are obtained from different sources.

Previous studies have evaluated the various atmospheric correction methods over different types
of land covers, atmospheric conditions, and geographical locations [12,24–27]. For example, Nazeer
et al. (2014) [12] validated the SR from both image-based (DOS and ELM) and physical methods
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(ATCOR, FLAASH, and 6S) over sand, artificial turf, grass, and water surfaces using in situ measured
SR, and found the 6S to be robust and more accurate for SR estimation compared to the other methods.
Nguyen et al. (2015) [24] tested the adequacy of the DOS, FLAASH, and 6S for above-ground biomass
(AGB) estimations of the Gongju and Sejong regions of South Korea and found that 6S outperforms
the other methods. López-Serrano et al. (2016) [25] compared the ATCOR, COST (cosine of the
Sun zenith angle), FLAASH, and 6S for estimating AGB in the temperate forest area of northeast
Durango, Mexico, and concluded that the 6S method is more efficient and reliable than other methods.
These validation exercises suggested that (i) the physical methods performed much better than the
image-based methods, and (ii) the 6S is the most reliable physical method.

To date, operational SR satellite products are available from the Moderate Resolution Imaging
Spectroradiometer (MODIS) [28], the Visible Infrared Imaging Radiometer Suite (VIIRS) [29], the
Landsat 4–7 Thematic Mappers (TM) and Enhanced Thematic Mapper Plus (ETM+) (LEDAPS) [16],
the Landsat 8 Operational Land Imager (OLI, LaSRC) [17], and the Sentinel-2 A/B Multispectral
Instruments (MSI) [30]. In addition to the operational SR products from the Landsat 8 OLI and
Sentinel-2 MSI sensors, a Harmonized Landsat and Sentinel (HLS) SR product is generated to improve
the global coverage for every 2 to 3 days at a spatial resolution <30 m [31]. A number of efforts have
also been made to validate the LEDAPS, LaSRC, and S2 MSI SR products under different conditions
and reference data sets [12,17,32–38].

As evident from all these publications, an accurate estimation of SR based on RT models requires
precise retrieval of AOD and vice versa. In other words, these two parameters, i.e., SR and AOD,
complement and depend on each other for their inversions. The available state-of-the-art SR methods
based on the RT algorithms do not provide a meaningful solution without incorporating information
on aerosol particles and atmospheric gases which is a daunting task given the inherent errors in satellite
AOD retrievals, which vary spatially and seasonally across the globe [39,40]. Therefore, the prime intent
of this study is to provide a user-friendly SR method, which can easily be applied. This study proposes
a new Simplified and Robust Surface Reflectance Estimation Method (SREM) based on the equations
of the 6SV RT model that can perform SR inversion without using precalculated comprehensive LUT,
and information on aerosol particles and atmospheric gases and furnishes results similar to well-known
state-of-the-art methods. The outline of the manuscript is as follow: Section 2 is related to the datasets
and selection of the validation sites, Section 3 is based on the research methodology for SREM and
evaluation process, results and discussions are described in Section 4, and conclusions of this study are
summarized in Section 5.

2. Datasets

In this study, archived datasets are used from the satellite sensors, i.e., Landsat 5 (L5) TM, Landsat
7 (L7) ETM+, and Landsat 8 (L8) OLI, for the development of SREM. For validation purposes, in situ
SR data from South Dakota State University (SDSU: grassland site) in South Dakota (Figure 1) are
taken by Maiersperger et al. (2013) [35]. For comparison purposes, LEDAPS and LaSRC SR products
are obtained for 11 urban, 13 vegetated, and 11 desert (arid) sites (Figure 1) from January 2000 to
October 2018.
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Figure 1. Sites used for validation and comparison of SREM derived surface reflectance (SR) products
for Landsat and Sentinel-2A. Please refer to the “S/N” in Table 2 for labeled values, and WRS-2
(Worldwide Reference System) path/row numbers.

2.1. Satellite Data

Landsat TM/ETM+/OLI

The Landsat TM, ETM+, and OLI sensors were launched in March 1984, April 1999, and February
2013, respectively. Landsat ETM+ scenes acquired since May 30, 2003, have data gaps due to the
Scan Line Corrector (SLC) failure and the scenes acquired before this date are defined as non-SLC.
All sensors have a spatial resolution of 30 m for the multispectral bands and a revisit time of 16 days.
In this study, Landsat TM, ETM+, and OLI data for the visible to near-infrared bands (Table 1) are used
in the SR retrieval by applying SREM. The new SR data set is compared against the readily available
SR products (i.e., LEDAPS and LaSRC) from the respective sensors.

Table 1. Spectral bands, band numbers, and central wavelengths (nm) of the L8, L7, and L5 data used
in this study.

Spectral Band Band Numbers

L8 OLI L7 ETM+ L4/5 TM

Coastal Aerosol B1 [443.0] − −
Blue B2 [482.0] B1 [485.0] B1 [485.0]

Green B3 [561.5] B2 [560.0] B2 [560.0]
RED B4 [654.5] B3 [660.0] B3 [660.0]
NIR B5 [865.0] B4 [835.0] B4 [830.0]

SWIR1 B6 [1608.5] B5 [1650.0] B5 [1650.0]
SWIR2 B7 [2200.5] B7 [2220.0] B7 [2215.0]

The LEDAPS algorithm is applied to process the L5 TM and L7 ETM+ Level-1 products to SR
(Level-2), where the SR is derived automatically from the calibrated TOA reflectance using the 6S
atmospheric correction method and atmospheric parameters [16], similar to the MODIS SR products
(i.e., MOD09 for Terra and MYD09 for Aqua sensors). In contrast to the LEDAPS algorithm, the LaSRC
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SR product [17] for the L8 OLI sensor includes improved estimation of the atmospheric parameters
(pressure, water vapor, air temperature, ozone, and AOD) essential as input to the RT-model-based SR
estimation. The atmospheric parameters for the LaSRC and LEDAPS are obtained from the MODIS
Climate Modeling Gridded (CMG) data products and National Centers for Environmental Prediction
(NCEP) gridded products, respectively, both based on the 6SV RT model.

For this study, the Collection-1 Landsat data are taken from the United States Geological Survey
(USGS), Earth Resources Observation and Science (EROS), Center’s Science Processing Architecture
(ESPA) on-demand interface (https://espa.cr.usgs.gov) as Level-1 and Level-2 products for the period
of January 2000 to October 2018.

2.2. In Situ Surface Reflectance Data

The ground-truth SR data were collected by Maiersperger et al. [35] from the South Dakota State
University’s (SDSU) grassland site in South Dakota (Figure 1) using the Analytical Spectral Devices
(ASD) FieldSpec spectrometer. Generally, this site is used by the Committee on Earth Observation
Satellites (CEOS) as a reference site for vicarious calibrations. For this site, a total of 10 L5 and L7
scenes were found coincident with the ASD data (Appendix A) for validation.

2.3. Site Selection for Comparison Purpose

In order to compare the SREM with the standard algorithms, e.g. LEDAPS and LaSRC, three
broad land cover types (urban, vegetation, and arid) are selected based on the global mosaics of
the standard MODIS land cover type data product (MCD12Q1). This product describes land cover
properties derived from yearly MODIS observations. The primary land cover scheme identifies 17 land
cover classes defined by the International Geosphere Biosphere Programme (IGBP), which includes 11
natural vegetation classes, 3 developed and mosaicked land classes, and 3 nonvegetated land classes [4].
The spatially aggregated MODIS Collection 6 land cover product at a spatial resolution of 500 m [41]
is obtained from the NASA Earthdata Search (https://search.earthdata.nasa.gov/) for the year 2017.
A total of 35 AERONET (Aerosol Robotic Network) and CEOS pseudo-invariant and instrumented
sites located in urban/built-up (11), vegetated (13) and arid/desert (11) regions are selected based on
the MODIS land cover classification (Table 2). For the AERONET sites, only the L8 OLI sensor data
were used (from 1 April, 2013 to 15 October, 2018), while for the CEOS sites, the L5 TM, L7 ETM+, and
L8 OLI sensors data are used from January 2000 to May 2012, July 1999 to May 2003 (non-SLC affected
data), and April 2013 to 15 October, 2018, respectively. For each selected site, the Landsat scenes are
ordered through the ESPA on-demand interface (https://espa.cr.usgs.gov).
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Table 2. Aerosol Robotic Network (AERONET) and Committee on Earth Observation Satellites (CEOS)
sites involved in a comparison between the Landsat surface reflectance (Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS) and Landsat 8 Surface Reflectance Code (LaSRC)) and SREM.

S/N Site Name Longitude (dd) Latitude (dd) Land Cover Subtype Path/Row

1 Beijing a 116.38 39.98 Urban Urban 123/32

2 CalTech a −118.13 34.14 Urban Near Coast 41/36

3 CEILAP-BA a −58.51 −34.56 Urban Urban 225/84

4 Georgia_Tech a −84.40 33.78 Urban Near
Vegetation

19/36,
19/37

5 Hong_Kong_PolyU a 114.18 22.30 Urban Urban
121/45,
122/44,
122/45

6 Madrid a −3.72 40.45 Urban Urban 201/32

7 Osaka a 135.59 34.65 Urban Urban 109/36,
110/36

8 Paris a 2.36 48.85 Urban Urban 199/26

9 Pretoria_CSIR-DPSS a 28.28 −25.76 Urban Urban 170/78

10 UMBC a −76.71 39.25 Urban Urban 15/33

11 Univ_of_Houston a −95.34 29.72 Urban Urban
25/39,
25/40,
26/39

12 Carpentras a 5.06 44.08 Vegetation Cropland 196/29

13 Chapais a −74.98 49.82 Vegetation Forest 16/25,
17/25

14 Davos a 9.84 46.81 Vegetation Grassland
193/27,
193/28,
194/27

15 Jabiru a 132.89 −12.66 Vegetation Savanna 104/69,
105/69

16 Kanzelhohe_Obs a 13.90 46.68 Vegetation Forest 191/27,
191/28

17 ND_Marbel_Univ a 124.84 6.50 Vegetation Cropland 112/55,
112/56

18 NEON_Harvard a −72.17 42.54 Vegetation Forest

13/30,
13/31,
12/30,
12/31

19 NEON_OSBS a −81.99 29.69 Vegetation Savanna
16/39,
16/40,
17/39

20 Rimrock a −116.99 46.49 Vegetation Savanna 42/28,
43/28

21 Sioux_Falls a −96.63 43.74 Vegetation Cropland 29/29,
29/30

22 Sodankyla a 26.63 67.37 Vegetation Savanna

191/13,
190/13,
192/12,
192/13

23 Univ_of_Lethbridge a −112.87 49.68 Vegetation Grassland
40/25,
40/26,
41/25

24 USGS_Flagstaff_ROLO a −111.63 35.21 Vegetation Savanna 37/35,
37/36

25 Algeria 3 b 7.66 30.32 Desert Arid 192/39

26 Algeria 5 b 2.23 31.02 Desert Arid 195/39

27 Birdsville a 139.35 −25.90 Desert Arid 98/78

28 Capo_Verde a −22.94 16.73 Desert Shrubland 209/48,
209/49

29 Dunhuang b 94.34 40.13 Desert Arid 137/32

30 El_Farafra a 27.99 27.06 Desert Barren 178/41

31 Frenchman_Flat a −115.93 36.81 Desert Barren 40/34,
40/35

32 Ivanpah Playa b −115.40 35.57 Desert Arid 39/35

33 Libya 1 b 13.35 24.42 Desert Arid 187/43

34 Libya 4 b 23.39 28.55 Desert Arid 181/40

35 Railroad Valley Playa b −115.69 38.50 Desert Arid 40/33

a AERONET sites (L8 OLI sensor’s data was used from 1 April, 2013 to 15 October, 2018). b CEOS sites (L5 TM,
L7ETM+ and L8 OLI sensors data were used from 1 January, 2000 to 15, October 2018).
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3. Methodology

3.1. Surface Reflectance Inversion

In general, SR retrievals are derived from the TOA reflectance that can be simulated based on the
following 6SV RT model equation (Equation (1)) for the Lambertian uniform target [17,20,42]:

ρTOA
(
λ,θs,θv,ϕ, τa,ωa, PA, UH2O,UO3

)
= TgOGTgO3 [ρatm

(
λ,θs,θv,ϕ, τa,ωa, PA, UH2O

)
+Ts(λ,θs, τa,ωa, PA)Tv(λ,θv, τa,ωa, PA)

ρs(λ)
1−Satm(λ,τa,ωa,PA)ρs(λ)

TgH2O]

(1)

where

ρTOA = reflectance received by satellite at the top of the atmosphere,
ρatm = atmospheric intrinsic path reflectance,
λ =wavelength
Ts = atmospheric transmittance of sun-surface path (downward),
Tv = atmospheric transmittance of surface-sensor path (upward),
ρs = surface reflectance to be estimated,
Satm = atmospheric backscattering ratio to count multiple reflections between the surface
and atmosphere,
θs = solar zenith angle,
θv = sensor zenith angle,
ϕ = relative azimuth angle,
UH2O, = the integrated water vapor content,
UO3, = the integrated ozone content,
τa,ωa, PA = aerosol optical depth, aerosol single scatter albedo, and aerosol phase function,
respectively, and
TgH2O, TgO3 , TgOG = gaseous transmission by water vapor, ozone, and other gases, respectively.

The atmospheric intrinsic reflectance can be approximated using Equation (2) [17]:

ρatm
(
λ,θs,θv,ϕ, τa,ωa, PA, UH2O

)
= ρR(λ,θs,θv,ϕ) + (ρA+R(λ,θs,θv,ϕ) − ρR(λ,θs,θv,ϕ))TgH2O (2)

where

ρR = atmospheric reflectance due to Rayleigh scattering and
ρA+R = combined atmospheric reflectance due to Rayleigh and aerosols.

The objective of this study is to perform an SR inversion using an equation based on the 6SV RT
model without using aerosol information such as τa,ωa, andPA (i.e., ρA = 0) and other atmospheric
parameters such as, UH2O, UO3, and OG (i.e., TgOG, TgO3 , andTgH2O = 1). Therefore, these parameters
are neglected on the right-hand sides of Equations (1) and (2), such that the TOA reflectance can be
approximated as Equation (3):

ρTOA(λ,θs,θv,ϕ, τa,ωa, PA) = ρR(λ,θs,θv,ϕ) + Ts(λ)Tv(λ)
ρs(λ)

1− Satm(λ)ρs(λ)
(3)

From Equation (3), ρs for the SREM method is approximated as Equation (4), and for simplicity,
Equation (4) is expressed as Equation (5):

ρs(λ) =
ρTOA(λ,θs,θv,ϕ, τa,ωa, PA) − ρR(λ,θs,θv,ϕ)

(ρTOA(λ,θs,θv,ϕ, τa,ωa, PA) − ρR(λ,θs,θv,ϕ))Satm(λ) + Ts(λ)Tv(λ)
(4)

ρs =
ρTOA − ρR

(ρTOA − ρR)Satm + TsTv
(5)
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where ρs = SREM estimated surface reflectance.
It should be noted that SREM SR is different than the Rayleigh corrected TOA reflectance, which

can be obtained by simple subtraction of Rayleigh reflectance from the TOA reflectance.
In Equation (4), the TOA reflectance and Rayleigh reflectance is computed using Equations (6)

and (7) [43], respectively:

ρTOA(λ,θs,θv,ϕ, τa,ωa, PA) =
πLTOA(λ,θs,θv,ϕ)d2

ESUNλμs
(6)

where

LTOA = radiance received by satellite at the top of the atmosphere,
d = distance between the Earth and Sun in the astronomical unit,
ESUN =mean solar exoatmospheric radiation,
μs = cosine of solar zenith angle, and
λ =wavelength.

ρR(λ,θs,θv,ϕ) = PR(θs,θv,ϕ)

(
1− e−Mτr

)
4(μs + μv)

(7)

where

M = air mass calculated using Equation (8) [43],
τr = Rayleigh optical depth calculated using Equation (9) [44],
PR = Rayleigh phase function calculated using Equation (10) [43], and
μv = cosine of sensor zenith angle.

M =
1
μs

+
1
μv

(8)

τr = 0.008569(λ)−4
(
1 + 0.0113(λ)−2 + 0.0013(λ)−4

)
(9)

PR =
3A

4 + B

(
1 + cos2Θ

)
; A = 0.9587256, B = 1−A (10)

where

Θ = scattering angle, and
A and B are coefficients that account for the molecular asymmetry.

In Equation (4), the atmospheric backscattering ratio and total atmospheric transmission, without
integrating aerosol information, is expressed as Equations (11)–(13) [7,45,46], respectively:

Satm(λ) = (0.92τr)e−τr (11)

Ts(λ) = e(−τr/μs) + e(−τr/μs)
{
e(0.52τr/μs) − 1

}
(12)

Tv(λ) = e(−τr/μv) + e(−τr/μv)
{
e(0.52τr/μv) − 1

}
(13)

The SREM SR retrievals were estimated for each Landsat band (TM and ETM+: B1-B5 and B7,
and OLI: B1-B7) using Equation (4), and for a clear understanding of the SREM, the step-by-step
methodology is described in Figure 2.
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Figure 2. Systematic methodology of the SREM (Simplified and Robust Surface Reflectance Estimation
Method).

3.2. Evaluation Process

The SREM is validated against a range of criteria and features, extensive in itself, in order to test
its robustness and explore its potential application. The evaluation process comprises eight steps:
(1) The SREM estimated SR and LEDAPS (TM5 and ETM+) SR observations are compared with in
situ SR measurements collected by Maiersperger, Scaramuzza, Leigh, Shrestha, Gallo, Jenkerson,
and Dwyer [35]. The SREM and LEDAPS SR retrievals are averaged from the spatial window of
3 × 3 pixels if at least 2 out of 9 pixels are available centered on the measurement site. (2) The SREM and
Landsat (LEDAPS and LaSRC) SR retrievals are compared for 35 sites located over urban (2013–2018),
vegetated (2013–2018), and desert surfaces (2000 to 2018) (Figure 1 and Table 2). To obtain the collocated
SREM and Landsat data, (i) retrievals are filtered for the quality flag “66” (clear and low-confidence
cloud) for LEDAPS and “322” (clear and low-confidence cloud) for LaSRC, and (ii) matched for the
same time and location. (3) In order to evaluate the performance of the SR inversion methods during
different aerosol loadings, SR retrievals for each channel were filtered based on the AOD at 550 nm
obtained from AERONET sites. (4) A spatio-temporal cross-comparison is conducted for six Landsat
paths/rows (122/44, 199/26, 201/32, 170/78, 15/33, and 25/39) located over different regions and climatic
zones. For a comprehensive comparison for diverse land surfaces and varying atmospheric conditions,
3000 data points are randomly selected from each image-pair of SREM and LaSRC for each path/row.
For this comparison, those Landsat retrievals, that may have values outside the theoretical limits, i.e.,
0 < SR < 1, are removed. These unusual retrievals are available due to over-correction for atmosphere
and Landsat calibration errors [47–50] or retrievals with SR > 1 might be available for those surfaces
that reflect more strongly than Lambertian surfaces [51]. (5) The Normalized Difference Vegetation
Index (NDVI, Equation (14)) [1,52], Enhanced Vegetation Index (EVI, Equation (15)) [1], and Soil
Adjusted Vegetation Index (SAVI, Equation (16)) [1] are calculated using SREM and Landsat SR data
and compared with each other to demonstrate the ability of the SREM to monitor vegetation and crops.

NDVI =
(NIR−Red)
(NIR + Red)

(14)

EVI = 2.5×
{

(NIR−Red)
(NIR + 6×Red− 7.5× Blue + 1)

}
(15)

SAVI = 1.5×
{

(NIR−Red)
(NIR + Red + 0.5)

}
(16)
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(6) To further explore its applicability, the SREM is applied to the Sentinel-2A and MODIS datasets
and compared with the Sentinel-2A SR observations estimated by the latest version (2.5.5) of the
Sen2Cor and MOD09 level 2 surface reflectance products, respectively. For this purpose, Beijing, a city
with mixed bright urban surfaces that mostly remains under frequent haze and dust pollution effects,
is selected as a test site. (7) In order to calculate the slope and intercept between the SREM and Landsat
retrievals, the reduced major axis (RMA) is used, which can simultaneously account for errors in both
dependent and independent variables [53,54]. In RMA, slope (β) and intercept (α) are determined
using Equations (17) and (18):

β =
σy

σx
(17)

α = Y −
(σy

σx

)
X (18)

where

X and Y =means of X and Y, respectively, and
σx and σy = standard deviations of X and Y, respectively.

(8) To report the consistency and errors in the SREM SR product, the Pearson’s correlation coefficient
(r), mean bias error (MBE, Equation (19)), root-mean-squared difference (RMSD, Equation (20)), and
mean systematic error (MSE, Equation (21)) are computed. The MSE is useful to report the difference
between the trend of X and Y data; small MSE indicates a good trend.

MBE =
1
n

n∑
i=1

(Yi −Xi) (19)

RMSD =

√√
1
n

n∑
i=1

(Yi −Xi)
2 (20)

MSE =
1
n

n∑
i=1

(
Ŷi −Xi

)2
(21)

where Ŷ = predicted value based on RMA relationship (Y = βX + α) between X and Y.

4. Results and Discussion

4.1. Cross-Comparison of ASD, LEDAPS, and SREM SR Data

The SR data collected by ASD for the SDSU site are available for only 10 days [35] (Appendix A)
and are compared with the LEDAPS and SREM SR retrievals (Table 3). Table 3 shows comparable
values of Pearson’s correlation coefficient (r) for LEDAPS and SREM with ASD data. Overestimation is
observed in LEDAPS from B1 to B3, and underestimation in SREM is from B4 to B7. The maximum
positive MBE for LEDAPS is 0.006 for B2 and for SREM it is 0.018 for B1. Similarly, the maximum
negative MBE is for B5, with −0.009 and −0.035 for LEDAPS and SREM, respectively. The results
for SREM are satisfactory with a high value of r and the reason for large negative values of MBE are
investigated in the following analysis.
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Table 3. Validation summary of LEDAPS and SREM SR retrievals against Analytical Spectral Devices
(ASD) FieldSpec spectrometer data.

Date Sensor Band 1 Band 2 Band 3

ASD LEDAPS SREM ASD LEDAPS SREM ASD LEDAPS SREM

20030826 ETM+ 0.045 0.053 0.067 0.075 0.080 0.076 0.086 0.090 0.085
20060615 ETM+ 0.054 0.063 0.078 0.092 0.099 0.094 0.106 0.108 0.102
20070720 ETM+ 0.051 0.057 0.070 0.085 0.091 0.087 0.110 0.116 0.110
20080612 TM5 0.072 0.063 0.073 0.114 0.105 0.096 0.123 0.108 0.087
20080714 TM5 0.056 0.058 0.068 0.086 0.095 0.088 0.108 0.111 0.101
20080823 ETM+ 0.051 0.052 0.064 0.080 0.080 0.076 0.093 0.092 0.104
20080916 TM5 0.037 0.054 0.063 0.059 0.083 0.076 0.068 0.100 0.093
20090530 TM5 0.052 0.055 0.065 0.087 0.090 0.084 0.084 0.087 0.057
20100805 TM5 0.030 0.040 0.056 0.057 0.067 0.066 0.052 0.057 0.418
20100821 TM5 0.030 0.037 0.052 0.059 0.068 0.066 0.054 0.058 0.359

Average 0.048 0.053 0.066 0.079 0.086 0.081 0.088 0.093 0.088
1 StDev 0.012 0.008 0.007 0.017 0.012 0.010 0.023 0.020 0.018

2 CV 0.255 0.154 0.108 0.212 0.138 0.126 0.261 0.214 0.201
MBE 0.005 0.018 0.006 0.002 0.004 0.000

r 0.869 0.809 0.905 0.914 0.883 0.888

Date Sensor Band 4 Band 5 Band 7

ASD LEDAPS SREM ASD LEDAPS SREM ASD LEDAPS SREM

20030826 ETM+ 0.277 0.276 0.253 0.319 0.310 0.289 0.172 0.174 0.148
20060615 ETM+ 0.312 0.299 0.268 0.317 0.296 0.271 0.170 0.163 0.135
20070720 ETM+ 0.259 0.256 0.239 0.344 0.338 0.318 0.197 0.206 0.179
20080612 TM5 0.328 0.301 0.281 0.317 0.289 0.262 0.174 0.153 0.136
20080714 TM5 0.246 0.277 0.254 0.335 0.323 0.289 0.203 0.186 0.163
20080823 ETM+ 0.280 0.264 0.248 0.335 0.324 0.305 0.183 0.183 0.159
20080916 TM5 0.236 0.244 0.225 0.277 0.300 0.269 0.148 0.175 0.153
20090530 TM5 0.307 0.280 0.263 0.295 0.282 0.258 0.159 0.156 0.140
20100805 TM5 0.315 0.317 0.284 0.233 0.226 0.199 0.109 0.105 0.090
20100821 TM5 0.339 0.334 0.299 0.236 0.227 0.200 0.106 0.095 0.082

Average 0.290 0.285 0.261 0.301 0.292 0.266 0.162 0.160 0.138
StDev 0.034 0.026 0.021 0.038 0.036 0.038 0.031 0.033 0.029

CV 0.116 0.930 0.815 0.125 0.125 0.142 0.193 0.208 0.210
MBE −0.005 −0.028 −0.009 −0.035 −0.002 −0.024

r 0.878 0.919 0.944 0.949 0.921 0.922
1 StDev = Standard deviation. 2 CV = Coefficient of variations (StDev/average).

For this purpose, LEDAPS and SREM SR retrievals are compared with the TOA reflectance
observations obtained for the same dates (Table 4). The hypothesis of this analysis is that the method,
LEDAPS or SREM, with the larger negative value of MBE would be considered as superior, as it
represents the greater removal of atmospheric effects. On the other hand, a large positive value
represents “under-correction”; hence, the respective method is unable to remove atmospheric effects
significantly. The results (Table 4) show that LEDAPS has a larger negative MBE for B1 compared
to SREM, whereas, SREM has a larger negative MBE for B2 and B3 than LEDAPS, which indicate
the better performances of LEDAPS for B1 and SREM for B2 and B3. For B4 to B7, LEDAPS has
larger positive values of MBE than SREM, which might be due to its sensitivity to the absorption by
atmospheric gases in the infrared spectral region and shows “under correction (lack of atmospheric
correction)” of LEDAPS. These results (Tables 3 and 4) suggest that SREM is less sensitive to the
absorption by atmospheric gases and performs within the expected range, as the average values of SR
retrievals are less than the TOA reflectance, whereas LEDAPS values are even greater than the TOA
reflectance; especially, for B4 to B7. Therefore, it can be concluded that SREM, without integrating
aerosol information and a comprehensive precalculated LUT in the inversion, can provide SR retrievals
that are comparable with both the ASD and LEDAPS observations.

181



Remote Sens. 2019, 11, 1344

Table 4. Summary of cross-comparison between LEDAPS and SREM SR retrievals and top of atmosphere
(TOA) reflectance observations.

Bands Average MBE R

TOA LEDAPS SREM LEDAPS SREM LEDAPS SREM

B1 0.107 0.053 0.066 −0.054 −0.041 0.963 0.997
B2 0.104 0.086 0.081 −0.018 −0.023 0.994 0.999
B3 0.100 0.093 0.088 −0.008 −0.013 1.000 1.000
B4 0.265 0.285 0.261 0.020 −0.003 0.984 1.000
B5 0.266 0.292 0.266 0.025 0.000 0.993 1.000
B7 0.139 0.160 0.138 0.021 −0.001 0.995 1.000

4.2. Cross-Comparison between SREM and Landsat SR Retrievals

A cross-comparison between SREM and Landsat (LEDAPS and LaSRC) SR retrievals is conducted
over urban as well as vegetated surfaces from 2013 to 2018, and desert (arid) surfaces from 2000 to 2018.
Figure 3 shows the scatter (dashed line= 1:1 line) and line plots (black line= Landsat, gray line = SREM)
between SREM and Landsat retrievals. The results are summarized in Table 5 which shows that
the SREM SR retrievals for coastal aerosol (Figure 3a–c) and blue (Figure 3d–f) spectral bands over
desert (arid) sites (Figure 3d,f) are well correlated with the LaSRC and LEDAPS SR retrievals with r
~ 0.990–0.991 (Table 5), and small values of MBE ~ 0.004–0.022, and RMSD ~ 0.009–0.024, compared
with urban (Figure 3a,d) and vegetated sites (Figure 3b,e). The values of MSE ~ 0.000–0.002 indicate
only minor differences between the trend of SREM and Landsat (LaSRC and LEDAPS) retrievals
independent from the surface type. The performance of the SREM for the blue band is better than for
the coastal aerosol band with significant small values of MBE and RMSD. The SREM retrievals appear
overestimated as indicated by the positive values of MBE, and these values over urban and vegetated
sites are high compared to the results from desert sites and are acceptable according to previous
studies [31,32,48]. Overestimation in coastal aerosol and blue bands may be due to the enhanced
aerosol extinction and Rayleigh contribution in these wavelengths.

The performance of the SREM for green, red, NIR, SWIR1, and SWIR2 bands over the urban and
vegetated sites is robust with r ~ 0.951–1.00, MBE ~ −0.01–0.011, RMSD ~ 0.001–0.012, and MSE ~ 0.00.
The low values of MBE, RMSD, and MSE represent (i) very small differences between the SREM and
Landsat retrievals, (ii) scatter points close to the 1:1 line, and (iii) minimal differences between the
trend of SREM and Landsat SR retrievals. The comparison of all these bands over the desert sites
was relatively less reliable with larger differences (MBE and RMSD) due to underestimation in the
SREM retrievals, especially for SR > 0.50. The underestimation in the SREM retrievals in comparison
with Landsat, especially for the desert surfaces, might be due to the “under-correction” of the Landsat
atmospheric correction algorithm as observed in Section 4.1, which describes the cross-comparison
between SR retrievals and TOA reflectance observations. Therefore, overall performance of the SREM
appears robust, as results show a high consistency in the SREM with very high values of r, and small
values of MBE and RMSD which suggest that the SREM renders consistent spatial (i.e., from site to site)
and temporal (i.e., from 2000 to 2018) variations in SR as generated by LaSRC and LEDAPS products
over heterogeneous surfaces.
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Figure 3. Cross-comparison between coincident SREM and Landsat (LEDAPS and LaSRC) SR retrievals
over urban and vegetated sites from 2013–2018, and desert (arid) sites from 2013–2018. Where, coastal
aerosol band = (a) urban sites, (b) vegetated sites, and (c) desert sites; blue band = (d) urban sites,
(e) vegetated sites, and (f) desert sites; green band = (g) urban sites, (h) vegetated sites, and (i)
desert sites; red band = (j) urban sites, (k) vegetated sites, and (l) desert sites; NIR = (m) urban sites,
(n) vegetated sites, and (o) desert sites; SWIR1 = (p) urban sites, (q) vegetated sites, and (r) desert sites;
SWIR2 = (s) urban sites, (t) vegetated sites, and (u) desert sites; the black line = Landsat retrievals; the
grey line = SREM retrievals; and the dashed line = 1:1 line.
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Table 5. Summary of cross-comparison between coincident SREM and Landsat (LEDAPS and LaSRC)
SR retrievals over urban and vegetated sites from 2013–2018, and desert (arid) sites from 2000–2018.

1 LC 2 TP Sensor Band 3 n 4 β 5 α 6 r MBE RMSD MSE

Urban 2013–2018 OLI

Coastal Aerosol 402 1.057 0.037 0.891 0.042 0.044 0.002
Blue 402 1.018 0.022 0.951 0.024 0.025 0.001

Green 402 0.943 0.006 0.990 −0.001 0.005 0.000
Red 402 0.939 0.007 0.997 −0.002 0.005 0.000
NIR 402 0.989 0.003 1.000 0.000 0.001 0.000

SWIR1 402 0.972 −0.002 1.000 −0.007 0.008 0.000
SWIR2 402 0.949 −0.003 0.997 −0.01 0.011 0.000

All 2814 0.874 0.025 0.963 0.006 0.020 0.000

Vegetation2013–2018 OLI

CA 1062 0.928 0.043 0.983 0.038 0.041 0.001
B 1056 0.931 0.027 0.991 0.021 0.025 0.000
G 1056 0.904 0.008 0.997 −0.003 0.012 0.000
R 1056 0.929 0.007 0.998 −0.002 0.010 0.000

NIR 1032 0.989 0.002 1.000 −0.001 0.003 0.000
SWIR1 1056 0.966 −0.001 1.000 −0.009 0.010 0.000
SWIR2 1056 0.944 −0.002 1.000 −0.011 0.012 0.000

All 7374 0.919 0.018 0.990 0.005 0.020 0.000

Desert

2013–2018 OLI CA 1148 0.914 0.036 0.991 0.022 0.024 0.001

2000–2018
TM

ETM +
OLI

B 2482 0.927 0.018 0.990 0.004 0.009 0.000
G 2440 0.929 −0.002 0.991 −0.024 0.026 0.001
R 2516 0.954 −0.007 0.997 −0.026 0.027 0.001

NIR 2520 0.975 −0.006 0.990 −0.018 0.024 0.000
SWIR1 2065 0.967 −0.011 0.995 −0.029 0.032 0.001
SWIR2 2499 0.900 0.002 0.994 −0.048 0.052 0.003

All 15789 0.907 0.016 0.994 −0.020 0.031 0.001
1 LC = Land cover; 2 TP = Time Period; 3 n = Total number of observations; 4 β = Slope; 5 α = Intercept;
6 r = Pearson’s correlation.

To investigate the underestimation in the SREM retrievals over the desert sites for green to SWIR2
bands, cross-comparisons between the Landsat (LEDAPS and LaSRC) and SREM SR retrievals and TOA
reflectance observations are conducted, similar to that in Section 4.1. The results (Table 6) show that
the Landsat retrievals have positive MBE of 0.014 for green, 0.017 for red, 0.025 for SWIR1, and 0.036
for SWIR2 bands, compared with the SREM retrievals which are within the expected range of below or
equal to TOA. These results represent “under-correction” of data by the Landsat atmospheric correction
algorithms which might be due to their sensitivity to the atmospheric scattering and absorption in the
visible and infrared spectral regions, respectively. Therefore, these results suggest that the apparent
“underestimation” in the SREM retrievals over desert sites when compared to Landsat, is mainly due
to the under-correction (positive bias) of the Landsat retrievals.

Table 6. Summary of cross-comparison between Landsat (LEDAPS and LaSRC) and SREM SR retrievals
and TOA reflectance observations over desert sites.

Bands Average MBE r

TOA Landsat SREM Landsat SREM Landsat SREM

Coastal
Aerosol 0.268 0.217 0.238 −0.051 −0.030 0.997 0.998

Blue 0.284 0.256 0.261 −0.028 −0.023 0.998 0.998
Green 0.350 0.364 0.338 0.014 −0.012 0.997 0.998
Red 0.433 0.451 0.427 0.017 −0.006 0.997 0.998
NIR 0.517 0.520 0.517 0.003 0.000 0.994 0.995

SWIR1 0.582 0.607 0.585 0.025 0.003 0.977 0.982
SWIR2 0.499 0.525 0.498 0.036 −0.001 0.977 0.990

4.3. Impact of Aerosol Particles on SR Retrievals

In order to evaluate the performance of the SREM method during low to high aerosol loadings,
the SR retrievals for each band are filtered based on five levels of AOD at 550 nm obtained from the
AERONET sites, i.e., (i) 0.0 < AOD < 0.1, (ii) 0.1 < AOD < 0.2, (iii) 0.2 < AOD < 0.3, (iv) 0.3 < AOD <
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0.4, and (v) 0.4 < AOD < 1.1. The results are presented in Figure 4, where different colors represent
different levels of AOD. The cross-comparison is summarized in Table 7, showing that the number of
coincident retrievals decreases with the increase in AOD levels. Figure 4 shows that most of the scatter
points for each band are close to the 1:1 line and hence well correlated with each other with a value of r
from 0.881 to 1.00. According to the statistical summary (Table 7), the values of MBE increase with the
increase in aerosol loadings for the coastal aerosol and blue bands, which suggests that the accuracy
of SR retrievals for these bands are affected by the aerosol loadings. However, no direct or linear
relationship between MBE and aerosol loadings was observed for the other bands (green to SWIR2).
This suggests that the performance of the SREM improves for longer wavelength bands (green to
SWIR), independent of the aerosol load. Interestingly, it is observed for these bands that the MBE and
RMSD for high aerosol loading (0.4 < AOD < 1.1) is smaller than for low aerosol loadings (0.0 < AOD
< 0.1), which suggests that SREM retrievals are less sensitive to the high aerosol load. Overall, results
are significant and robust, showing consistency between the SREM and LaSRC retrievals during low to
high aerosol loadings, and these justify the application of SREM, without integrating information of
aerosol particles and atmospheric gases, to estimate SR similar to the LaSRC product.

Table 7. Statistical summary of cross-comparison between coincident Landsat and SREM SR retrievals
for low to high AOD levels.

Band 1 AOD 2 n 3 β 4 α 5 r MBE RMSD

Coastal
Aerosol

0.0 < AOD < 0.1 319 0.920 0.041 0.987 0.035 0.038
0.1 < AOD < 0.2 125 0.893 0.049 0.985 0.039 0.042
0.2 < AOD < 0.3 56 0.835 0.060 0.963 0.045 0.049
0.3 < AOD < 0.4 13 0.864 0.055 0.988 0.039 0.042
0.4 < AOD < 1.1 12 0.903 0.060 0.881 0.052 0.055

Blue

0.0 < AOD < 0.1 319 0.933 0.025 0.994 0.019 0.022
0.1 < AOD < 0.2 125 0.906 0.032 0.995 0.021 0.025
0.2 < AOD < 0.3 56 0.871 0.040 0.985 0.026 0.030
0.3 < AOD < 0.4 13 0.894 0.036 0.997 0.021 0.024
0.4 < AOD < 1.1 12 0.914 0.040 0.955 0.031 0.034

Green

0.0 < AOD < 0.1 319 0.913 0.007 0.999 −0.005 0.013
0.1 < AOD < 0.2 125 0.899 0.011 0.999 −0.005 0.014
0.2 < AOD < 0.3 56 0.890 0.015 0.998 −0.002 0.013
0.3 < AOD < 0.4 13 0.905 0.013 1.000 −0.006 0.014
0.4 < AOD < 1.1 12 0.906 0.016 0.995 0.003 0.010

Red

0.0 < AOD < 0.1 319 0.938 0.005 1.000 −0.005 0.011
0.1 < AOD < 0.2 125 0.926 0.009 1.000 −0.005 0.013
0.2 < AOD < 0.3 56 0.923 0.011 0.999 −0.003 0.012
0.3 < AOD < 0.4 13 0.932 0.009 1.000 −0.007 0.013
0.4 < AOD < 1.1 12 0.925 0.013 0.998 0.001 0.009

NIR

0.0 < AOD < 0.1 319 0.991 0.001 1.000 −0.002 0.002
0.1 < AOD < 0.2 125 0.986 0.003 1.000 −0.002 0.003
0.2 < AOD < 0.3 56 0.985 0.004 1.000 −0.001 0.003
0.3 < AOD < 0.4 13 0.987 0.004 1.000 0.000 0.003
0.4 < AOD < 1.1 12 0.981 0.006 1.000 0.001 0.004

SWIR1

0.0 < AOD < 0.1 319 0.964 −0.001 1.000 −0.011 0.012
0.1 < AOD < 0.2 125 0.960 0.001 1.000 −0.012 0.014
0.2 < AOD < 0.3 56 0.961 0.001 1.000 −0.011 0.013
0.3 < AOD < 0.4 13 0.963 0.000 1.000 −0.013 0.015
0.4 < AOD < 1.1 12 0.964 0.000 1.000 −0.008 0.009

SWIR2

0.0 < AOD < 0.1 319 0.935 −0.001 1.000 −0.014 0.018
0.1 < AOD < 0.2 125 0.927 0.000 1.000 −0.017 0.022
0.2 < AOD < 0.3 56 0.930 −0.001 1.000 −0.016 0.020
0.3 < AOD < 0.4 13 0.925 0.000 1.000 −0.021 0.026
0.4 < AOD < 1.1 12 0.925 0.000 1.000 −0.013 0.015

1 AOD = AERONET AOD at 550 nm; 2 n = Total number of observations; 3 β = Slope; 4 α = Intercept; 5 r =
Pearson’s correlation.
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Figure 4. Cross-comparison between coincident Landsat (LaSRC) and SREM SR retrievals over
AERONET sites for low to high AOD levels from 2013 to 2018. The dashed line is the 1:1 line.

4.4. Spatio-Temporal Cross-Comparison between SREM and LaSRC Data

For performing spatial cross-comparison between SREM and Landsat SR products, six paths/rows
located in Asia (122/44), Africa (170/78), Europe (119/26 and 201/32), and the United States of America
(15/33 and 25/39) are selected to represent the diversity of land cover types, and climatic as well as
air quality conditions. Figure 5 shows the LaSRC (Landsat 8) and SREM SR displayed as RGB false
composites of bands 6, 5, 4, and the results indicate that the SREM yields SR images, which are spatially
comparable with the LaSRC SR images. A spatial differences map between SREM and Sentinel-2A
SR retrievals for the mentioned paths/rows is added as Figure S1 (supplementary data). A careful
visual comparison of any land cover feature, from any panel in Figure 5, exhibits strong alikeness and
agreement. These results show that the SREM has the ability to remove atmospheric effects without
incorporating atmospheric parameters and a precalculated comprehensive LUT based on the RTM.
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Figure 5. Spatial comparison between LaSRC (left image in each panel) and SREM (right image in each
panel) corrected images for different path/rows including (a) 122/44, (b) 170/78, (c) 201/32, (d) 199/26, (e)
15/33 and (f) 25/39. All images are composed using the "natural looking" false color composite of 654 as
RGB. All images are North up. No stretch/contrast is applied to the images.

Temporal analysis is also conducted to consider diverse surface types and atmospheric conditions
by selecting 3000 random points from each image of each path/row. This approach found 13 (122/44),
66 (170/78), 21 (199/26), 52 (201/32), 22 (15/33), and 26 (25/39) image-pairs, from 2013 to 2018. Total
numbers of coincident points for analysis are 531,462 for blue, 532,179 for green, 533,102 for red,
533,140 for NIR, 534230 for SWIR1, and 533,717 for SWIR2 bands (Figure 6). Overall, results reveal
a very good correlation between SREM and LaSRC SR products, with r close to unity (r = 0.993 to
1.00) and small values of MBE ≤ −0.002 for green, red, and NIR bands. A large value of MBE (0.020)
is observed for the blue band, which may be due to the enhanced aerosol extinction and Rayleigh
contribution. The SREM retrievals for the SWIR1 and SWIR2 are also correlated well with LaSRC
retrievals but a slight underestimation is found as indicated by the negative value of MBE (−0.009 to
−0.011). This underestimation may be due to under-correction by the Landsat atmospheric correction
algorithm as discussed in the previous sections on cross-comparison with TOA reflectance. This
investigation considers Landsat data as a “true and standard” data for cross-comparison which in fact
has its own uncertainties due to aerosol retrieval algorithm, cloud contamination, and under or over
atmospheric correction [47–49,55]. Overall, all these findings demonstrate the robust promise of SREM
to retrieve SR for diverse surfaces and under varying atmospheric conditions, without incorporating
aerosol and atmospheric parameters, in good agreement with the Landsat SR product.
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Figure 6. Cross-comparison between SREM and LaSRC data for six paths/rows located in Asia (122/44),
Africa (170/78), Europe (119/26 and 201/32), and the United States of America (15/33 and 25/39) from
2013 to 2018 for a large variety of surface types under varying atmospheric conditions. The dashed line
is the 1:1 line and the color bar represents the relative frequency of the coincident points.

4.5. Application of SREM to Derive Vegetation Indices

Vegetation indices such as NDVI, EVI, and SAVI data are computed using SREM and compared
with Landsat vegetation indices (Figure 7) for the urban (2013–2018), vegetated (2013–2018), and
desert sites (2000–2018), in order to test the suitability of the SREM data for vegetation and crop
monitoring. Results reveal high consistency in the SREM computed vegetation indices NDVI (Figure 7a),
EVI (Figure 7b), and SAVI (Figure 7c) compared to Landsat, as most of the observations are found close
to the 1:1 line (dotted line) with slope from 0.951 to 1.086, intercept from 0.013 and 0.017, Pearson’s
correlation from 0.995 to 0.997, and MBE from 0.007 to 0.024. This comparison is worthy, as an error in
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the surface reflectance can introduce error in the indices and their potential applications. For example,
the SREM SR slightly overestimates in the blue band compared to Landsat, which leads to a larger
MBE (0.024) and slopes in the SREM EVI (which uses blue, red, and NIR bands) compared to the NDVI
and SAVI, which do not incorporate the blue band. These results show that the SREM SR product is
faithful and reliable and can be used for vegetation mapping and monitoring on a global scale.

Figure 7. Cross-comparison of NDVI (a), EVI (b), and SAVI (c) data based on the SREM and Landsat
(LEDAPS and LaSRC) SR products from 2000 to 2018 for the 35 selected urban, vegetated, and desert
sites. The dashed line is the 1:1 line; the grey line = SREM retrievals; the black line = Landsat retrievals
which are partially hidden by SREM.

4.6. SREM Implementation in Sentinel-2A and MODIS Data

To further substantiate the applicability of the SREM, preliminary analyses are conducted by
SREM using Sentinel-2A and Aqua-MODIS data for Beijing, a city with mixed bright urban surfaces
and under effects of severe air pollution episodes. The SREM is applied to cloud-free green band
images of Sentinel-2A at 10 m spatial resolution from 8 January to 18 May, 2017, and MODIS at 500 m
spatial resolution for the year 2014 (Figure 8). For comparison purposes, the Sentinel-2A SR images
are processed using the latest version 2.5.5 of the Sen2Cor atmospheric correction processor, and the
Aqua-MODIS Level 2 surface reflectance swath product (MYD09) is used. Figure 8 indicates that most
of the scatter points are on or close to the 1:1 line with a high value of r from 0.925 (MODIS) to 0.994
(Sentinel-2A) and small values of MBE from −0.009 (Sentinel-2A) to 0.007 (MODIS) and RMSD of
0.014 for both. The slope between SREM and Sentinel-2A is less than the slope observed for SREM vs.
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MODIS due to “under-correction “of the Sentinel-2A SR data by the atmospheric correction algorithm,
i.e., Sentinel-2A SR values are greater than TOA reflectance over bright surfaces, whereas, SREM SR
values are less than TOA reflectance over these surfaces (Figure S2). Overall, these preliminary results
suggest that the SREM has the potential to estimate SR also for other multispectral satellite data.

Figure 8. Cross-comparison of SREM vs. Sen2Cor 2.5.5, and SREM vs. MYD09 for the Beijing site.
Cloud-free images of Sentinel-2A at 10 m spatial resolution from 8 January to 18 May, 2017, and MODIS
at 500 m spatial resolution for the year 2014 are used for cross-comparison. The dashed line represents
the 1:1 (y = x) line and the color bar represent the relative frequency of the coincident points.

5. Conclusions

The prime objective of this study was to develop a new Simplified and Robust Surface Reflectance
Estimation Method (SREM) based on the Satellite Signal in the Solar Spectrum (6SV) radiative transfer
(RT) model equations, without integrating information on aerosol particles and atmospheric gases.
The SREM surface reflectance (SR) retrievals were validated against in situ measurements collected by
an Analytical Spectral Devices (ASD) spectrometer, and cross-compared with Landsat (LEDAPS and
LaSRC) SR products for diverse land surfaces and varying atmospheric conditions, as well as tested on
Sentinel2A and MODIS data products. This study concluded that the SREM is capable of accurately
estimating spectral surface reflectance (SR) without incorporating information on aerosol particles
and atmospheric parameters, and the SR retrievals are comparable with the SR data collected by the
ASD spectrometer as well as those provided by Landsat SR products (LEDAPS and LaSRC) which use
the 6SV model. Larger positive values of MBE were observed for coastal aerosol band compared to
longer wavelengths, which may be related to increase scattering effects at lower wavelengths. Large
negative values of MBE were observed in SREM from green to SWIR2 bands when compared to
Landsat, which were mainly due to “under-correction (lack of atmospheric correction)” of data by
the Landsat atmospheric correction algorithms when compared to TOA reflectance. The preliminary
analysis implies that SREM has a strong potential for augmenting vegetation and crop monitoring and
it can be implemented with Sentinel-2A and MODIS data or other multispectral satellite data sets.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/11/1344/s1,
Figure S1: A spatial difference map between SREM and LaSRC corrected images for different path/rows including
(a) 122/44, (b) 170/78, (c) 201/32, (d) 199/26, (e) 15/33, and (f) 25/39. The color bar represents the spatial differences
between −0.02 and +0.02; Figure S2: Map shows the “under-correction” of Sentinel-2A SR data over bright surfaces
compared to the SREM SR data, i.e., Sentinel-2A SR values are greater than the TOA reflectance. No stretch/contrast
is applied to the images.
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Appendix A

Table A1. List of the Landsat 5 and 7 images used coincident with the ASD spectrometer data for SDSU
site obtained from Maiersperger et al. (2013) [35].

Date Image ID

2003-08-26 LE07_L1TP_029029_20030826_20160927_01_T1
2006-06-15 LE07_L1TP_029029_20060615_20160925_01_T1
2007-07-20 LE07_L1TP_029029_20070720_20160922_01_T1
2008-06-12 LT05_L1TP_029029_20080612_20160906_01_T1
2008-07-14 LT05_L1TP_029029_20080714_20160906_01_T1
2008-08-23 LE07_L1TP_029029_20080823_20160922_01_T1
2008-09-16 LT05_L1TP_029029_20080916_20160905_01_T1
2009-05-30 LT05_L1TP_029029_20090530_20160905_01_T1
2010-08-05 LT05_L1TP_029029_20100805_20160831_01_T1
2010-08-21 LT05_L1TP_029029_20100821_20160901_01_T1
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Abstract: This study focuses on the comparison of hybrid methods of estimation of biophysical
variables such as leaf area index (LAI), leaf chlorophyll content (LCC), fraction of absorbed
photosynthetically active radiation (FAPAR), fraction of vegetation cover (FVC), and canopy
chlorophyll content (CCC) from Sentinel-2 satellite data. Different machine learning algorithms
were trained with simulated spectra generated by the physically-based radiative transfer model
PROSAIL and subsequently applied to Sentinel-2 reflectance spectra. The algorithms were assessed
against a standard operational approach, i.e., the European Space Agency (ESA) Sentinel Application
Platform (SNAP) toolbox, based on neural networks. Since kernel-based algorithms have a heavy
computational cost when trained with large datasets, an active learning (AL) strategy was explored
to try to alleviate this issue. Validation was carried out using ground data from two study sites: one
in Shunyi (China) and the other in Maccarese (Italy). In general, the performance of the algorithms
was consistent for the two study sites, though a different level of accuracy was found between the
two sites, possibly due to slightly different ground sampling protocols and the range and variability
of the values of the biophysical variables in the two ground datasets. For LAI estimation, the best
ground validation results were obtained for both sites using least squares linear regression (LSLR) and
partial least squares regression, with the best performances values of R2 of 0.78, rott mean squared
error (RMSE) of 0.68 m2 m−2 and a relative RMSE (RRMSE) of 19.48% obtained in the Maccarese
site with LSLR. The best results for LCC were obtained using Random Forest Tree Bagger (RFTB)
and Bagging Trees (BagT) with the best performances obtained in Maccarese using RFTB (R2 = 0.26,
RMSE = 8.88 μg cm−2, RRMSE = 17.43%). Gaussian Process Regression (GPR) was the best algorithm
for all variables only in the cross-validation phase, but not in the ground validation, where it ranked
as the best only for FVC in Maccarese (R2 = 0.90, RMSE = 0.08, RRMSE = 9.86%). It was found that the
AL strategy was more efficient than the random selection of samples for training the GPR algorithm.

Keywords: LAI; LCC; FAPAR; FVC; CCC; PROSAIL; GPR; machine learning; active learning

1. Introduction

Accurate quantitative estimation of biophysical variables is of crucial importance for different
agricultural and ecological applications. Such variables include leaf area index (LAI), leaf chlorophyll
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content (LCC), fraction of absorbed photosynthetically active radiation (FAPAR), fractional vegetation
cover (FVC), and canopy chlorophyll content (CCC). Their knowledge is valuable, for example,
for precision agriculture [1], crop traits monitoring [2], and improved yield prediction and reduction
of fertilizer usage [3,4]. The retrieval of vegetation biophysical variables from multispectral optical
satellite data has been performed by many studies in the last decades [2,5]. In time, there have been
significant developments in the algorithms used for such tasks, with a shift from empirical to more
physically-based approaches. Starting from simple parametric regressions between vegetation indices
and biophysical variables such as LAI and LCC [6–8], the current state of the art relies on hybrid
methods exploiting at the same time radiative transfer models (RTM) and non-linear non-parametric
regression algorithms [5,9,10]. The methods based on the relationship of, for example, vegetation
indices and biophysical variables by the means of fitting functions, typically use the information
provided by two or a few spectral bands. This limits the strength of such methods in today’s scenarios
where tens or even hundreds of spectral bands are available, respectively, in current super-spectral [11]
or forthcoming hyperspectral [12,13] spaceborne sensors.

On the other hand, many of the approaches that have been more recently developed for the
retrieval of biophysical variables exploit machine learning regression algorithms (MLRAs). These
algorithms have gained wide popularity since they allow the use of more complex models, by requiring
only one time-consuming training phase, but allowing their fast application any time thereafter for
the retrieval [14,15]. Another advantage of these algorithms is the possibility of training them with
full spectral information, thus overcoming issues of band selection or transformation, as in the case
of parametric regression methods [16]. These algorithms are adaptive and have the ability to cope
with the strong non-linearity inherent in remote sensing data [17,18]. Despite their advantages, these
algorithms are computationally demanding, so for some MLRAs it is difficult to carry out a training
phase with a large number of samples, though there are some that perform well also when trained
with small datasets [19]. Some of the MLRAs are also considered black boxes, e.g., neural networks
(NNs) [11,20], in which no insight is given about the physical processes linking the spectral reflectance
with the biophysical variables. Others, such as partial least squares regression (PLSR) or Gaussian
processes regression (GPR), can instead provide some information on what spectral bands are more
relevant. In hybrid methods, MLRA can be trained using physically-based modelling approaches
that describe the transfer and interaction of radiation inside the canopy based on physical laws,
thus providing explicit relations between the biophysical variables and canopy spectral reflectance.
When used in the direct mode, biophysical variables are used as input to the physical based RTM,
which in turn simulates the top-of-canopy (TOC) spectral reflectance [9]. Using turbid-medium
RTMs it is easy to generate during a short time a large simulated database, with realistic ranges of
variation of biophysical variables and their corresponding simulated spectra, within the limits of the
assumptions of the RTM on canopy properties. These pairs of biophysical variables and reflectance
spectra can be used either in numerical optimization or in look up table (LUT) retrieval methods,
by minimizing a cost function expressing the differences between observed (e.g., from satellite data)
and RTM model’s simulated reflectance and looking up the corresponding values of the biophysical
variables [21]. For operational applications, due to the pixel-by-pixel calculations, these algorithms are
computationally very demanding. These methods are also strongly affected by noise and measurement
uncertainties [11]. As inversion methods of physically-based RTMs, they suffer from the limitation of
the ill-posed nature of model inversion [22,23], by which different combinations of canopy variables
lead to local minima having similar reflectance spectra [24].

In the hybrid methods of retrieval, the database obtained from RTM simulations can be used
to train MLRA which are able to establish complex non-linear, non-parametric models linking the
biophysical variables and the spectral reflectance [9,11]. Hybrid methods have found widespread
application and have reached the operational stage, in particular with the application of NNs [25–27]
trained with the RTM PROSAIL [28,29], such as the algorithm implemented in Sentinel Application
Platform (SNAP) biophysical processor tool [29], developed by the European Space Agency (ESA). Leaf
area index retrieval using NNs trained with PROSAIL is also carried out operationally for Cyclopes
and Moderate Resolution Imaging Spectrometer (MODIS) products [30]. However, NN training is a
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delicate phase and requires the tuning of multiple parameters, which greatly impacts the robustness
of the approach [18]. Thus, in recent years, increasing attention has been paid to alternatives to
NNs that are simpler to train and have better potential for retrieval accuracy, such as kernel-based
methods [31]. These methods solve non-linear regression problems by transferring the data to a
higher dimensional space by the means of a kernel function [16]. Kernel-based algorithms have
been suggested to offer some advantages in comparison to NNs. Kernel ridge regression (KRR) has
proven to be simple for training and to yield competitive accuracy [18]. Gaussian process regression
(GPR) is partially transparent compared to the black box nature of NNs. It allows the use of different
kernel functions, ranging from simple to very complex, and it also provides uncertainty estimates
with the mean value of prediction [10,32]. Gaussian process regression and KRR have been used to
estimate successfully LAI and LCC [10,33]. Unfortunately, some kernel-based algorithms, such as GPR
and KRR, are computationally very expensive if trained on large sets of simulations [9,10]. In order
to have a general-purpose database, including a wide range of vegetation types, generally a huge
number of simulations are performed [10]. However, not all pairs of the reflectance and corresponding
biophysical variables will be relevant. Few attempts have been made by the researchers to optimize
the simulations that are generated by the physically-based models [10,34]. Active learning (AL) has
been proposed as a useful strategy to reduce the size of the RTM-generated database, to make the
training of the kernel-based algorithms such as GPR more feasible [10]. Active learning is a sub-field
of machine learning, also called optimal experimental design in statistics [35]. It initially starts with a
small subset of the samples, and then, based on query strategies using either uncertainty or diversity
measurement criteria, adds iteratively new samples to the initial training set of samples. In this way,
the most informative samples in a dataset are selected, avoiding redundancy [10]. Active learning
techniques have a great potential to optimally sample sets generated by RTM.

Very few studies [9,10] have reported the potential of kernel-based methods using AL
techniques in relation to the retrieval of biophysical variables such as LAI, LCC, FVC, FAPAR, and
CCC. In particular, although the estimation of these variables from hyperspectral data has been
demonstrated [28], the suitability of multispectral satellites has yet to be fully proven, especially for
biochemical variables such as LCC. The European Space Agency Sentinel-2 mission has been shown to
provide data of a high radiometric quality [36] and has a higher revisit frequency than what is planned
for hyperspectral satellites in the near future. Because of the availability of a larger number of spectral
bands than other multispectral satellites, and of the inclusion of the red edge region of the spectrum,
Sentinel-2 has a good potential for the estimation of these variables [9].

This work explores the application of kernel-based GPR using AL for biophysical variables
retrieval from Sentinel-2, comparing the potential of this algorithm with other MLRAs and in particular
of the version implemented operationally in SNAP.

The main objectives of this study are thus: (1) to compare the performances of different MLRAs,
in particular with respect to the algorithm based on NNs implemented in the biophysical processor
tool of the ESA SNAP toolbox, by using the same database of PROSAIL simulations [29]; (2) to assess
the accuracy of estimation of the biophysical variables LAI, LCC, FAPAR, CCC, and FVC in the wheat
crop, for kernel-based (GPR) and non-kernel-based MLRA hybrid methods of retrieval; (3) to explore
the feasibility and potential of the use of AL strategies to optimally sample redundant PROSAIL
simulations, to minimize computational time and complexity and allow the use of computationally
demanding MLRAs (such as GPR) in hybrid methods.

2. Materials and Methods

The methodology adopted in this work (Figure 1), for the comparison of hybrid methods of
biophysical variables retrieval, employed simulations carried out with the model PROSAIL [37] for
training MLRA and finally applying them to Sentinel-2 data for assessment with ground measurements
collected in two study areas, respectively in Italy and China. The procedure involved the following
steps, illustrated in detail in the following sections: (1) generation of simulations with the model
PROSAIL; (2) training MLRAs with model simulations and cross-validation; (3) Sentinel-2 data
pre-processing; and (4) validation using ground data.
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Figure 1. Flow-chart of the methodology used for the present study. Retrieval of biophysical variables:
Leaf area index (LAI), Leaf chlorophyll content (LCC), Fraction of vegetation cover (FVC), Fraction
of absorbed photosynthetically active radiation (FAPAR) and Canopy chlorophyll content (CCC).
Radiative Transfer Model (RTM) parameters abbreviations are reported in Table 1. The RTM was used
to train Machine Learning Algorithms (MLRA) including Gaussian Process Regression (GPR) using
Active Learning (AL). Accuracy was assessed using the root mean squared error (RMSE) and relative
RMSE (RRMSE).

2.1. Generation of PROSAIL Simulations

The model PROSAIL [37] is a widely used RTM for generating realizations of TOC canopy
reflectances by considering measured biophysical variables of the crop of interest. It is a combination of
the leaf level model PROSPECT [38] and canopy level model SAIL [39]. It has been inverted over a large
range of vegetation canopies [40–46] with varying degrees of success. Reflectance and transmittance
of a leaf from the PROSPECT model was used as an input for the SAIL model with the soil optical
properties and illumination and observation geometry.

The benchmark against which the different hybrid methods were assessed in this study was the
NN algorithm implemented in the ESA SNAP Sentinel-2 Toolbox, as biophysical processor. For this
reason, PROSAIL simulations were generated using the same input parameter values and configuration
as used for SNAP (M.Weiss personal communication), by following the Sentinel-2 Toolbox level 2
products Algorithm Theoretical Basis Document (ATBD) [29], with the exception of the geometry of
observation and illumination which was set only for the conditions of our validation dataset (Section 2.3).
The PROSAIL parameters were sampled using a fully orthogonal experimental plan [47], using a
component of the BV-NNET (Biophysical Variables Neural Network) tool developed by Reference [48].
This procedure consists of identifying classes of values for each variable. Then all the combinations of
classes are sampled once. Finally, the actual values of each variable are randomly drawn within the
range of variation defined by the corresponding class, according to the distribution law specified for
the variable considered. This process allows to take into account all the interactions among parameters,
while having the range of variation for each variable densely and near randomly populated [29].
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Table 1 reports the parameter ranges, statistical distribution, and number of classes of the PROSAIL
model that were used in the present work, which were the same as those employed for training NNs in
SNAP (M. Weiss personal communication). A total of 41,472 simulations were generated, representing
an extensive range of vegetation properties.

The PROSAIL model top of the canopy (TOC) full spectra (at 1 nm resolution) were then
resampled, using Sentinel-2 spectral response functions, to the same eight bands as used in the
Sentinel-2 level 2 products ATBD [29], i.e., bands 3 to 7, 8a, 11, and 12, excluding the bands most
affected by atmospheric attenuation. The spectral resampling was carried out according to Equation (1):

ρ =
N

∑
i

[
β(λ)

∑N
i β(λ)

]
∗ ρ(λ) (1)

where ρ and ρ(λ) are, respectively, the resampled Sentinel-2 reflectance and the PROSAIL reflectance at
wavelength λ. β(λ) represents the weight of the band’s spectral response function of the Sentinel-2 MSI
sensor, whereas i and N are, respectively, the minimum and maximum wavelengths of the Sentinel-2
band. Similarly, a Gaussian noise model was used to better describe actual Sentinel-2 characteristics
as well as the ability of the RTM used to represent actual reflectance. The noise was computed as
follows [29]:

R∗(λ) = R(λ)(1 + MD(λ) + MI)/100) + AD(λ) + AI (2)

where R(λ) and R*(λ) are the raw simulated reflectance and reflectance contaminated with noise,
respectively. Multiplicative wavelength dependent noise and multiplicative wavelength independent
noise are represented as MD and MI. Similarly, AD and AI are the additive wavelength dependent
noise and independent noise, respectively. A value of 0.01 was used for AD and AI and a value of 2%
was used for MD and MI for all the bands.

Table 1. Input parameter value ranges, number of classes, and statistical distributions used for
generating the training database with the PROSAIL model.

Variable Units Min Max Mode SD Class Law

Canopy

Leaf area index (LAI) - 0 15 2 2 6 log_normal
Avearge leaf angle (ALA) - 30 80 60 20 3 gaussian
Hot spot parameter (HsD) - 0.1 0.5 0.2 0.5 1 gaussian
Leaf structure index (N) - 1.2 1.8 1.5 0.3 3 gaussian

Leaf

Leaf chlorophyll content (LCC) μg
cm−2 20 90 45 30 4 gaussian

Leaf dry matter content (Cdm) g cm−2 0.003 0.011 0.005 0.005 4 gaussian
Leaf water content (Cw_Rel) - 0.6 0.85 0.75 0.08 4 uniform
Brown pigments (Cbp) - 0 2 0 0.3 3 gaussian

Soil Soil brightness (Bs) - 0.5 3.5 1.2 2 4 gaussian

2.2. Training Machine Learning Algorithms

Some of the most widely-used parametric and non-parametric regression algorithms were trained
(or calibrated) with the simulations generated by the PROSAIL model, including linear regression,
non-linear regression, hierarchical tree-based approaches, and kernel-based algorithms (Table 2).

The non-kernel-based regression methods evaluated in this study were: least squares linear
regression (LSLR), partial least square regression (PLSR), NNs, regression trees (RegT), bagging trees
(BagT), boosting trees (BooT), random forest fit ensemble (RFFE), and random forest tree bagger
(RFTB). We also assessed the kernel-based MLRA GPR, by combining it with an AL strategy. A brief
description and the references where these methods are described in detail are reported in Table 2.
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Table 2. Summary of the algorithms compared in this study.

Algorithm Brief Description References

LSLR
Least Square Linear Regression relies on the linear relationship between
explanatory variables, parameters, and the output variable. [49]

PLSR
Partial Least Square Regression performs the regression on the projections
generated using partial least squares approach. [50]

NN

Neural Networks is an architecture composed of multiple layers of artificial
neurons. For this study, hyperbolic tangent function was used and NN
architecture was optimized with the Levenberg–Marquardt learning algorithm
with a loss function.

[5,18,51]

RegT
Regression Trees was initially a classical approach of decision trees, in which
sorting and grouping methods were added to model non-linear relationships. [52]

BooT
Boosting Trees works by sequentially applying a classification algorithm to
reweighted versions of the training data and then taking a weighted majority
vote of the sequence of the classifiers thus produced.

[5,53]

BagT
Bagging Trees is a method for generating multiple versions of a predictor and
using them to obtain an aggregated predictor. [54]

RFFE

Random Forest Fit Ensemble is an ensemble to decision tree-based approach for
improving the prediction accuracy, such that each tree depends on the values of a
random vector sampled independently and with the same distribution for all
trees in the forest.

[55]

RFTB
Random Forest Tree Bagger combines the bagging approach with the generalized
approach of random forest of aggregating multiple decision trees. [54,55]

GPR

Gaussian Process Regression are non-parametric kernel-based probabilistic
models, based on Gaussian processes. They are described as a collection of
random variables, any finite number of which have a joint Gaussian distribution.
GPR also provides uncertainty estimates with the mean value of prediction.

[56,57]

The simulation dataset of 41,472 spectra was used for training the different algorithms. Because
of the long processing time required for the training, and of the necessity of having replicates in
order to carry out a statistical analysis of the results, 10 subsets of 2500 samples were extracted
randomly (with replacement) from the PROSAIL simulated spectra dataset. All the MLRA were
trained (and subsequently validated) ten times with the subsets of 2500 simulations each, except
for GPR. Since the latter was more computationally demanding, we adopted an AL procedure for
selectively further reducing the size of the training set.

Active learning (AL) is a technique which starts from a small set of initial training data and
optimally selects samples from a larger data pool, based on different criteria, such as uncertainty
or diversity indicators. Samples from the data pool are picked up and added to the initial training
dataset, based on diversity criteria. Selecting samples by diversity ensures that added samples are
dissimilar from those already accounted for. To identify the best method for selecting the samples
from the data pool, we have used three different diversity-based criteria which performed as the best
in a previous study [10]. These are angle-based diversity (ABD), Euclidean distance-based diversity
(EBD), and cluster-based diversity (CBD). In the implementation used in this work, these criteria were
applied also to the label information (i.e., the biophysical variables), since this was available in the data
pool (Verreslt J., personal communication). Each process in AL was started with 50 samples as initial
training data and the remaining 2450 samples in a data pool. Subsequently, a maximum of 50 samples
were added per iteration, with stopping criteria of 100 iterations or a RMSE decrease lower than 50%.
Only when performance was improved were the samples added. The whole AL process was repeated
10 times starting from the different subsets of 2500 records each.

In the comparison of the different diversity-based criteria, the full training set of 2500 samples
was also used as a reference. Following this assessment, since EBD was the best performing method
(see Results section), we only used EBD to further train and validate GPR with AL.

For all the algorithms described above, a cross-validation was performed with a k-fold strategy,
where k is the number of folds with a value of 10.

The implementation of all the MLRAs was performed with the Matlab ARTMO Toolbox version
3.24 [58].
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2.3. Validation with Sentinel-2 Data and Ground Measurements

Once the regression algorithms described in the previous section were trained using the PROSAIL
simulations, they were applied to Sentinel-2 data acquired over two sites, Maccarese (Central Italy)
and Shunyi (China). For both sites, cloud-free Sentinel-2 images were selected for the closest date
to ground measurement collection (Table 3). Only the same 8 Sentinel-2 bands that had been used
to resample PROSAIL simulations, i.e., bands 3 to 7, 8a, 11, and 12, were used. This band selection
was established as optimal for biophysical variables retrieval, by reducing the noise introduced by
atmospheric effects [29,59]. The images were initially processed for atmospheric correction with the
Sen2cor tool implemented in SNAP (version 6.0) to obtain level 2A TOC reflectance and then resampled
to a 10-m pixel size.

Maccarese (41.833◦ lat. N, 12.217◦ long. E, alt. 8 m a.s.l.) is located on the west coast of Central
Italy, near Rome. It is a private farm of 3200 ha in a flat area with large fields. Field campaigns to
measure biophysical variables on the durum wheat (Triticum durum Desf.) crop were carried out for
this location from January 2018 to April 2018, for different growing conditions of the crop of interest,
at dates close to Sentinel-2 acquisitions. The variables were sampled according to an elementary
sampling unit (ESU) scheme, to capture the variability within and among different fields. Each ESU
consisted of a quadrat of 20 m by 20 m size, to easily accommodate the Sentinel-2 10-m pixel resolution.
A total of 15 ESUs, placed at different locations were employed at different sampling dates. Each of the
ESUs contained nine points, where LAI and LCC measurements were collected. Leaf area idex was
measured using the LAI-2000 or the LAI-2200C Plant Canopy Analyzer (LI-COR, Lincoln, NE, USA).
Since LAI 2000/2200C measurements were not always acquired under diffuse light conditions, data
were pre-processed by applying the recommended scattering correction procedure [60]. Four readings
were taken above the canopy, with and without diffused cap and six readings below the canopy with
90◦ cap. While processing for scattering corrections five angles of directions 7◦, 23◦, 38◦, 53◦, and 68◦

were considered, i.e., LAI measurements including the extreme rings.

Table 3. Sentinel-2 acquisitions and ground measurements dates.

Site Date-Ground Measurements Date-S2 Acquisition Difference (Days)

Maccarese, Italy

31 January 2018 29 January 2018 2
16 February 2018 13 February 2018 3

6 April 2018 6 April 2018 0
20 April 2018 19 April 18 1

Shunyi, China

7–8 April 2016 10 April 2016 2
20–21 April 2016 23 April 2016 2

3–5 May 2016 3 May 2016 0
18–19 May 2016 14 May 2016 4

Chlorophyll measurements were obtained using the Force-A Dualex leaf clip reader on the
top-most leaves. The calibration of Dualex on durum wheat was previously performed [61]
with an estimation accuracy with root mean square error (RMSE) values ranging between 7 and
11 μg cm−2. The following equation [61] was used to recalibrate and compute LCC from the Dualex
measured readings

LCC = −3.12 + 1.55 × (Dualex) (3)

LAI 2000/2200C measurements were also used to derive other biophysical variables, i.e., FVC
and FAPAR. FVC was obtained from the LAI values measured on the ground by using the following
equation [62]:

FVC =
(

1 − e−0.43 × LAI
)0.52

(4)

Previous studies have shown that the instantaneous FAPAR value at 10:00 (or 14:00) solar time is
very close to the daily integrated value under clear sky conditions [29,48]. A Matlab script was written
to compute FAPAR from the raw LAI-2200 data measured on the ground. The script extracts time
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dimensions, angles, and gaps fraction data from raw data files, computes day of the year and calculates
FAPAR at 10:00 hour solar time. The CCC was estimated by multiplying LAI with chlorophyll content
at leaf level.

A dataset of ground measurements corresponding to Sentinel-2 data was also collected in the
Shunyi district (40.130 lat. N, 116.654 long. E), Beijing, in China. Ground campaigns were carried
out in the period between April 2016 and May 2016 on the winter wheat (Triticum aestivum L.) crop.
Leaf area index was measured using Licor LAI 2000/2200C and chlorophyll was measured using
Force-A Dualex readings and calibrated using laboratory analysis. From April 2016 to May 2016,
at four different dates, with 24 observations per date, LAI and LCC were collected in different wheat
fields. The FVC was computed as mentioned using Equation (4). Due to the unavailability of raw LAI
data, FAPAR was not computed for this test site.

The ground validation dataset was thus composed of 45 samples for Maccarese (each one the
average of an ESU) and 96 samples for Shunyi.

2.4. Comparative Assessment of MLRAs

We used r2, root mean square error (RMSE), and relative RMSE (RRMSE %) to assess the accuracy
of the retrievals for both the k-fold cross validation and the ground validation. The RRMSE was used
to compare the performances across different MLRAs and variables [18]. In general, the performances
of the models were estimated by comparing the differences among RRMSE of the estimated and
measured values of different biophysical variables. Lower RMSE values corresponded to higher
accuracy of the algorithms for the retrieval of biophysical variables from Sentinel-2.

To assess the presence of statistically significant differences among the performances of the
models, we applied a Friedman test to the computed metrics [63]. Whenever the Friedman
test revealed significant differences (p < 0.001) among the metric means, which indicated the
presence of significant differences among the models, a Friedman’s aligned ranks post-hoc test,
followed by Benjamini/Hochberg (non-negative) adjusted for p-values, was performed for multiple
pairwise comparisons.
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3. Results

The full simulation dataset generated with PROSAIL was used as a source of subsets for
training the different MLAs, as described in the methods section, except for GPR for which a data
reduction procedure based on AL was employed. Preliminarily, for GPR we compared three different
diversity-based criteria used to perform AL, with respect to the full training with 2500 samples. Figure 2
shows the comparison of the different methods of sample selection in terms of R2 and RMSE with
respect to the number of iterations, for all the variables, applied to the Maccarese dataset. Only when
the performance was improved were the samples added. This explains why fewer samples were added
than potentially possible, i.e., less than 50 samples were added for each iteration (e.g., in Figure 2a the
final sample size for CBD was of 1347 at 75 iterations).

The Euclidean distance-based diversity metric EBD surpassed ABD and CBD, achieving higher
r2 and lower RMSE values, i.e., higher accuracy and lower error, with a lower number of samples
and iterations. The best performing EBD was thus subsequently used in all further applications of
AL in the present work. It should be noted that the training of GPR with the full set of 2500 samples,
i.e., without AL, provided worse performance than AL in all cases except for FAPAR, despite using a
larger dataset for training, revealing some redundancy in the full set.

 

Figure 2. Cont.
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Figure 2. Comparison of three diversity criteria of data pool samples selection in AL, i.e. angle-based
diversity (ABD), Euclidean distance-based diversity (EBD), and cluster-based diversity (CBD) for the
different biophysical variables for the Maccarese dataset. (a,f) LAI; (b,g) LCC; (c,h) FVC (d,i) FAPAR;
(e,j) CCC. The values in parentheses in the legend indicate the final size of the training dataset after the
Active learning process. The star symbol indicates the final samples after reaching the AL stopping
criteria (see text). The horizontal dashed line indicates the performance of the GPR training with the
full dataset of 2500 samples without AL.

In the comparison to all the algorithms tested, the cross-validation metrics give an indication
of their performance, though the actual accuracy can be more realistically assessed using ground
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validation results. Tables 4 and 5 report the summary of RMSE estimates for both cross-validation and
ground validation for the Maccarese and Shunyi datasets, respectively, for all the algorithms tested.

Table 4. Mean RMSE values of the 10 replicates for the estimation of LAI, LCC, CCC, FVC, and FAPAR
using different machine learning algorithms (MLRAs) for cross-validation (CV) and ground validation
(GV), for the Maccarese test site. Abbreviations for the MLRAs are reported in Table 2. Values sharing
the same letters are not significantly different according to Friedman’s aligned rank post-hoc test.
The best results for each variable are highlighted in bold.

MLRA
LAI LCC CCC FVC FAPAR

CV GV CV GV CV GV CV GV CV GV

BagT 0.99 b 1.01 d 11.4 c 8.90 a 45.83 a,b 46.12 b 0.05 c 0.08 a 0.08 c 0.11 a

NN (ARTMO) 1.04 c 0.90 b 11.02 b 10.68 b,c 46.53 b 52.1 c 0.05 b 0.09 b,c 0.07 b 0.11 a

RFTB 1.00 b 0.93b c 11.55 c,d 8.88 a 46.47 b 44.71 b 0.06 d 0.08 a 0.08 c 0.10 a

PLSR 1.18 e 0.69 a 11.16 b 11.6 c,d 53.25 c 40.44 a 0.06 e 0.13 d 0.09 e 0.12 b

LSLR 1.18 e 0.68 a 11.15 b 12.05 d 53.14 c 40.86 a 0.06 e 0.13 d 0.09 e 0.12 b

BooT 1.14 d 0.98 c,d 11.61 d 10.94 b,c 52.08 c 57.51 c,d 0.06 f 0.09 b 0.08 d 0.11 a

RegT 1.30 f 1.17 e 14.99 e 11.63 c,d 60.26 d 61.22 d,e 0.07 g 0.09 b,c 0.10 f 0.12 b

RFFE 1.40 g 1.44 f 16.03 f 13.18 d 64.36 d 68.32 e 0.08 h 0.10 c 0.11 g 0.12 b

GPR + AL 0.94 a 1.31 f 10.55 a 10.22 b 43.81 a 54.56 c 0.05 a 0.08 a 0.07 a 0.11 a

NN (SNAP) 0.74 10.94 44.61 0.108 0.105

Table 5. Mean RMSE values of 10 replicates for the estimation of LAI, LCC, CCC, FVC and FAPAR
using different machine learning algorithms (MLRA) for cross-validation (CV) and ground validation
(GV), for the Shunyi test site. Abbreviations for the MLRAs are reported in Table 2. Values sharing the
same letters are not significantly different according to Friedman’s aligned ranks post-hoc test. The best
results for each variable are highlighted in bold.

MLRA
LAI LCC CCC FVC

CV GV CV GV CV GV CV GV

BagT 0.99 b 1.74 c,d 11.67 d 17.28 a 46.12 b 56.72 a 0.05 c 0.19 c

NN(ARTMO) 1.02 b 1.42 b 11.27 b 24.41 c 46.52 b 98.14 e 0.05 b 0.17 a

RFTB 1.00 b 1.67 c 11.8 e 16.77 a 46.69 b 56.51 a 0.05 d 0.19 c

PLSR 1.18 d 1.01 a 11.43 c 24.77 c 52.94 c 68.11 c 0.06 f 0.18 b

LSLR 1.18 d 1.00 a 11.43 b,c 25.98 b,c 52.86 c 74.33 d 0.06 f 0.18 b

BooT 1.12 c 1.46 b 11.91 e 25.91 d 51.69 c 94.77 e 0.05 e 0.18 b

RegT 1.32 e 1.76 d 15.26 f 20.75 b 60.63 d 62.71 b 0.07 g 0.21 d

RFFE 1.42 e 2.14 e 16.36 g 25.62 b 64.29 d 76.96 d 0.07 h 0.21 d

GPR + AL 0.93 a 1.98 e 10.79 a 22.75 b 42.55 a 61.35 b 0.05 a 0.18 b

NN (SNAP) 1.16 23.61 123.53 0.18

For Maccarese (Table 4), LSLR and PLSR were the best performing algorithms for LAI retrieval
when validated with ground data, in terms of RMSE, with values of 0.68 (R2 = 0.78, RRMSE = 19.48%)
and 0.69 (R2 = 0.78, RRMSE = 19.84%) respectively. These were also the fastest computing algorithms
among all the MLRAs in terms of time required for training (data not shown). The cross-validation
and ground validation results (Figure 3a) indicated that LSLR apparently did not show saturation,
even up to LAI values of 5 or 6. The retrieval of LCC was best performed by RFTB (Figure 3b)
and BagT, with RMSE values of 8.88 μg cm−2 (R2 = 0.26 and RRMSE = 17.43%) and 8.90 μg cm−2

(R2 = 0.27 and RRMSE = 17.46%). An overestimation of LCC was observed (Figure 3b). The lowest
RMSE of 40.44 g cm−2 (R2 = 0.74 RRMSE = 22.7%) (Figure 3e), was obtained for the retrieval of CCC
with PLSR. The retrieval accuracy of LSLR was not significantly different from that of PLSR for CCC
(RMSE = 40.86 g cm−2, R2 = 0.74 and RRMSE = 22.9%). Indeed, PLSR was not significantly different
from LSLR in terms of RMSE for all the variables considered. The lowest RMSE for FVC was 0.08
(R2 = 0.9 and RRMSE = 9.8%), obtained with the GPR algorithm (Figure 3c). For FVC, RFTB and BagT
were also not significantly different from GPR in terms of RMSE. The FAPAR was best retrieved with
a RMSE of 0.10 (R2 = 0.41 and RRMSE = 12.06%) using the RFTB approach (Figure 3d), although GPR
was not significantly different in terms of RMSE, which was only slightly higher. It was observed
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that, even in the best performing algorithms, an underestimation of low values of FVC and FAPAR
was apparent (Figure 3c,d). It should also be noted that these latter variables show a smaller range
of variation in the measured values as compared to the other biophysical variables. As can be seen,
GPR was always the best performing algorithm in the cross-validation results, but this was not
confirmed by the ground validation tests, with the exception of FVC and FAPAR estimation.

 

Figure 3. Cont.
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Figure 3. Best performing algorithms for the retrieval of (a) LAI, (b) LCC, (c) FVC, (d) FAPAR,
and (e) CCC for the Maccarese test site. The horizontal error bars represent the standard deviation
of measurements inside each ESU. Vertical error bars represent uncertainty estimates using GPR for
FVC (c).

As can be observed from the horizontal error bars of Figure 3, considerable variability occurred
among ground measurements inside ESUs, despite the visually apparent homogeneity of the crop
canopy in the sampled area of each ESU.

For the Shunyi datasets (Table 5), the ground variability could not be reported for LAI, for which
single-point measurements were carried out, but an estimate of the variability for chlorophyll could be
made since multiple measurements were available for each point (Figure 4b).

Figure 4. Cont.
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Figure 4. Best performing algorithms for (a) LAI, (b) LCC, (c) FVC, and (d) CCC retrieval for the
dataset from Shunyi, China. The horizontal error bars for LCC represent the standard deviation of
single chlorophyll measurements.

The best accuracy for LAI retrieval for the Shunyi site was a RMSE of 1.00 m2 m−2 (R2 = 0.73 and
RRMSE = 24.12%) obtained with LSLR (Table 5), i.e., the same algorithm providing the best results also
for Maccarese. For LAI, PLSR had a similar performance as that of LSLR, with a RMSE = 1.01 m2 m−2

and (R2 = 0.72 and RRMSE = 24.50%), i.e., also consistently with the results of LAI retrieval for Maccarese.
Similarly, for Maccarese, LCC was best retrieved with an RMSE value of 16.77 μg cm−2, (R2 = 0.41 and
RRMSE = 40.19%) using RFTB (Table 5). Although RFTB produced the lowest error for retrieving LCC, its
retrieval using BagT approach was not significantly different, with RMSE = 17.28 μg cm−2, R2 = 0.41 and
RRMSE = 41.41%. For CCC retrieval, the lowest RMSE, 56.51 g cm−2 (R2 = 0.7, RRMSE = 31.63%), was
achieved by the RFTB method. In this case, BagT was not significantly different from RFTB (R2 = 0.71,
RMSE = 56.72 and RRMSE = 31.75%). For this test site, FVC was retrieved with an RMSE of 0.17 (R2 = 0.73
and RRMSE = 23.65%) with NNs (Figure 4c). Also, for the Shunyi test site, GPR was always the best
performing algorithm in cross-validation but not in ground validation tests.

A summary of the results in terms of RRMSE for all the biophysical variables tested with different
MLRAs for both sites is presented in Figure 5.

Figure 5. Cont.
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Figure 5. RRMSE (%) for LAI, LCC, FVC, CCC, and FAPAR for Maccarese, Italy (left) and LAI, LCC,
FVC, and CCC for Shunyi, China (right).

It can be seen from Figure 5, that the k-fold cross-validation (k = 10) provided in some
circumstances worse results (higher RRMSE) than the validation with ground data (e.g., Figure 5a).
This is particularly evident for LAI and CCC for the Maccarese site. Usually, since it was carried
out with subset of the same dataset as used for the training of the MLRAs, the cross-validation error
was lower than the ground validation error, but this was not the case here, as can be seen from
Figure 5a–e. The different statistical distributions of training and ground validation data might be a
possible reason. It appears that the range of variation of the training sets was much larger than that of
the ground validation sets, with more extreme values. This could have possibly led to more unreliable
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retrievals in the cross-validation when extreme values were sampled, which did not happen in the
ground validation.

For the Shunyi test site, RRMSE values were generally higher than for the Maccarese (Figure 5),
probably because of the larger differences in the statistical distributions of the ground validation dataset
from the training set, as compared for the Maccarese and possibly for the larger error introduced by
the sampling protocol.

In general, for LAI, algorithms such as LSLR and PLSR, seemed to outperform more complex
MLRAs such as NNs, for example providing better results than those found by applying the biophysical
processor implemented in the ESA SNAP toolbox.

For leaf chlorophyll (LCC), much worse results were obtained for Shunyi than for Maccarese,
with a clear advantage of RFTB for both sites for ground validation tests. The performance of the NN
implementation of SNAP was particularly poor for Shunyi, though it should be noted that this variable
was back-calculated from the CCC variable generated by SNAP.

Fractional ground cover (FVC) showed the smallest error among all the biophysical variables
tested, alongside FAPAR which was only available for Maccarese. Neural networks provided the best
accuracies with the lowest values of relative RMSEs for the latter variable.

Although different algorithms from different families of MLRAs performed well for different
biophysical variables, the GPR was considered particularly interesting, as it provided uncertainty
estimates with the mean value of prediction (Figure 3c). However, despite its good cross-validation
results, GPR ranked as the top algorithm only for FVC and FAPAR for the Maccarese test site (Table 4).
The AL procedure only selected the most informative samples of the dataset, thus the training of GPR
was performed with a smaller set of PROSAIL simulations compared to the other algorithms, showing
that it was quite efficient and robust.

The time taken for training the models ranged from 0.003 seconds for LSLR to 47.5 seconds for
NNs and a maximum 548.3 seconds for GPR. Although, GPR took longer to train, it should be noted
that it performed AL using EBD and used fewer samples to train and achieved high accuracy in
comparison to other models.

When considering single ground sampling dates separately, generally the retrieval performances
were improved (Table 6) compared to the bulked data (Table 4). In some cases, e.g., LAI and CCC,
the worst results were obtained at the latest date, due to the fact that it was generally more difficult to
estimate higher LAI values.

Table 6. Ground validation estimation results at each ground sampling date, for the best performing
algorithms for the Maccarese test site.

MLRA
29 January 2018 13 February 2018 6 April 2018 20 April 2018

R2 RMSE R2 RMSE R2 RMSE R2 RMSE

LSLR (LAI) 0.89 0.59 0.88 0.55 0.73 0.51 0.55 1.09
RFTB (LCC) 0.91 3.01 0.55 7.75 0.25 12.56 0.11 7.03
GPR (FVC) 0.90 0.12 0.89 0.08 0.90 0.05 0.71 0.05

RFTB (FAPAR) 0.74 0.10 0.45 0.14 0.44 0.09 0.56 0.06
PLSR (CCC) 0.94 26.32 0.87 33.37 0.65 44.46 0.45 55.97

4. Discussion

There are different methods for the retrieval of biophysical variables from remote sensing data
and all the methods have their pros and cons [16]. Currently, hybrid methods have the capability of
combining physical and statistical methods and are considered state of the art. In this paper, different
MLRAs (kernel-based and non-kernel based) were trained and applied for the retrieval of the crop
biophysical variables LAI, LCC, FAPAR, FVC, and CCC with the same configuration and settings of
RTM PROSAIL simulated spectra as those implemented in ESA SNAP biophysical variables retrieval
toolbox, with the exception of the observation geometry. With the same of configuration of PROSAIL
parameters (Section 2.1), a total of 41,472 simulated spectra was generated, which turned out to be
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rather redundant and inefficient for performing the training steps. Subsets of 2500 randomly extracted
simulated spectra were used to perform the training of the algorithms and this procedure was repeated
ten times with different subsets. This was done in order to allow a comparison of alternative MLRAs
to a well-established operational algorithm [29].

The SNAP algorithm relies on the use of PROSAIL simulations for training NNs, which are the
most widely-used tools for operational biophysical variables retrieval [25–28]. The downside of the
NNs are that they require a relatively long time for training, tuning of parameters is a difficult task,
they are black box in nature, and can be unpredictable if training and validation data deviate from each
other even slightly [5]. In this paper, various alternative MLRAs outperformed NNs. For example,
LAI retrieval was best performed with LSLR and PLSR, consistently for both tests, although with
different accuracies, i.e., RMSE of 0.68 for Maccarese and 1 for Shunyi [5], compared with different
retrieval strategies for LAI and reporting the best performing algorithms for each category. In the case
of parametric regression, the best performing algorithm was Tian 3-band formulation (RMSE = 0.615
and R2 = 0.823), whereas VH-GPR performed best among non-parametric regression algorithms
(RMSE = 0.436 and R2 = 0.902). However, it should be noted that the accuracies found by these
authors, somehow better than those of the present study, could be explained by the fact that they
used cross-validation in which the training was carried out using the ground dataset, not independent
model simulations such as in the present work.

The LCC was best retrieved by the RFTB method for both sites, revealing a general overestimation,
but the error of estimation was higher for the Shunyi test site compared to the Maccarese
(Figures 3b and 4b), particularly for SNAP. Also, the error of CCC estimates was very high for the
SNAP tool compared to the other algorithms tested in this work for the Shunyi ground validation
(Figure 5i). It was previously shown by Reference [64] that Sentinel-2 bands at a 10 m spatial
resolution are suitable for estimating LAI, LCC, and CCC. They retrieved LAI (R2 = 0.809), LCC
(R2 = 0.696) and CCC (R2 = 0.818) with vegetation indices approach. Multiple vegetation indices were
compared for identification of potential vegetation index for the retrieval of LAI, LCC, and CCC in [65],
the best correlation for LCC was with the Meris Terrestrial Chlorophyll Index (MTCI) (R2 = 0.77)
and Sentinel-2 red-edge position index (S2REP) (R2 = 0.91), for LAI, inverted red-edge chlorophyll
index (IRECI) (R2 = 0.77) and NDI45 (R2 = 0.62), Normalised Difference Vegetation Index (NDVI) for
CCC (R2 = 0.70). These results are better than those found in the present work, but again, empirical
approaches employing the ground datasets were employed by these authors for the calibration of
the models.

The FVC variable was more accurately predicted than LAI or LCC, though with slightly higher
error for Shunyi. With hierarchical tree-based methods such as BagT, RFTB, and GPR, the error
reached was even lower than 10%, which is in line with Global Monitoring for Environment and
Security (GMES) goal accuracy [66] (Figure 5c). In the case of CCC retrieval, it can be noted that
the lowest RRMSE was provided by RFTB and BagT, though also GPR performs similarly to RFTB.
The FAPAR variable was only estimated for the Maccarese test site, due to the unavailability of the
ground measurements for validation, it was not estimated for the Shunyi test site. The results showed
that this variable was best retrieved with the RFTB method, with the lowest RMSE (Table 3).

The GPR was proved to be an efficient and powerful regressor for the biophysical variables
retrieval in previous reports [18]. A study conducted by Reference [18], retrieved LAI, Chl, and FVC
using different methods, such as NNs, kernel ridge regression (KRR), support vector regression,
and GPR for different Sentinel-2 and Sentinel-3 configurations. They found that an overall good
performance throughout all Sentinel configurations was provided by GPR. A study carried out by
Reference [10] also found that GPR using AL techniques is an efficient and robust method for the
retrieval of LAI and LCC from Sentinel-3 OLCI spectra. However, this was not the case in our study.
The GPR method, coupled with AL procedure, provided the best results in terms of computational
time and low error only for FVC and FAPAR ground validation tests (Figure 5c,e,h). On the other hand,
GPR generally performed as the best algorithm for the retrieval of all the biophysical variables, only
for the cross-validations tests (Tables 4 and 5). Hence, of importance for further analysis to investigate
how accurately GPR performs when validated against independent ground data. As Reference [10]
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pointed out, GPR is based on non-parametric regression in a Bayesian framework, it provides insights
in bands carrying relevant information and also in theoretical uncertainty estimates, thus partially
overcoming the black box problem [5]. These uncertainties are a useful tool for the assessment
of upscaling capabilities of biophysical variables from airborne or spaceborne platforms and their
respective scales [32]. A study conducted by [9] introduced the AL approach with GPR and SVM
regressions to deal with the problems of training sample collection for biophysical variables estimation.
Their results obtained on simulated MEdium Resolution Imaging Spectrometer (MERIS) and real
SeaWiFS Bio-optical Algorithm Mini-Workshop (SeaBAM) datasets were characterized by higher
performances in terms of both accuracy and stability with respect to a completely random selection
strategy. The present work seems to support these results highlighting the efficiency of the AL
procedure, since, when using a smaller set of selected training data, comparable results were obtained
than with a random selection of larger size (Figure 2).

5. Conclusions

Hybrid methods of biophysical variables retrieval rely on the generation of simulated spectra
using physically-based RTM for the training of MLRAs, under the assumption of a more general
applicability as compared to the training carried out using measured data, since RTMs allow to
simulate a wider range of leaf and canopy properties. Operationally, so far, only NNs have been
implemented as a hybrid method, e.g., in the ESA SNAP toolbox. Due to complexity of parameter
tuning and the black box nature of the algorithm, in recent years, several studies have focused on
alternative MLRAs such as kernel-based methods. They offer an interesting alternative to NNs in
terms of performance and computational demand, sometimes partially overcoming the black box
nature of NNs. In the present study, it was shown, using the same set of PROSAIL simulations,
that some MLRAs could provide better results than NN-based algorithms implemented in SNAP.
This was particularly evident for chlorophyll and fractional vegetation cover. It resulted that the best
performing algorithms varied according to the biophysical variables to be estimated: e.g., LSLR and
PLSR worked better for LAI, whereas RFTB and BagT for LCC. This study also showed that these
variables’ results were consistent for two different datasets respectively collected in Italy and China on
wheat, though the retrieval accuracies depended somehow on errors introduced during the ground
sampling protocol. The absolute values of the retrieval accuracies are in some cases higher than the
best performances reported in previous studies, but most of these previous studies did not train the
regression algorithms with completely independent datasets, as was done in the present study. Further
studies should be conducted to investigate alternative strategies, e.g., of active learning procedures,
using different kernel functions, and validate the retrievals using a wider range of agricultural crops,
also assessing their performance for canopies that depart more from the assumptions of the turbid
medium used in the PROSAIL RTM.
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Abstract: Quantitative equivalent water thickness on canopy level (EWTcanopy) is an important land
surface variable and retrieving EWTcanopy from remote sensing has been targeted by many studies.
However, the effect of radiative penetration into the canopy has not been fully understood. Therefore,
in this study the Beer-Lambert law is applied to inversely determine water content information
in the 930 to 1060 nm range of canopy reflectance from measured winter wheat and corn spectra
collected in 2015, 2017, and 2018. The spectral model was calibrated using a look-up-table (LUT) of
50,000 PROSPECT spectra. Internal model validation was performed using two leaf optical properties
datasets (LOPEX93 and ANGERS). Destructive in-situ measurements of water content were collected
separately for leaves, stalks, and fruits. Correlation between measured and modelled water content
was most promising for leaves and ears in case of wheat, reaching coefficients of determination
(R2) up to 0.72 and relative RMSE (rRMSE) of 26% and in case of corn for the leaf fraction only
(R2 = 0.86, rRMSE = 23%). These findings indicate that, depending on the crop type and its structure,
different parts of the canopy are observed by optical sensors. The results from the Munich-North-Isar
test sites indicated that plant compartment specific EWTcanopy allows us to deduce more information
about the physical meaning of model results than from equivalent water thickness on leaf level (EWT)
which is upscaled to canopy water content (CWC) by multiplication of the leaf area index (LAI).
Therefore, it is suggested to collect EWTcanopy data and corresponding reflectance for different crop
types over the entire growing cycle. Nevertheless, the calibrated model proved to be transferable in
time and space and thus can be applied for fast and effective retrieval of EWTcanopy in the scope of
future hyperspectral satellite missions.

Keywords: hyperspectral; spectroscopy; equivalent water thickness; canopy water content;
agriculture; EnMAP

1. Introduction

The quantification of water stored in agricultural plants plays an essential role in understanding
the impact of cultivated areas on the earth’s water cycle. Due to its close association to biochemical
factors, such as vegetation transpiration [1] and net primary production [2], the knowledge of
quantities of water contained within agricultural crops is crucial, particularly for the development
of environmental process models [3,4]. Moreover, quantifying canopy water content is important in
regards to the water use efficiency of plants [5], evaluation of plant physiological status and health [6,7],
and crop ripening monitoring [8].

Within the optical spectral domain (400 nm–2500 nm), absorption by vegetation liquid water
occurs in the near-infrared (NIR) at 970 nm and 1200 nm and in the shortwave infrared (SWIR) at
1450 nm and 1950 nm [9,10]. Due to a higher absorption coefficient in the SWIR [11] most of the
early studies combined those wavelengths with water insensitive wavelengths in the NIR to define
empirical narrow-band indices for water content retrieval [12–15]. However, the strong absorption
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by water may saturate those bands at high water contents in optically thick canopies [16]. Moreover,
absorption by atmospheric water vapor at 1450 nm and 1900 nm results in noisy measurements
which renders these spectral regions unsuitable for further analysis [9], both for top-of-atmosphere
(TOA) and top-of-canopy (TOC) spectroscopy. Some vegetation biophysical variables may disturb
the signal of water: for instance Jacquemoud, et al. [17] noted that the leaf area index (LAI) masks
the water signal between 1000 nm and 1400 nm and advised caution when using such indices for
water retrieval. The comparatively low 970 nm water absorption depth is embedded in an area of
generally high vegetation reflectance in the NIR. Due to low absorption it is expected that radiation at
970 nm penetrates deeper into the canopy reflecting a larger portion of its total water content without
a tendency to saturation [18–22]. Therefore, Peñuelas, et al. [6,7] developed the 970 nm water index
(WI) to retrieve relative plant water concentration (PWC). In the following, other studies also focused
on the 970 nm absorption to estimate canopy water content [3,5,23,24].

Methodologically, the definition of a narrow-band spectral index to retrieve vegetation water
content information constitutes the parametric regression type of methods. Their simplicity and thus
computational feasibility make them highly desirable for large-scale remote sensing applications.
However, a fundamental problem of parametric regression methods is their lack of generality and
transferability [25]. Since indices are not solely influenced by liquid water, but also affected by leaf
internal structure and leaf dry matter [26] or canopy structure, LAI and soil background [15,27,28],
the established regression-based relationships and estimated quantities of water stored in a canopy are
limited to local conditions [29]. Accordingly, the obtained results are site-, time- and crop-specific [30].
Moreover, as more hyperspectral image data with a continuous spectral coverage become accessible,
the limited use of a small number of bands does not correspond to the up to date possibilities in view
of the available data information density.

For the implications given, physically based model inversion methods have been introduced as a
promising alternative to retrieve biochemical and biophysical vegetation variables. Radiative transfer
models (RTM) describe interactions between solar radiation and vegetation constituents using physical
laws. Their ability to generate an infinite number of simulated spectra with known input parameters
conversely allows their inversion in order to estimate the underlying parameters. For the inversion of
RTMs, a variety of strategies have been applied. These include numerical optimization algorithms,
look-up table (LUT) approaches, artificial neural networks (ANN) and other machine learning
algorithms (for an overview please refer to Verrelst, et al. [25,31]). Although RTM-based inversion
methods are considered to be physically sound, the techniques require profound knowledge, are often
computationally demanding and are mathematically highly non-linear [31,32]. Another limitation of
RTM-inversion is the ill-posed nature or equifinality of model inversion. Many different parameter
sets may be equally valid in terms of their ability to reproduce a measured reflectance spectrum (for a
discussion of this topic see Atzberger and Richter [33]).

In view of future hyperspectral satellite missions like Italian PRISMA [34], US HyspIRI [35],
Israeli-Italian SHALOM [36], European CHIME [37], and German EnMAP [38] fast and efficient
retrieval methods for large datasets are required. Mathematically simpler physically-based approaches
have been applied before to circumvent the equifinality problem and to reduce the computational
effort of RTM-based model inversion. Green, et al. [39,40] originally incorporated the Beer-Lambert
law to separate liquid water from atmospheric water vapor and determine both to allow the retrieval
of surface reflectance from measured AVIRIS radiance. Thereby, the Beer-Lambert law was applied to
directly infer the path length through optically active liquid water, i.e., the equivalent water thickness
(EWT), from a measured reflectance spectrum using water absorption coefficients for pure liquid
water [41,42]. Since multiple NIR scattering, and the attendant increase in optical path length at
both the leaf and the canopy scale are not accounted for in the simple Beer-Lambert law [43,44],
absolute quantification of EWT can only be achieved by calibration. Subsequently, validation has to
be performed on accurate in-situ measurements. Studies that aimed at separating all three phases of
water were not designed to quantify canopy water content in absolute terms and therefore accurate
measurements were not carried out [45–48]. On the other hand, studies which derived water content
explicitly by applying the Beer-Lambert law often relied on the assumption that upscaling leaf EWT
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to canopy water content (CWC) could be done by a simple multiplication with the leaf area index
(LAI) (see references [5,23,25,49,50]). In other publications, biomass sampling strategies have not
been designed to deduce the single water components of a canopy that an optical sensor can actually
detect (e.g., references [21,51–53]). Consequently, validation of these approaches could not approve
translation into transferable and generally applicable retrieval tools [42].

Therefore, the objective of the present study was to test the performance of the Beer-Lambert law
to retrieve crop water content from spectra with a contiguous spectral coverage around 970 nm and
perform validation separately for leaves, stalks, and fruits by means of the two very different crop
types: corn and winter wheat.

2. Materials

2.1. Munich-North-Isar Test Site

2.1.1. Biomass Sampling and Water Content Determination

Biomass collection was performed in 2015, 2017, and 2018 at three winter wheat fields (triticum
aestivum) and two corn fields (zea mays) of communal farmland 30 km north of Munich (southern
Germany) east of the river Isar (Table 1, Figure 1).

Figure 1. Munich-North-Isar test sites overview (left) and exemplary 2017 simulated 30 × 30 m corn
EnMap-pixel with 9 ESUs (right).

Table 1. Munich-North-Isar winter wheat and corn test sites, locations, periods of sample collection,
number of biomass samples, and number of spectral measurements at cloud-free days.

Crop Type Coordinates Sampling Period No. of Samplings
No. of Spectral
Measurements

Winter wheat 48◦14′51.46′′N 11◦42′24.10′′E 10 April–29 July 2015 17 7
Winter wheat 48◦14′56.70′′N 11◦43′03.60′′E 29 March–17 July 2017 16 12
Winter wheat 48◦14′52.27′′N 11◦42′57.06′′E 04 April–13 July 2018 12 7

Corn 48◦17′06.56′′N 11◦42′49.98′′E 8 June–15 September 2017 11 8
Corn 48◦14′56.70′′N 11◦43′03.60′′E 25 May–29 August 2018 13 6

Within the fields, three different sampling points were selected based on long-term biomass
distribution pattern observations (TalkingFields Base Map: www.talkingfields.de) representing low,
medium, and high persistent relative fertility.
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Plant leaf water content is commonly expressed as equivalent water thickness (EWT, Equation (1))
corresponding to a hypothetical thickness of a single layer of water averaged over the whole leaf
area [10]:

EWT =
FW − DW

A

[
g cm−2

]
or [cm],

[
kg m−2

]
or [mm] (1)

where FW is the fresh sample weight, DW is the oven dry weight and A is the leaf area. While EWT
refers to the water content on leaf level, canopy water content (CWC, Equation (2)) is commonly
derived through extrapolation by means of the LAI:

CWC = EWT ∗ LAI (2)

Due to the linkage of LAI to the whole canopy, CWC may be biased towards the leaf fraction.
Furthermore, CWC does not allow inferring the actual water detectability of plant components in a
canopy from total detected water. Consequently, in this study total EWTcanopy (EWTleaf + EWTstalk +
EWTfruit) will be defined as the above-ground total equivalent water layer averaged over one square
meter of ground surface (Equation (3)).

total EWTcanopy = ∑(FWleaves+stalks+fruits − DWleaves+stalks+fruits)∗Ag
−1 (3)

where Ag denotes the ground area. To monitor the development of total amounts of water stored
in the canopy throughout the growing season, biomass samples were collected on a weekly basis.
In case of wheat, a minimum transect of 50 cm along a sowing track or an area of 0.25 m2 was cut
at soil level. For corn, 2–3 plants were cut. In-field plant density was obtained by counting plants
and rows per meter. The samples were separated into leaf, stalk and fruit compartments, weighed in
fresh state and oven-dried until constant weight for 24 h at 105 ◦C before dry weight was determined.
EWTleaf, EWTstalk, EWTfruit (EWTear and EWTcob, respectively) and total EWTcanopy per cm2 (Table 2)
were calculated from laboratory results (specific water contents per ground area) and from farm
management metadata (plants per meter and row spacing). The phenology was determined according
to secondary growth stages of the BBCH-scale [54].

Table 2. Statistics (range, mean, standard deviation) for in-situ measured EWTleaf, EWTstalk, EWTfruit,
total EWTcanopy and BBCH-range. Values correspond to measurements with available spectral
reflectance data.

Year 2015 2017 2018

Crop Type Winter Wheat Winter Wheat Corn Winter Wheat Corn

BBCH range [-] 22–87 25–87 30–85 28–87 32–83
EWTleaf: range [cm] 0.007–0.179 0.005–0.182 0.009–0.104 0.045–0.121 0.095–0.161

mean (std) [cm] 0.066 (0.058) 0.082 (0.050) 0.059 (0.035) 0.082 (0.027) 0.132 (0.023)
EWTstalk: range [cm] 0.012–0.256 0.003–0.275 0.008–0.295 0.019–0.268 0.252–0.619

mean (std) [cm] 0.123 (0.084) 0.144 (0.089) 0.161 (0.115) 0.126 (0.099) 0.472 (0.126)
EWTfruit: range [cm] 0.000–0.100 0.000–0.112 0.000–0.248 0.000–0.148 0.000–0.306

mean (std) [cm] 0.044 (0.045) 0.045 (0.045) 0.068 (0.100) 0.048 (0.068) 0.171 (0.123)
Total EWTcanopy: range [cm] 0.041–0.417 0.019–0.490 0.017–0.606 0.064–0.503 0.347–1.019

mean (std) [cm] 0.233 (0.141) 0.271 (0.145) 0.289 (0.221) 0.256 (0.170) 0.775 (0.227)

2.1.2. Spectroscopic Measurements

At each study site, a 30 × 30 m grid of nine 10 × 10 m squares was marked out delineating the
elementary sampling units (ESU). This grid layout was designed to trace the geometric properties of
one EnMAP pixel; hence, regarding the viewing geometry and grid location, the sensors descending
orbit and inclination angle of 97.96◦ was accounted for (Table 1). At each sampling date with clear
sky conditions (Table 1) all nine ESUs were revisited and spectral measurements were taken using an
Analytical Spectral Devices Inc. (ASD, Boulder, CO, USA) FieldSpec3 Jr. spectroradiometer with an
effective spectral resolution of 3 nm in the VIS (≤700 nm) and 10 nm in the NIR and SWIR (≤2500 nm).
Five nadir measurements were conducted per ESU at a height of 25 cm above the canopy, the same
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height at which the white reference panel (OptoPolymer, Munich, Germany) could be fully observed
with the instruments field of view of 25◦. Throughout the measurements, the sensor was slightly
moved back and forth manually while maintaining the observation angle to obtain a representative
spectral sample of the canopy. The five recorded spectra were averaged per ESU and a spatial mean
of the nine ESUs was calculated to provide reflectance of the complete 30 × 30 m grid. Further,
post-processing included splice-correction, white reference baseline calibration, and slight smoothing
using a Savitzky-Golay-Filter with a frame size of 13 nm.

Note that it was not possible to conduct destructive sampling at exactly the same locations where
the continuous spectral measurements were taken. However, due to averaging of spectral sampling
points over the 30 × 30 m sampling area, it was possible to capture the in-field variability and therefore
to represent average field water conditions.

Altogether, the collected dataset comprised destructively measured, plant compartment specific
water content samples with corresponding spectral measurements at 26 dates for wheat and 14 dates
for corn over three and two years, respectively (see Tables 1 and 2).

2.2. Leaf Optical Data

Preliminary tests of the EWTcanopy retrieval model presented in this study were performed on two
different leaf optical datasets. The LOPEX93 database was established in 1993 by the Joint Research
Centre (JRC, Ispra, Italy). It associates transmittance and reflectance in the range of 400–2500 nm
with biophysical and biochemical measurements of 66 leaf samples from 45 species [55]. In total,
the database comprises 330 spectra with corresponding measurements of EWT. Secondly, tests were
performed on the ANGERS database containing 276 reflectance spectra and EWT measurements of
43 species [56]. While woody species make up the majority of the ANGERS database, both datasets
represent a large variety of leaf internal structure and spectra.

2.3. Radiative Transfer Models and Look-Up Tables

To check consistency between leaf optical data and modelled spectra, large look-up tables (LUT)
using the RTMs PROSPECT and PROSAIL were created. PROSAIL [17] is coupling the Leaf Optical
Properties Spectra model PROSPECT [57] and the turbid medium canopy reflectance model 4SAIL
(Scattering by Arbitrary Inclined Leaves) [58,59]. The latest recalibrated version PROSPECT-D [60,61]
simulates bidirectional-hemispherical reflectance and transmittance in the optical domain as a function
of leaf pigments (chlorophyll a+b content Cab, carotenoids Car, and anthocyanins Canth), dry matter
Cm, and brown pigments Cbrown as well as a leaf mesophyll structure parameter N, and EWT(Cw).
The canopy model SAIL calculates a bidirectional reflectance factor of 1-D turbid medium plant
canopies. With regard to leaf optical properties and reflectance of the underlying soil (psoil),
it implements canopy structure (LAI), average leaf inclination angle (ALA) or optionally, ellipsoidal leaf
inclination distribution (LIDF), and hot spot size parameter (hspot) for a given illumination and viewing
geometry (observation zenith angle (OZA), relative azimuth angle (rAA) between sun and sensor,
and the solar zenith angle (SZA)).

Considering the impact of plant foliar water on the 970 nm absorption band, during LUT
generation, all parameters with sensitivity in the NIR region were uniformly distributed over a
wide value range (Table 3). Leaf pigments, having no effect on reflectance in the NIR [26,44],
remained constant.
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Table 3. Parameter ranges for PROSPECT-D and PROSPECT-D + 4SAIL (PROSAIL) LUT. Specified
ranges are uniformly distributed, single values are fixed.

PROSPECT-D-Parameters Range Notation [Unit] 4SAIL-Parameters Range Notation [Unit]

N 1.0–3.0 [-] LAI 0.5–8.0 [m2 m−2]
Cab 55 [μg cm−2] ALA 0–90 [deg]
Cw 0.0002–0.07 [g cm−2] hspot 0.01–0.5 [-]
Cm 0.001–0.02 [g cm−2] OZA 0 [deg]

Cbrown 0.0–1.0 [-] SZA 35–50 [deg]
Car 15 [μg cm−2] rAA 0 [deg]

Canth 5 [μg cm−2] psoil 0.0–1.0 [-]

3. Methods

3.1. The Beer-Lambert Law and Retrieval Method Development

The Beer-Lambert law is mathematically formulated as Equation (4):

Φ = Φ0e−α(λ)d. (4)

Passing through a medium of thickness d the incident radiation intensity Φ0 is exponentially
attenuated with increasing penetration depth. The absorption characteristics of a medium are defined
by its wavelength-dependent absorption coefficients α(λ). In this study, due to the accurate spectral
resolution in the 970 nm domain [61], water absorption coefficients for pure liquid water as determined
by Kou, et al. [11] are used. Furthermore, it is assumed that within the absorption band at 970 nm,
water is the only quantity-depending, varying active absorber and that variance within absorption
of further components is neglectable. Thus, concluding from Equation (4), the absorption depth
of measured fresh leaves or canopies at 970 nm is uniquely dependent on the thickness of the
optically active water layer (see also discussion in Section 3.2). For dry leaves or senescent canopies,
absorption by liquid water is neglectable, resulting in a strictly linear reflectance signature at 970 nm.
For the retrieval of EWTcanopy, Equation (4) is rearranged in accordance with Bach ([51]; Equation (5)),
where R0 is the measured reflectance, d is the thickness of the optically active water layer, and R′ is the
d-dependent reflectance:

R′ = R0

e−α(λ)d
(5)

Using Equation (5), d is iteratively optimized so that an objective function—the sum of absolute
residuals between the modelled reflectance and the linear connection between the descending
and ascending vertices of the 970 nm absorption—is minimal (Figure 2). The wavelength range
considered by the plant water retrieval (PWR) model has been limited to 930–1060 nm based on
preliminary minimization of the standard deviation of yielded EWT results from the PROSPECT
LUT. Describing the thickness of the optically active water layer, the results can directly be compared
to measured EWT on leaf level (Equation (1)), CWC (Equation (2)) and EWTcanopy (Equation (3)).
The algorithm was implemented in Python, where retrieval of EWT for 50,000 spectra was completed
in 69 s on an Intel Core i5-3570K @ 3.40 GHz.

3.2. Global Sensitivity Analysis

The PWR model expects the thickness of optically active water to reflect the vegetation water
content detected by a hyperspectral sensor. Both the PROSPECT and PROSAIL LUT were subjected to
a global sensitivity analysis (GSA) to identify and evaluate the impact of contributing parameters in
the 970 nm domain and to validate the performance of the model. The Fourier amplitude sensitivity
test (FAST) identifies the main effects (first-order sensitivity effects), i.e., the contribution (STi) to
the variance of the model output by each input variable and interactions with other variables [62].
The contribution of parameters to the 970 nm absorption depth and shape is assessed by its distribution
width using the variance-to-mean ratio (VMR).
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Figure 2. Determination of optically active water thickness d from a measured spectrum R0 through
minimization of residuals to assumed dry reflectance line (dotted line).

Within PROSPECT (Figure 3a) N contributes to 98% of leaf reflectance at the vertices left and right of
the 970 nm water absorption band. At 970 nm Cw is the highest contributing parameter in terms of VMR
(10−2). Minor influence on the shape of the absorption band is caused by Cbrown at the descending vertex
(VMR = 10−3). Cm and parameter interactions also affect overall reflectance at 970 nm but interference
with its shape is smaller by more than two orders of magnitude (10−4). Regarding PROSAIL (Figure 3b),
Cw likewise is the strongest shape-determining factor at 970 nm in terms of VMR (10−2). However,
the 970 nm absorption shape is affected by canopy structural parameters (ALA, LAI, hspot, psoil) and
parameter interactions. The sum of influential parameter VMR may exceed Cw VMR, which may result
in masking of the water signal when unfavorable parameter combinations occur.

Figure 3. FAST first-order sensitivity coefficients and interactions (STi) to reflectance (900–1080 nm) for
PROSPECT (a) and PROSAIL (b) parameters. Due to high contribution of the leaf structure coefficient
N within PROSPECT, only the upper contribution range ≥ 0.935 is shown. Below, influences of
parameters that affect the shape of the water absorption band considered within the PWR model
(930–1060 nm) are quantified by the variance-to-mean ratio (VMR).
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The retrieval method was first tested on all the spectra within both the PROSPECT and
the PROSAIL LUT (Figure 4). With a coefficient of determination (R2) of 0.96 the approach
indicates a strong correlation between PROSPECT modelled water content Cw and retrieved
optically active water content EWT (Figure 4a). However, the high relative root mean square
error (rRMSE = RMSE ∗ meanobservations

−1) of 286% with an intercept close to zero revealed a
strong systematical offset. The growing spread of results towards higher values of Cw suggests
a simultaneously increasing influence of other parameters due to the exponential radiative transfer
from specific absorption coefficients to transmission and reflectance [57].

Figure 4. Modelled EWT results from synthetic LUT containing PROSPECT (a) and PROSAIL
(b) spectra.

Applied to PROSAIL spectra (Figure 4b) the R2-results (0.68) are significantly lower and although
model results correspond to LUT Cw-values, both regression residuals and intercept do not show a
systematic bias. However, within the created LUT, several parameter combinations can be considered
unrealistic [63], masking or flattening the water signal due to model parameter related interference
with the shape of the 970 nm absorption band. The resulting outliers and overall spread of modelled
Cw-values render the PROSAIL LUT unsuitable for further calibration of the model.

3.3. Using PROSPECT for Calibration of the PWR Model

The model was further tested on the LOPEX93 [55] and ANGERS [56] datasets, which showed
a similar systematical bias as model results from PROSPECT spectra (Figure 5a,c,e). Since the
overestimation seemed to be solely defined by the slope of the regression line, the water absorption
coefficients in Equation (5) were adjusted by multiplying the slope of the PROSPECT LUT linear
regression model as a constant (Equation (6)):

R′ = R0

e−α(λ)d∗3.52343
(6)

The calibration procedure accounts for unknown effects of the leaf surface and of leaf
internal structure on reflectance in the 970 nm domain [61] and for potential multiple leaf internal
scattering [44,64]. Using the calibrated water absorption coefficients (Equation (6)), minimization of
the objective function is achieved more quickly, resulting in lower modelled values of EWT that are
consistent with the measured order of magnitude. Subsequently, the altered absorption coefficients in
the 930 to 1060 nm range were used for an improved water content retrieval. Applied to the PROSPECT
LUT (Figure 5b), EWT was estimated with a much smaller error (rRMSE = 12%). Applying the
algorithm with updated coefficients to LOPEX93 data, measured EWT was estimated with R2 = 0.93
and rRMSE = 22% and for ANGERS data with 0.93 and 39% respectively (Figure 5d,f).

224



Remote Sens. 2018, 10, 1924

  

Figure 5. Uncalibrated PWR-results for the PROSPECT LUT (a); LOPEX93 data (c); and ANGERS data
(e); compared to results after calibration: PROSPECT LUT (b) LOPEX93 (d); and ANGERS (f).

4. Results

The minimization process for retrieving optically active water using the PWR model with
recalibrated absorption coefficients (factor 3.52342, Equation (6)) was applied to both in-situ winter
wheat and corn spectral data. The results were compared to combinations of destructively measured
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leaf, stalk, and ear or cob water contents. For further analysis, the BBCH-scale was included to relate
to growth stage dependencies of the model results.

4.1. Winter Wheat Data

Considering only the measured water content of wheat leaves, the results showed low correlation
(Figure 6a: R2 = 0.27; rRMSE = 81%); however, annotated BBCH-values showed good results for
tillering (20+) and stalk elongation stages (30+) and progressing senescence (87). On the other hand,
heading (47+) and flowering stages (60+) as well as ear development and ripening stages (70+) were
invariably overestimated by the model. The sum of leaf and stalk water content yielded better results
(Figure 6b: R2 = 0.68; rRMSE = 52%) in particular for early growth stages. However, as growth
proceeds, strong underestimation of EWTleaf + EWTstalk occurs due to saturation.

Figure 6. Modelled optically active water in relation to measured water contents of wheat
compartments. Annotated numbers refer to secondary growth stages according to BBCH-scale. Results
compared to EWTleaf (a); EWTleaf + EWTstalk (b); EWTleaf + EWTear (c); and total EWTcanopy (d).

The best results were obtained when combining the measured water contents of leaves and ears
(Figure 6c: R2 = 0.72; rRMSE = 26%). Thereby, model results adequately reflected measured EWTleaf
+ EWTear across all phenological stages over three years. Aggregating measured EWTleaf, EWTstalk
and EWTear (= total EWTcanopy) yet again largely resulted in an underestimation (Figure 6d: R2 = 0.77;
rRMSE = 66%); only tillering stages were modelled with reasonable accuracy.
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4.2. Corn Data

Regarding the two-year corn dataset, best results were achieved for leaf water contents (Figure 7a:
R2 = 0.86; rRMSE = 23%) with a minor tendency to underestimation towards higher growth stages.
Despite good correlation, the combination of leaf and stalk measured water content was largely
underestimated by the model (Figure 7b: R2 = 0.91; rRMSE = 95%). Aggregated EWTleaf and EWTcob
resulted in both lower correlation and error (Figure 7c: R2 = 0.61; rRMSE = 84%) due to underestimation
when cobs were registered.

Figure 7. Modelled optically active water in relation to measured water contents of corn compartments.
Annotated numbers refer to secondary growth stages according to BBCH-scale. Results compared to
EWTleaf (a); EWTleaf + EWTstalk (b); EWTleaf + EWTcob (c); and total EWTcanopy (d).

In relation to total measured EWTcanopy, both correlation and underestimation are large (Figure 7d:
R2 = 0.87; rRMSE = 101%). In view of phenological dependencies, low water contents were consistently
modelled with high accuracy during early leaf development stage (BBCH = 18) and beginning stalk
elongation (30–32). Furthermore, unlike for wheat, no clear growth stage related dependencies
were recognizable.

5. Discussion

5.1. Inversion of the Beer-Lambert Law for Water Content Retrieval

A simple physically based model was developed which applies the Beer-Lambert law to inversely
retrieve optically active water content on leaf and canopy scale. In view of the fact that only one
parameter—the thickness of the optically active water layer d—needs to be inverted, the algorithm
allows a fast processing of large hyperspectral datasets. As shown by a GSA of the PROSPECT
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LUT in the 970 nm domain, interference of other parameters is marginal (Figure 3a) rendering Cw

to be the dominant driver of leaf reflectance in this spectral region (R2 = 0.96; Figure 4a). However,
this does not apply to the PROSAIL LUT where, according to GSA, the cumulative influence of
leaf and canopy structural parameters may mask the water signal (Figure 3b). Hereby, two issues
interact: first, the 4SAIL model assumes a horizontally homogenous canopy, which may not be valid
for complex canopy architectures and clumped vegetation through, e.g., formation in rows [65–67].
Second, unrealistic parameter combinations may occur in LUTs [63]. Both issues may unfavorably
affect modelled reflectance in the 970 nm domain, reducing the predictive power of Cw for water
content information (R2 = 0.57; Figure 4b) and rendering the PROSAIL LUT unsuitable for calibration
of the presented PWR model. When applied to PROSPECT spectra the linear offset of the regression
model indicates that the absorption coefficients of pure liquid water differ from those of leaves,
because reflectance in interaction with the leaf surface and multiple leaf internal reflections are not
accounted for [44,64]. Using the slope of the regression from the PROSPECT LUT results as a factor
to calibrate the absorption coefficients, the absolute quantification of PROSPECT Cw, LOPEX93 and
ANGERS EWT significantly improved (Figure 5). The high correlation of R2 = 0.96 between PROSPECT
Cw and modelled EWT approved application of the model to in-situ measured TOC data. Nevertheless,
using PROSPECT for calibration implies that potentially occurring canopy architectural effects on
radiation [68] are being neglected. Hence, the PWR model considers the 970 nm absorption to be caused
solely by liquid water. In addition, since reflected radiance in the 930–1060 nm range is also affected by
atmospheric water vapor [16,46], the process of accurate atmospheric correction is a critical prerequisite
when the PWR model is applied to future available hyperspectral TOC reflectance acquired from space.

5.2. Dependency of Canopy Water Detection on Canopy Structure

Absolute measures of EWTcanopy were inversely extracted from a three-year TOC winter wheat
and two-year corn spectral dataset by means of the proposed PWR model. The results indicated
a strong correlation between water absorption centered around 970 nm and measured EWTcanopy.
However, the comparison of retrieved EWTcanopy from in-situ spectra with measured aggregations
of plant compartment specific water contents raises the question, how deep radiation at 970 nm
penetrates into the canopy and thus, which amounts of water actually can be observed by optical
sensors [21]. Although absorption by water and vegetation in the NIR is low and penetration depth
of radiation is higher in this wavelength range [6,69], the presented results showed that not all of
the contained canopy water is detected by the sensor. Our results suggest that in the case of winter
wheat modelled EWTcanopy largely reflects the absolute water contained in the leaves and present ears
(Figure 6c). Taking only EWTleaf as a reference, EWTcanopy is overestimated due to the presence of
EWTear, which manifests in the spectral response but is not reflected by the in-situ data (Figure 6b,d).
This also implies potential water content overestimation for wheat when referencing is done based on
CWC records, which in the case of barley can be seen in the results of Vohland [3]. On the other hand,
including measured EWTstalk, the underestimation resulting with advanced growth stage indicates
that radiation at 970 nm cannot penetrate increasingly hardened stalk tissue and thus cannot transport
information about the water contained within. This has also been noted by Sims and Gamon [21] and
Champagne, et al. [53]. This finding is further supported by the fact that residual water in ripe wheat
(BBCH = 87) is consistently underestimated, rendering the PWR model unable to detect residual water
in senescent wheat.

Despite good results of modelled EWTcanopy for EWTleaf of corn, the results indicate a tendency
to underestimation towards higher water contents (Figure 7a) due to maximum radiation transmission
through stacked leaves [18]. Once stalks and cobs have developed, the underestimation of total corn
EWTcanopy reveals the limited ability of NIR radiation to penetrate the thick stalk/cob tissues or the
canopy depth or both (Figure 7b–d).

In summary, the retrieval results of winter wheat and corn vary because—depending on canopy
structure—different plant components manifest in the 970 nm water absorption band. Several other
studies also raised the fact of canopy structural influence on crop variables retrieval [68,70–73].
Cereal crops with prominent ears will not be satisfactorily modelled if the ear water content is not
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included in the in-situ measurements as it can be seen in the study of Champagne, et al. [53]. On the
contrary, when modelling corn water content it may be sufficient to only collect leaf samples since only
the water fraction of the leaves can be estimated directly from optical sensors. The specific structure of
corn mostly covers the stalks and cobs, masking the water stored in these plant compartments.

In recent studies, mostly parametric regression models based on vegetation indices [3,49],
derivative- [5,23], or integration-based [50] indices have been applied to retrieve crop canopy water
content information from hyperspectral data. Verrelst, et al. [74] obtained very good CWC correlation
on SPARC03 data (R2 = 0.95) by applying Gaussian process regression with integrated sequential
backward band removal. Cernicharo, et al. [24] used both an ANN and a LUT approach to estimate
CWC from CHRIS/PROBA data (R2 = 0.82 and R2 = 0.64, respectively). Earlier studies which presented
retrieval methods based on the Beer-Lambert law include Champagne, et al. [53] with good results
for corn but an overestimation of wheat canopy water content, because EWTear has not been sampled
separately (index of agreement D = 0.80 and D = 0.38, respectively). The findings of this study are
also confirmed by the Beer-Lambert law based study of Sims and Gamon [21], in which best results
for water content of thin tissues were obtained (R2 = 0.66), whereas total canopy water content was
underestimated (R2 = 0.35).

The presented PWR model is considered superior to empirical regression models by its physical
basis, allowing insights into the physical meaning of results, while outperforming other Beer-Lambert
law based approaches by the possibility to infer absolute measures of canopy water content from
measured TOC reflectance spectra. This absolute quantifiability of canopy water content represents
a novelty among available retrieval approaches. Besides, the accurate underlying data basis proved
transferability of the model to different sites and crop types and, given that a sensor detects the
maximal depth of the 970 nm water absorption, promises applicability also to hyperspectral data on
an operational basis.

6. Conclusions

The proposed PWR model based on the inversion of the Beer-Lambert law effectively succeeds
in the determination of wheat EWTleaf and EWTear with consistent results over a three-year dataset
(R2 = 0.72; rRMSE = 26%). For corn EWTleaf was estimated from two-year data with even better results
(R2 = 0.86; rRMSE = 23%). Since the detectability of canopy water content fractions seems to be largely
dependent on the crop type, its canopy structure, depth, and growth stage, it is recommended to
collect EWTleaf, EWTstalk and EWTfruit data and corresponding reflectance for different crop types over
all phenological stages along the growing cycle. However, an evaluation is needed to assess limits of
canopy water content retrieval in terms of optical radiation penetration depth through thick canopies
and tissues, also in view of a possibly improved retrieval from off-nadir spectroscopy [75]. Our study
could proof the transferability of the developed PWR model to other sites and crop types and represents
a novelty in crop water content absolute quantifiability. The PWR model will be provided as a slim and
applicable tool within the open source software EnMAP-Box [76] to accurately and efficiently retrieve
water content information from ground-based, airborne and spaceborne hyperspectral data, as it will
become available through future missions.
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Abstract: Leaf area index (LAI) is an important vegetation parameter. Active light detection and ranging
(LiDAR) technology has been widely used to estimate vegetation LAI. In this study, LiDAR technology,
LAI retrieval and validation methods, and impact factors are reviewed. First, the paper introduces
types of LiDAR systems and LiDAR data preprocessing methods. After introducing the application
of different LiDAR systems, LAI retrieval methods are described. Subsequently, the review
discusses various LiDAR LAI validation schemes and limitations in LiDAR LAI validation. Finally,
factors affecting LAI estimation are analyzed. The review presents that LAI is mainly estimated from
LiDAR data by means of the correlation with the gap fraction and contact frequency, and also from the
regression of forest biophysical parameters derived from LiDAR. Terrestrial laser scanning (TLS) can
be used to effectively estimate the LAI and vertical foliage profile (VFP) within plots, but this method
is affected by clumping, occlusion, voxel size, and woody material. Airborne laser scanning (ALS)
covers relatively large areas in a spatially contiguous manner. However, the capability of describing
the within-canopy structure is limited, and the accuracy of LAI estimation with ALS is affected by the
height threshold and sampling size, and types of return. Spaceborne laser scanning (SLS) provides the
global LAI and VFP, and the accuracy of estimation is affected by the footprint size and topography.
The use of LiDAR instruments for the retrieval of the LAI and VFP has increased; however, current
LiDAR LAI validation studies are mostly performed at local scales. Future research should explore
new methods to invert LAI and VFP from LiDAR and enhance the quantitative analysis and large-scale
validation of the parameters.

Keywords: leaf area index (LAI); vertical foliage profile (VFP); terrestrial laser scanning (TLS);
airborne laser scanning (ALS); spaceborne laser scanning (SLS)

1. Introduction

Leaf area index (LAI) is defined as one half the total green leaf area per unit ground surface area [1].
It is listed as an essential climate variable by the global climate change research community (GCOS) and
is a critical variable in processes such as photosynthesis, respiration, and interception [2,3]. The field
LAI can be measured using direct sampling or indirect optical methods [4–7]. With a direct sampling
method, the LAI can be directly obtained by harvesting vegetation leaves through the collection of leaf
litter or destructive sampling [8]. With an indirect optical method, the LAI is estimated from the canopy
gap fraction or transmittance using the Beer–Lambert law. The LAI values obtained from ground
measurement are often used as references for remote sensing validation. However, these methods are
labor-intensive and time-consuming, and the deployment over large areas is difficult.

The LAI estimations from remote sensing data show the most promise for accurate estimations in
large scales. Existing techniques can be divided into two main categories, that is, passive optical remote
sensing and active light detection and ranging (LiDAR) remote sensing. Passive optical remote sensing
has been widely used to estimate the LAI [9–12]. Based on both theoretical models and observations,
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the LAI and vegetation indices (VI) strongly correlate [13]. One major issue in estimating the LAI from
the vegetation index calculated from passive optical sensors is the LAI saturation [7,14,15].

LiDAR is an active remote sensing technology for indirect LAI measurements, which alleviates the
saturation problem because of the direct detection of the vertical structure [16]. LiDAR has been applied
in many studies for the retrieval of the forest LAI [17–21]. The LAI is estimated from LiDAR data
based on the correlation with the gap fraction, which is derived from various laser penetration metrics
(LPMs) [19,22]. The LAI can also be estimated through allometric relationships using forest biophysical
parameters derived from LiDAR data such as the canopy height and foliage density [23–25]. A few
review papers have pointed out that LAI can be effectively estimated from the LiDAR technology [6,7],
but further understanding is still required regarding the LAI retrieval methods from different platforms
and the basic rationales of the retrieval methods.

This work provides a review of LiDAR technology and the LAI estimation with LiDAR, LAI
validation studies, and factors affecting the LAI estimation. Different LiDAR systems, data, and
measurement principles are described in Section 2. The methods and applications of LiDAR to LAI
estimation are specified in Section 3. The literature on LAI validation studies is discussed in Section 4.
In Section 5, factors affecting the LAI estimation are reviewed based on LiDAR data. The prospects
of the application of LiDAR to LAI estimation are discussed in Section 6, and the conclusions are
summarized in Section 7.

2. LiDAR Technology

2.1. Types of LiDAR Systems

The LiDAR systems can be divided into three categories, that is, discrete return, full waveform,
and photon-counting, based on the detection methods [26]. A conceptual diagram of different LiDAR
systems is shown in Figure 1. When the laser signal is reflected back to the sensor, discrete return
systems record clouds of points representing intercepted features. For example, when light hits different
parts of the tree in a forest, the first, second, and third returns are recorded (Figure 1b). Discrete return
systems systematically sample and record the X, Y, and Z (elevation) values, producing a high-density
three-dimensional (3D) point cloud. In addition to the time, intensity information is recorded [27].

 

(a) (b) (c) (d) 

Figure 1. Conceptual diagram of different light detection and ranging (LiDAR) systems (signals
returned from trees and the ground). (a) Intersection of the laser illumination area with the tree
crown and signals received with the (b) discrete return, (c) full waveform, and (d) photon-counting
LiDAR systems.

In contrast, full-waveform LiDAR systems digitize the entire reflected energy, resulting in complete
submeter vertical vegetation profiles. Within a forest environment, the full waveform indicates the
forest structure (i.e., from the top through the crown and understory to the ground) (Figure 1c) [16,26].
In contrast to discrete return and full-waveform systems, photon-counting LiDAR (PCL) systems are
unique. They operate based on the concept that a low-power laser pulse is transmitted, and the utilized
detectors are sensitive at the single-photon level. Based on this type of detector, any returned photon,
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whether from the reflected signal or solar background, can trigger an event within the detector [26,28].
An individual photon could be reflected from anywhere within the vertical canopy, the probability
distribution function (PDF) of that reflected photon would be the full waveform (Figure 1d).

For different platforms, LiDAR can be categorized into three groups: terrestrial laser scanning
(TLS), airborne laser scanning (ALS), and spaceborne laser scanning (SLS). The main characteristics of
LiDAR systems used for the estimation of the vegetation LAI are presented in Table 1.

Table 1. Main characteristics of different LiDAR systems for LAI estimation.

Platform
Detection
Method

Footprint
Size

Capability Limitation References

Terrestrial Discrete return
Full waveform 1–5 cm

Derive leaf area
density and vertical

LAI distribution.

Different sampling
frequency for upper and

lower canopy, complicated
data processing.

[29–32]

Airborne Discrete return
Full waveform

0.1–3 m
10–30 m

Estimate understory
and overstory LAI.

Poor penetration, expensive
data acquisition. [17–19]

Spaceborne Full waveform
Photon counting 12–70 m

Derive vertical LAI
distribution over a

large scale.
Terrain impact, data gaps. [33–35]

TLS is a ground-based LiDAR technology that acquires 3D details. Typically, these TLS systems
emit laser pulses having footprints ranging from 1 cm to 5 cm. TLS systems can be classified into
discrete return and full-waveform models by how they record the energy returning to the sensor
(Table 1). Discrete return TLS measures the surrounding 3D space using millions to billions of 3D
points, which are commonly presented in a point cloud [36]. Most discrete return TLSs record a single
range for each laser shot. The TLS point cloud data provide the 3D distribution of canopy at individual
tree or stand level and have been widely used for the estimation of the vegetation LAI [20,37]. The full
waveform TLS records the light reflected from objects along the laser path, which can be calibrated
to power units. Full waveform data can be used to improve the vegetation foliage extraction in
forest stands with the fully digitized return pulse [38]. Such data have been used to measure the
LAI, foliage profile, and stand height [30,39,40]. Based on the scanning geometry of TLS, near-range
objects are more frequently sampled than far-range objects, which may limit its broad application.
Figure 2 shows two examples of the TLS data: the point cloud data of a forest sample plot based on
single-scan data colored by height (Figure 2a), and the TLS intensity image of the Harvard Forest,
observed from Echidna Validation Instrument (EVI) full-waveform data (Figure 2b).
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(b) 

(a) 

Figure 2. Terrestrial laser scanning (TLS) data examples. (a) A forest plot based on single-scan TLS
data colored by height; (b) Example of Echidna Validation Instrument (EVI) full-waveform-intensity
image of the Harvard Forest Plot 01 (42◦31′51” N, 72◦10′55” W), 2007 [41].

ALS is deployed on fixed or rotary-wing aircraft, which is a data source for multiscale LAI
estimation [42]. ALS covers relatively large areas in a spatially contiguous manner. The difference
between TLS and ALS is that the ground laser pulse returns from TLS are limited due to the scanning
geometry [43]. ALS systems can be classified as discrete and full-waveform. The ALS point cloud data
are acquired at altitudes between 500 and 3000 m using a small laser pulse footprint ranging from
0.1 m to 3 m. The ALS point cloud data are the most common type of data used in forest inventory
applications and several system developers and an increasing number of commercial vendors support
the acquisition and analysis [44]. The ALS full-waveform data are typically acquired at higher altitudes
(up to 20,000 m) using a large footprint ranging from 10 m to 30 m. A common ALS full-waveform
data system is the airborne Land, Vegetation, and Ice Sensor (LVIS) [45]. Figure 3 shows the point
cloud data of a forest plot (colored by height), with an average point density of 4.3 points/m2 obtained
by an ALS (upper), and the LVIS waveform data with a footprint size of 20 m (lower).
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(a) 

(b) 

Figure 3. Airborne laser scanning (ALS) data examples. (a) Airborne point cloud data colored by
height (4.3 points/m2); (b) airborne large-footprint full-waveform data—Land, Vegetation, and Ice
Sensor (LVIS)—~20 m in diameter (44◦2′59” N, 71◦17′18” W), 2009 [46]. The image in the left panel is
from Google Earth®, and the right panel is a waveform return where the upper and lower peaks come
from the forest canopy and the ground surface, respectively.

SLS is deployed onboard satellites and can be classified into full-waveform and photo counting.
Compared with the ALS and TLS, which have insufficient spatial coverage, the SLS is more suitable for
forest surveys at global scales [47]. The Geoscience Laser Altimeter System (GLAS) is a spaceborne
full-waveform LiDAR system onboard the Ice, Cloud, and land Elevation Satellite-1 (ICESat-1) [48,49].
The GLAS full-waveform data provide the first spaceborne laser altimetry data for Earth observations
and have been applied for LAI estimations [33]. Figure 4 shows an example of the GLAS data with a
footprint size of 70 m. The follow-on to the ICESat mission, ICESat-2, launched in September 2018,
carries the Advanced Topographic Laser Altimeter System (ATLAS), a LiDAR system that utilizes the
photon-counting technology [35]. The ICESat-2/ATLAS data have potential for the estimation of the
forest canopy cover and LAI [50]. In addition, the Global Ecosystem Dynamics Investigation (GEDI)
installed on the International Space Station (ISS) was launched in December 2018 [34]. The GEDI
measures the forest canopy height and canopy vertical structure. GEDI provides the raw waveforms
(Level 1B) and the LAI and vertical profile data (L2B) from the Land Processes Distributed Active Archive
Center (LPDAAC) (https://lpdaac.usgs.gov/data/get-started-data/collection-overview/missions/gedi-
overview/).
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Figure 4. Example Geoscience Laser Altimeter System (GLAS) data, ~70 m in diameter (44◦5′10” N,
71◦17′43” W), in 2004. Image in the left panel is from Google Earth®, and the right panel is a
waveform return where the upper and lower peaks come from the forest canopy and the ground
surface, respectively.

2.2. Data Preprocessing

Preprocessing of the point cloud data includes registration, noise removal, and ground filtering
(Figure 5) [51,52]. During the multiple scans, the data of all scan locations must be registered into
a single-point cloud dataset with a common coordinate to clip overlapping points and resolve the
point redundancy [53,54]. Two registration methods can be used: the reflector registration and the
reflector-free registration method [55]. Commercial TLS scanners provide reflectors to be placed in
each scan. However, this method is limited in forestry applications because few natural tie points
can be found. Therefore, artificial reflectors are used as tie points for registration [31]. The placement
of artificial reflectors is labor-intensive because of obstructions. Therefore, several reflector-free
registration methods have been applied to overcome difficulties associated with the placement of
artificial reflectors [56–59]. After the data registration, noise removal and ground filtering were
handled together. The noises in point cloud data, that is, the unreasonably high or low elevation
values, are often randomly distributed. The simplest way to identify such outliers is to examine
the frequency distribution of elevation values [60,61]. Subsequently, non-ground points and ground
are separated by ground filtering methods [61,62]. Filtering methods can be mainly categorized
into three groups: slope-based, mathematical morphology-based, and surface-based methods [63].
Slope-based methods are based on the assumption that the change of the slope of the terrain is
generally gradual in a neighborhood, while the change of the slope between buildings or trees and
the ground is very abrupt and large [64,65]. Slope-based methods are affected by complex terrain.
Mathematical morphology-based methods use mathematical morphology to remove non-ground
points [62]. The window size is critical for mathematical morphology-based methods. In contrast
to slope-based and mathematical morphology-based methods, surface-based methods gradually
approximate the ground surface by iteratively selecting ground points from the original dataset.
The core of surface-based methods is to create a surface that is close to the bare ground [55,66].
After filtering the data, ground points are used to produce a digital elevation model (DEM). The height
of LiDAR returns is normalized with respect to the corresponding DEM. The relative height above the
DEM can be used to remove understory vegetation [37,67] and the height threshold can be used to
separate ground returns and canopy returns [23].
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Figure 5. Preprocessing of the point cloud data.

Preprocessing of the full waveform data includes smoothing, the identification of signal start
and end points, and Gaussian decomposition (Figure 6). Because of the rough shapes of waveforms,
the estimation of initial values results in a large number of modes with narrow widths and low
amplitudes. Therefore, it is necessary to smooth the waveforms to obtain a smaller number of
modes [68]. To identify the signal start and end points, each received waveform is first smoothed
using a Gaussian filter with a width similar to that of the transmitted laser pulse [69,70]. A threshold
above the background noise level is then used to obtain the signal start and end points. The signal
start and end points are the first and last bin locations at which the waveform intensity is larger than
the threshold above the mean background noise in the waveform [71]. Different thresholds have
been used in the literature including 3 times the standard deviation [70,72,73], 4 times the standard
deviation [74], or 4.5 times the standard deviations [75–77]. There is no consistent optimal threshold
that can be applied to all sites [69]. Finally, a Gaussian decomposition algorithm (Equation (1)) is used
to decompose the filtered waveform into a series of Gaussian peaks, where the last peak of decomposed
components corresponds to the ground surface [78]:

min

⎧⎪⎪⎨⎪⎪⎩
∣∣∣∣∣∣∣
∣∣∣∣∣∣∣ f (x) −

∑n

i=1
|ai|exp

⎡⎢⎢⎢⎢⎣− (x− μi)
2

2σ2
i

⎤⎥⎥⎥⎥⎦
∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
⎫⎪⎪⎬⎪⎪⎭ (1)

where f(x) is the LiDAR waveform; a least-squared method is used to compute the model parameters;
ai, μi, and σi are the amplitude, location, and width of a decomposed Gaussian peak; and n is the
number of decomposed Gaussian peaks. The absolute value of ai is used in Equation (1) to avoid
decomposed Gaussian peaks with negative amplitudes.

241



Remote Sens. 2020, 12, 3457

 

Figure 6. Preprocessing of the full waveform data.

3. LAI Retrieval Methods

3.1. Gap-Based Methods

The LAI is mainly estimated from LiDAR data by means of the correlation with the gap
fraction [6,21,22,30,31,79,80]. The theoretical basis of gap-based methods is the Beer–Lambert law [81]:

P(θ) = e−G(θ)·LAI/ cosθ (2)

where P(θ) is the canopy gap fraction at zenith angle θ.
Based on the above equation, the light attenuation in vegetation canopies can be represented by

the light extinction as a function of the LAI [22,82]:

LAI = −1
k

ln(I/I0) (3)

where I is the below-canopy light intensity, I0 is the above-canopy light intensity, k is the extinction
coefficient, and I/I0 is the fraction of light transmitted through the canopy.

However, the gap fraction cannot directly be measured by LiDAR but is derived from LiDAR
metrics. Various LPMs are used as proxies for I/I0 to estimate LAI. For point cloud data, the LPM can
be calculated as the ratio of the number of ground returns to the number of total returns or the number
of sky pixels to the number of total pixels (number-based ratio) and the ratio of the sum of intensity
values of ground returns to the sum of intensity values of total returns (intensity-based ratio) [19,83].
For the waveform data, the LPM can be calculated by the ratio of the ground return energy to the total
return energy (ground-to-total energy ratio) [18,84,85]. Based on different LiDAR data characteristics,
a variety of LPMs can be used for the estimation of the LAI (Table 2).
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Table 2. Summary of different laser penetration metrics (LPMs) used for LAI estimation.

Data LPM Description Symbol

Point cloud
Number-based ratio

Ratio of ground (or sky)
return number to the
total return number

Nground
Ntotal

or
Nsky
Ntotal

Intensity-based ratio
Ratio of ground return
point intensity to the
total intensity value

Iground
Itotal

Full waveform Ground-to-total energy
ratio

Ratio of ground return
energy to the total return

energy

Eground
Etotal

For point cloud data from TLS, the gap fraction can be calculated by the ratio of the number of sky
pixels to the number of total pixels [79]. Two methods are commonly used for the LAI estimation from
point cloud data based on the gap fraction theory. One is a two-dimensional (2D) approach and the
other is a 3D approach [20]. The main steps of the 2D method are as follows (Figure 7): (1) The 3D point
cloud data are first converted to the spherical coordination system using spherical projection; (2) data
from the hemisphere are then converted to a plane; that is, the 3D point cloud data are converted to
2D raster images using geometrical projection; (3) 2D raster images are divided into sky and foliage
elements, and the gap fraction is calculated from the ratio of the number of sky pixels to the number of
total pixels; and (4) the gap fraction is used to retrieve the LAI. Danson et al. [79] estimated the forest
canopy gap fraction from TLS point cloud data based on the 2D method. The results showed that the
gap fraction obtained from TLS data is similar to the gap fraction measured in the field. Zheng et al. [20]
converted the 3D point cloud data to 2D raster images using two geometrical projection techniques
and estimated the effective LAI (LAIeff). They reported that the stereographic projection-based TLS
LAIeff model is more robust than the Lambert azimuthal equal-area projection TLS LAIeff model.

 

Figure 7. Estimation of leaf area index (LAI) from point cloud data with the 2D method.

LAI derived from TLS point cloud data using 2D method is in good agreement with the field LAI
data. However, the 3D structural information of the scanned canopy is lost and the gap fraction must
be obtained from the original 3D data. In 3D-based methods, the main steps to estimate LAI include
(Figure 8): (1) the point cloud data are voxelized and a voxel-based tree model is produced from the
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registered point cloud dataset; (2) gap fraction of the layer is calculated by the number of empty voxels
and total number of incident laser beams that reach each horizontal layer; (3) the LAI of each horizontal
layer is calculated by using the gap fraction in the layer and extinction coefficient; and (4) the LAI of
tree is cumulated from the first horizontal layer to the last layer. Takeda et al. [86] divided the TLS
point cloud data into horizontal and vertical elements, calculated the gap fraction for each voxel, and
estimated the plant area index (PAI). The PAI estimate from TLS is in good agreement with the field
data (R2 = 0.69). Zheng and Moskal [31] proposed a voxel-based algorithm to quantitatively identify
the canopy structure and directly predict the LAIeff from TLS. The results showed that the voxel-based
method explains 88.7% of the LAIeff of the field measurement. These results show that TLS provides
direct, nondestructive estimates of the LAI.

 

Figure 8. Estimation of LAI from point cloud data with the 3D method.

The LPM can also be calculated as the ratio of the number of ground returns to the number of
total returns [19,83,87]. Figure 9 shows the flowchart of LAI estimation based on return number or
intensity: (1) the ground and canopy returns are separated according to the height threshold; (2) the
gap fraction is calculated as the ratio of the number of ground returns to the number of total returns
(or the ratio of the sum of intensity values of the ground returns to the sum of intensity values of
the total returns); and (3) the LAI is determined using the gap fraction based on the Beer–Lambert
law. The LAI obtained from ALS point cloud data using the number-based ratio is in good agreement
with the field LAI [22,23,88]. Aside from the number of returns, the ALS point cloud data intensity is
increasingly used in remote sensing applications. Zhao and Popescu [19] used the ratio of the sum of
intensity values of the ground returns to the sum of intensity values of the total returns to estimate
the LAI. In addition, the forest LAI can be reliably estimated using the LPM based on intensity alone,
with R2 = 0.610 [83].
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Figure 9. Estimation of LAI based on return number or intensity ratios.

The full-waveform LiDAR records a continuous distribution of returned energy and can be used
to characterize the LAI and vertical LAI profile. For the full waveform, the LPM can be calculated as
the ratio of the ground return energy to the total return energy (ground-to-total energy ratio) [18,84,85].
The main steps to estimate LAI based on ground-to-total energy ratio are as follows: (1) the ground and
canopy returns are separated using height threshold/Gaussian decomposition; (2) the ground-to-total
energy ratio is used to calculate the LPM; and (3) the LPM is used to estimate the LAI (Figure 10).

 

Figure 10. Estimation of LAI based on the ground-to-total energy ratio.
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The separation of the ground and canopy returns is a key step to calculate the ground-to-total
energy ratio. Different separation methods have been applied. A simple method is based on the height
threshold; that is, the ground return energy is calculated using the height above the ground and below
the height threshold. A height threshold of 2.0 m has been used to separate the ground and canopy
when calculating the ground-to-total energy ratio. Based on the method, the GLAS-predicted and
field-measured LAI are in good agreement [84,89]. However, the height threshold varies depending on
the location and species. Therefore, the Gaussian decomposition method is incorporated to derive the
LAI and vertical foliage profile (VFP) using LiDAR. Tang et al. [18] used the Gaussian decomposition
method [90] to decompose full-waveform data into multiple Gaussian functions. The last peak of
all decomposed Gaussian components is assumed to be the ground peak and the last Gaussian fit
represents the ground return [78,91]. The gap fraction was calculated using laser energy returns from
the canopy and ground and used to estimate the LAI and VFP [15,18,33]. The ability to derive the LAI
and VFP facilitates large-scale LAI mapping using LiDAR, and it frees the requirement for associated
field data.

3.2. Contact-Based Methods

The basis of contact-based methods is the contact frequency, calculated as the probability of a
beam penetrating the canopy coming into contact with a vegetative element [32,92]. The contact
frequency N(θ) between a light beam and vegetation element in the direction (θ) is given by

N(θ) = G(θ)
LAI

cosθ
(4)

where G(θ) is the projection function that corresponds to the fraction of foliage projected on the plane
normal to the solar direction.

For TLS point cloud data, the main steps to estimate LAI based on contact frequency include the
following (Figure 11): (1) the point cloud data are voxelized, and a voxel-based tree model is produced
from the registered point cloud dataset; (2) the contact frequency of the layer is calculated from the
number of intercepted laser beams and total number of incident laser beams that reach each horizontal
layer (Equation (5)); (3) the LAI of each horizontal layer is calculated by using the contact frequency of
the laser beams in the layer and projection function (Equation (6)); and (4) the LAI of the entire tree is
cumulated from the first horizontal layer to the last layer.

N(k) =
nI(k)

nI(k) + nP(k)
(5)

where N(k) is the contact frequency of laser beams in the kth layer, nI(k) is the number of laser
beams intercepted by the kth layer, nP(k) is the number of laser beams passing through the kth layer,
and nI(k) + nP(k) is the total number reach the kth layer.

LAI(k) = N(k)·cosθ
G(θ)

(6)

where LAI(k) is the LAI of the kth horizontal layer within the canopy.
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Figure 11. Estimation of LAI based on the contact frequency.

Hosoi and Omasa [32] developed a voxel-based canopy profiling (VCP) method based on the
contact frequency for accurate LAD and LAI estimation using TLS point cloud data. First, they produced
a voxel-based tree model, where the voxel is defined as a volume element in a 3D array. In each
horizontal layer, the voxel was then assigned a different attribute value. For example, a voxel with
attribute 1 indicates that the laser beams are intercepted, and a voxel with attribute 2 reflects that
the laser beams pass through. The contact frequency of the layer is calculated by the number of
intercepted laser beams and total number of incident laser beams. Finally, the contact frequency of each
horizontal layer is calculated from the bottom canopy layer (lowest horizontal layer) to the top canopy
layer (highest horizontal layer), and the LAIs of each horizontal layer and entire tree are obtained.
The authors demonstrated that the LAD and LAI can be computed by directly counting the contact
frequency based on the precise voxel model. The error of the best LAD and LAI estimations was 0.7%.
The contact frequency calculated from TLS point cloud data utilizing the voxel-based approach can
also be used to estimate different LAI layers in savanna trees [93]. The VCP method is one of the
methods used to estimate the LAI and VFP from TLS point cloud data. The method converts point
cloud data into a voxel-based 3D model that can reproduce each tree. The voxel model computes LAD
and LAI by directly counting the contact frequency for each layer and the whole canopy. However,
voxel-based approaches are usually associated with time-consuming data acquisition and registration.
In addition, the accuracy of these approaches depends on the voxel size.

3.3. Biophysical Regression Methods

The LAI can be estimated from the regression of forest biophysical parameters derived from
LiDAR, such as LiDAR height and foliage density metrics [19,94,95]. The main steps are as follows:
(1) LiDAR metrics are extracted from LiDAR data; and (2) LiDAR-derived metrics are used to estimate
the vegetation LAI using allometric relationships. A multivariate linear regression model [94] and
partial least squares regression model [96] utilize the height and foliage density metrics to estimate
the LAI of the forest. In addition, LiDAR intensity data are increasingly used in estimation of LAI,
and intensity metrics are related to the LAI [25]. The combination of the height and intensity metrics
has a higher predictive power [19,83].
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3.4. Model Inversion Methods

Physical radiative transfer (RT) models have been implemented to simulate LiDAR data under
specific forest stand representations and LiDAR specifications [97–101]. The LAI can be retrieved from
LiDAR data using the model inversion method. Sun and Ranson [100] developed a 3D model that
successfully simulates full-waveform data by building a 3D forest stand scene, which is divided into
cells with specific characteristics. Koetz et al. [102] adapted the model of Sun and Ranson [100] and
inverted a 3D LiDAR waveform model to estimate the fractional cover and overstory LAI of a coniferous
forest. The LAI estimate agreed well with the field measurements (RMSE = 0.41). Ma et al. [103]
used the canopy height derived from LiDAR and canopy structure information derived from the
geometric-optical mutual shadowing (GOMS) model to estimate the large-scale forest LAI. Based on
the comparison of their results with the field LAI, the highest R2 values were 0.73. However, their study
failed to retrieve the vertical distribution of canopy. Based on the assumption that the gap probability
is the reverse of the vertical canopy profile, the vertical distribution of the gap probability can be
derived [104], and the LAI and vertical foliage area volume density (FAVD) profile can be directly
retrieved from ALS full-waveform data using an RT model [105].

3.5. Method Comparison

Table 3 summarizes the performance of different methods to estimate LAI from the LiDAR data.
Among the gap-based category, the 3D method shows the best performance with R2 = 0.89 and
RMSE = 0.007 because the method could improve the accuracy of gap fraction for each layer and
provide information about the light penetration condition within the canopy. In contrast, the accuracy
based on return intensity is relatively low, because the LiDAR intensity is affected by many factors,
such as laser power, incidence angle, object reflectivity, and range of the LiDAR sensor to the object [106].
The other three categories give moderate estimation accuracy with R2 > 0.69. The regression methods
are relatively simple to apply; however, these methods are not universally applicable and need ground
LAI measurements. The voxel-based model not only computes LAD and LAI by directly counting the
contact frequency for each layer, but also provides the contact frequency information for the whole
canopy. However, the voxel-based approaches are usually associated with time-consuming data
acquisition and registration processes. In addition, the accuracy of the approaches depends on the
voxel size. The LiDAR RT model could simulate LiDAR data under specific forest stand representations
and sensor specifications. However, the model is usually complicated and requires many data inputs.
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4. LAI Validation

Different schemes that have been used to validate the LiDAR LAI include direct comparison
methods, scaling-up strategies, and the intercomparison of multiple products.

Field measurements, typically limited to a point or very small area, are vital because they are
the basis for all validation studies. Based on the direct comparison method, field measurements
and the LAI from different LiDAR systems are directly compared. The field LAI obtained from
destructive sampling was used to validate the TLS LAI and LVIS LAI; the LAI derived from LiDAR
and destructive sampling were in excellent agreement [18,32]. In addition, the LAI from digital
hemispherical photography (DHP) and LAI-2200 are commonly used to validate the LAI from different
LiDAR platforms [19,23,30,107,108]. Because of the spatial scale mismatch between field measurements
and remote sensing estimation, it is usually difficult to use this method for global validation.

Based on the scaling-up strategy, the field LAI is scaled up via different platforms for the
validation with SLS LAI products, thus bridging the scale differences between the field LAI and the
LAI derived from SLS. The TLS provides an additional indirect ground-based technique to estimate
the LAI. The LAI derived from TLS can be used as field measurement [109–111]. The LAI can be
validated using scaling-up strategy at multiple spatial scales through LiDAR remote sensing [91].
First, the ground-based (DHP, LAI-2200, TLS) LAI is related to aircraft observations of the LAI. Then,
the ALS observations of the LAI are used to validate the LAI derived from SLS tracks that intersect
the aircraft coverage. The upscaling validation method has been widely used in the remote sensing
community [112]. However, this method may be affected by several factors. First, ground LAI
derived from photos, TLS, and LAI sensors may be inconsistent among themselves. Second, errors are
introduced by the scale mismatch between ground field data and ALS. Third, different data sources are
based on varying spatial footprints and viewing geometries, which may complicate LAI validation.

Multiple products can be compared to determine the relative quality of land products.
The intercomparison method has been used as a proxy to assess the temporal and spatial consistency.
The LiDAR-derived LAI values are aggregated to the resolution of the passive satellite LAI products to
evaluate all LAI data. The GLOBCARBON [19] and MODIS [113] LAI products have been used to
compare with the LiDAR-derived LAI map. The registration between LiDAR and the satellite LAI
maps is important because misregistration could severely bias the pixel-by-pixel comparison.

Current validation studies are mostly performed at local scales. The results indicate a significant
correlation between airborne LiDAR and the field-derived LAI at the plot scale in a tropical forest,
with R2 = 0.58 and RMSE = 1.36 [96], and a moderate agreement (R2 = 0.63, RMSE = 1.36) between LVIS
and the field-derived LAI at tower footprint scales in tropical rainforest [18]. Based on a large-scale
validation method, R2 and RMSE values of 0.69 and 0.33 were obtained between the LVIS LAI and
GLAS LAI at GLAS tracks in the Sierra National Forest [91]. The LiDAR-derived LAI was evaluated
using the MODIS LAI product, yielding R2 and RMSE values of 0.86 and 0.76 in mixed coniferous
forest [113]. However, the LAIs derived from ALS or SLS still lack sufficient ground validation and
intercomparison validation using existing global LAI products generated from passive optical sensors.
The LiDAR also has the capability to provide the LAI vertical profile, from site [18] to regional and
continental [15,114] scales. Due to the lack of ground-measured data on the LAI vertical profile of the
forest, the LAI vertical distribution map has not been completely validated. Existing validation work
is mainly based on limited site or observation tower data [114].

5. Impact Factors

Several factors should be considered in the estimation of LAI with LiDAR technology (Table 4).
The gap fraction theory is based on the assumption of a random distribution of foliage elements [6].
However, in reality, leaves are generally clumped rather than randomly distributed, and thus the
LAI estimation must be corrected by considering the error caused by foliage clumping, which leads
to underestimations of the LAI [37]. Therefore, several traditional clumping algorithms based on
the gap size analysis theory [115] and gap size distribution method [37] were implemented in TLS.
The vertical distribution profile of the forest CI can also be calculated from TLS and used to correct
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the clumping effect of the LAI at different heights [116]. These studies proved that the CI can be
successfully estimated using TLS [117]. In contrast, the estimation of the CI using ALS and SLS is
rare. Yang et al. [78] presented a physical method with the gap fraction model to estimate the LAI
by correcting the between-crown clumping in discontinuous forest using GLAS data. Based on the
correction, R2 and RMSE values of 0.83 and 0.39, respectively, were obtained. However, it is difficult
to use SLS to quantify the clumping because the CI is highly variable and changes even in the same
forest. The footprint size of ALS and SLS is too large for the detection of small gaps. Therefore,
the quantification of the clumping effect remains an ongoing task in ALS and SLS.

The height threshold and sampling size of LiDAR data are key factors affecting the accuracy of
the LAI estimation [83,118]. However, there is no optimal sampling size and height threshold when
estimating the vegetation LAI. In some cases, the height threshold of LiDAR was set to a constant
value, such as 2 m, to separate the ground and canopy returns in ALS point cloud data [22] and
separate the ground and canopy when calculating a ground-to-total energy ratio in GLAS [84,89].
A threshold of 3.6 m was used to calculate the LPM value in a temperate forest [19]. In other cases,
the height threshold of LiDAR was related to the setup height of the ground measurement. The setup
height of the fisheye camera (i.e., 1.25 m) was used to separate ground and vegetation returns [119].
For the LiDAR plot radius, a common choice is to use the same LiDAR sampling size as that used to
collect field plot data [94,120]. On the other hand, the sampling size of LiDAR is related to the canopy
height. A radius size of the LiDAR sampling scale equivalent to the entire forest canopy height [24]
and 0.75 times the tree height [17] was used to calculate the LPM value. However, the choice of a
variable radius is difficult: optimum values range from 75% to 100% of the canopy height [19,119].
In summary, the accuracy of the LAI estimation using LiDAR strongly depends on the height threshold
and sampling size [121]. However, the height threshold and sampling size are site-specific, and there
are no clear guidelines for the determination of an appropriate value.
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The relative contribution of the vegetation and terrain signal of waveforms is different under
different footprint sizes [71]. Pang et al. [122] studied the effects of footprint size on the precision of
canopy height estimates by means of simulation. They found that footprints with a diameter between
25 m and 30 m would be ideal to level the effects of vegetation height and terrain slope on waveform
length. Milenković et al. [131] studied the influence of footprint size on the precision of forest biomass
estimates from spaceborne waveform LiDAR. They recommend an optimal footprint size that is similar
to the size of the field plots, i.e., 20 m diameter in their case. Dubayah et al. [34] demonstrated that
~25 m is the optimal footprint size for GEDI. The suggestion is that the size is large enough to capture
the entire canopy of larger diameter trees and small enough to limit the vertical mixing of vegetation
and ground signals caused by surface slope.

Occlusion plays an important role in the spatial distribution of the density of the point cloud [92,132].
Occlusion effects are caused by material intercepting laser beams and stopping them from being in
contact with material along their path, which results in a relatively lower inner-canopy point density
and underestimation of the LAI [43]. Occlusion effects typically occur when single-scan LiDAR is
applied to complex forest canopies. The addition of scans is an effective strategy to alleviate the
occlusion [133]. Multiple scans can be used to obtain detailed information on the 3D distribution of the
canopy, leading to an increase in the amount of data for forests and contributing to the solution of
problems associated with a short zenith range [126,127,134]. However, multiple scans significantly
increase the field work and size of the datasets, and biophysical parameter estimations cannot be
directly compared with other instruments. The combination of TLS and ALS data is another strategy
that may solve occlusion effects for very dense crowns because the profiles obtained by ALS and TLS
complement each other, eliminating blind regions and yielding more accurate LAD profiles than by
using each type of LiDAR alone [135].

Topographic effects can lead to significant errors in the vertical distribution of the plant area,
with an RMSE up to 66.2% [134]. The slope affects the accuracy of the vertical LAI distribution because
it can blur the boundary between vegetation and ground signals in a LiDAR waveform. The ground
peak gradually decreases and finally disappears as the terrain slope increases, making their separation
difficult and potentially leading to errors in the LAI and VFP estimates. To identify the accurate ground
return and minimize the slope-induced error, Yang et al. [123] extended the geometric optical and
radiative transfer (GORT) vegetation LiDAR model to consider the effect of the surface topography.
The slope effect on waveforms was then assessed using model simulations. Filtering out a larger slope
is an effective method to reduce the effect of the terrain [136,137]; for example, GLAS footprints were
filtered using a cutoff slope threshold of 20 [91]. Although significant progress has been made regarding
the use of waveforms on slopes below 20◦, the effect of the terrain slope on the estimation of forest
parameters has not been thoroughly addressed, especially for steep slopes (i.e., >20◦). Wang et al. [71]
proposed slope-adaptive waveform metrics for the estimation of the forest aboveground biomass (AGB).
They used a model to calculate waveforms of bare ground with known terrain slopes to compensate the
terrain effect. However, the model performance decreases for complex terrains including bumps or pits.
The terrain conditions are always simpler for small footprints than for larger footprints. The waveform
LiDAR with a small footprint may limit the vertical mixing of vegetation and ground signals caused
by the slope [122].

LiDAR returns can be reflected back from different layers of canopies, e.g., crown surfaces,
inside or below top crowns, and the ground [19]. For various LAI estimation methods, it is important
to note that the LPM is sensitive to the gap fraction regardless of the gap size. The penetration rate
based on the first return might be insensitive to small gaps because the ALS footprints are too large
to penetrate such gaps [87]. Heiskanen et al. [124] reported that the LPM utilizing the first and last
returns to derive the ALS penetration rate is more sensitive to the gap fraction variations because the
returns from different part of canopy are considered. Therefore, the LPMs calculated from both the
first and last returns may be the best predictors of LAI [95]. Richardson et al. [22] further proved that
the ALS penetration rate calculated from the first and last returns strongly correlates with the field
LAIeff estimates (R2 > 0.9). Hence, the LPM utilizing the first and last returns is recommended for
LAI estimation.
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The voxelization procedure involves the specification of the voxel size, which has a marked impact
on the LAI estimation, because it significantly affects the gap fraction estimation [126]. Different voxel
sizes have been used to produce voxel-based tree models. Van der Zande et al. [92] defined voxel size
based on the minimum size of the object element, which ensures a number of point cloud data in each
voxel. However, several small gaps between leaves can easily be overlooked. More recently, voxel size
has been defined based on TLS characteristics [127]. For example, the voxel size is defined depending
on the range and scan resolution of the TLS [32]. Grau et al. [138] assessed the effect of the voxel size
on LAI estimation using a simulation framework based on the discrete anisotropic radiative transfer
(DART) model. They found that voxel size is site-specific, and to obtain good accuracy of estimation,
voxel size should be varied in different forest scenes.

Because woody components are sources of error in indirect LAI estimations, the separation of foliar
and woody materials is crucial for the accurate estimation of the LAI [139]. The quantitative evaluation
of the contribution of non-photosynthetic canopy components to the LAI will be helpful to improve
the LAI estimation accuracy. A possible approach is the joint use of leaf-on and leaf-off LiDAR data.
The wood area index (WAI) is generally estimated during leaf-off periods and subtracted from the total
plant area index. First, the effective woody area index (WAIeff) is estimated under leaf-off conditions,
and the effective PAI (PAIeff) is estimated under leaf-on conditions. Subsequently, the LAIeff is obtained
by subtracting WAIeff from PAIeff [110]. However, this method is not suitable for evergreen vegetation
such as coniferous forests. Another approach is based on the use of leaf-on LiDAR data and makes
use of the geometric and radiometric features. Geometric features (linear features, random features,
and surface features) have been utilized to quantitatively evaluate the contribution of woody material to
the LAI using TLS point cloud data [128,140], and the shape, normal vector distribution, and structure
tensor of TLS data features have been used to separate various tree organs [129]. Zhu et al. [130]
proposed an adaptive radius near-neighbor search method to accurately separate foliar and woody
materials in a mixed forest using TLS point cloud data. They reported that the use of a combination of
radiometric and geometric features outperforms either one of them alone, yielding an average overall
accuracy of 84.4% for mixed forests. However, due to the lower point density and bigger footprint of
ALS and SLS relative to TLS, the classification method used in TLS is not applicable to ALS and SLS.
The quantitative evaluation of the contribution of non-photosynthetic canopy components to the LAI
of a forest stand must be focused on in the future.

6. Future Prospects

The major advantage of LiDAR technology is its capability to characterize the vertical vegetation
structure at different heights [15]. LiDAR-derived LAIs have been used in the validation of the passive
satellite LAI products [19,112]. We expect the use of LiDAR LAI will increase with the growing
availability of high-quality LAI data derived from LiDAR. Different LiDAR data provided by the
different lidar systems have been used to estimate LAI. However, there is no universal LiDAR metric
for LAI estimation; therefore, the selection of proper LiDAR metrics is crucial for LAI estimation.
More field measurements and novel LiDAR metrics are necessary for improved LAI estimation in
the future.

The ALS observations act as a validation link between field and satellite data [91]. However, the
relatively high cost of ALS flight mission has significantly limited its applications. As an alternative
platform for ALS, the unmanned aerial vehicle (UAV) costs less but can provide denser points. Therefore,
UAV provides an effective platform for LAI estimation [141] and acts as a validation link between field
and satellite data [21]. The TLS provides an additional indirect ground-based technique to estimate the
LAI [109–111]. However, TLS data acquisition is highly time-consuming and labor-intensive. A new
backpack LiDAR system was developed for efficient and accurate forest inventory applications, and the
derived LAD fits well with the TLS estimates (R2 > 0.92, RMSE = 0.01 m2/m3) [142]. A backpack LiDAR
system may provide an alternative platform for TLS data acquisition.

The increasing availability of LiDAR data will greatly enhance the LAI estimation. Fusion of
multiple LiDAR data from different systems, platforms, and temporal observations is also a continued
research direction [14].
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7. Conclusions

In this study, the LiDAR technology, LAI retrieval and validation methods, and factors affecting
LAI estimation were reviewed. The use of LiDAR has become an operational data collection option for
the retrieval of the LAI. All TLS, ALS, and SLS systems can provide the LAI and VFP.

LAI is mainly estimated from LiDAR data by means of the correlation with the gap fraction and
contact frequency, and LAI is also estimated from the regression of forest biophysical parameters
derived from LiDAR, such as LiDAR height and foliage density metrics. The TLS provides detailed
information on the within-canopy structure at individual tree or stand levels and accurate LAI and
VFP distribution within plots. However, TLS data processing is complex and the spatial coverage of
TLS is limited. The ALS covers relatively large areas in a spatially contiguous manner and provides
multiscale LAI estimation. However, the description of the within-canopy structure is limited because
the penetration of the ALS point cloud data is poor in dense vegetation. The SLS provides information
regarding the canopy structure with near-global coverage and thus has the potential to produce the
global LAI and VFP. However, the accuracy of LAI estimation based on a large-footprint waveform is
affected by the terrain. In addition to the limitation of the LiDAR instrument itself, several factors
should also be considered in the estimation of LAI with LiDAR technology. Clumping and wood are
common factors for all LiDAR systems. The LAI estimation is also affected by occlusion, and voxel size
for TLS; sampling size, height threshold and sampling size, and types of return for ALS; and footprint
size and topography for SLS. Quantification of these factors remains an ongoing task for LiDAR
LAI estimation.

Direct comparison methods, scaling-up strategies, and the intercomparison of multiple products
are used to validate the LiDAR LAI. The results show that the LAI derived from LiDAR and reference
data were in good agreement. However, current LiDAR LAI validation studies are mostly performed
at local scales, such as limited site or observation tower.

Remote sensing techniques have provided powerful and effective tools for estimating the spatial
distribution of LAI for large areas. The LAI and VFP have been produced at a large scale using
ICESat-1/GLAS, whereas the operation of ICESat-1/GLAS was stopped in 2009. The ICESat-2/ATLAS
and GEDI are expected to provide vegetation structure information and large-scale LAI estimates.
The usage of LiDAR is expected to increase based on the capability to provide the LAI vertical profile.
Future research should explore LiDAR remote sensing inversion with respect to the LAI and VFP,
quantitative analysis, and the large-scale validation of the LAI and VFP.
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