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Laboratory, USDA-ARS, Beltsville, MD, USA; eSchool of Civil Engineering and Architecture, Tongling
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ABSTRACT
The leaf area index (LAI) is a key vegetation canopy structure para-
meter and is closely associated with vegetation photosynthesis,
transpiration, and energy balance. Developing a landscape-scale
LAI dataset with a high temporal resolution (daily) is essential for
capturing rapidly changing vegetation structure at field scales and
supporting regional biophysical modeling efforts. In this study, two
daily 30 m LAI time series from 2014 to 2016 over a meadow steppe
site in northern China were generated using a spatial and temporal
adaptive reflectance fusion model (STARFM) combined with an LAI
retrieval radiative transfer model (PROSAIL). Gap-filled Landsat 7,
Landsat 8 and Sentinel-2A surface reflectance (SR) images were
used to generate fine-resolution LAI maps with the PROSAIL look-
up table method. Two daily 500 m moderate-resolution imaging
spectroradiometer (MODIS) LAI product-the existing MCD15A3H
LAI product and one was generated from the MCD43A4 SR product
and the PROSAILmodel, were used to provide temporally continuous
LAI variations. The STARFM model was then used to fuse the fine-
resolution LAI maps with the two 500 m LAI products separately to
generate two daily 30 m LAI time series. Both results were assessed
for three types of pasture (mowed pasture, grazing pasture, and
fenced pasture) using ground measurements from 2014–2015. The
results showed that the PROSAIL-generated LAI maps all exhibited a
high accuracy, and the root mean squared errors (RMSEs) for the
Landsat 7 LAI and Landsat 8 LAI compared to the ground-measured
LAI were 0.33 and 0.28 respectively. The Landsat LAI maps also
showed good agreement and similar spatial patterns with the
Sentinel-2A LAI with mean differences between ± 0.5. The
MCD43A4_PROSPECT LAI product exhibited similar seasonal
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variability to the ground measurements and to the Landsat and
Sentinel-2A LAIs, and these data are also smoother and contain
fewer noisy points than the gap-filled MCD15A3H LAI product.
Compared to the ground measurements, the daily 30 m LAI time
series fused from the fine-resolution LAI maps and PROSPECT gener-
ated MODIS LAI product demonstrated better performance with an
RMSE of 0.44 and a mean absolute error (MAE) of 0.34, which is an
improvement from the LAI time series fused from the fine-resolution
LAI maps and the existing MCD15A3H LAI product (RMSE of 0.56 and
MAE of 0.42). The latter dataset also exhibited abnormal temporal
fluctuations, which may have been caused by the interpolation
method. The results also demonstrated the very good performance
of the STARFM model in grazing and mowed pasture with homo-
geneous surfaces compared to fenced pasture with smaller patch
sizes. The Sentinel-2A data offers increased landscape vegetation
observation frequency and provides temporal information about
canopy changes that occur between Landsat overpass dates. The
scheme developed in this study can be used as a reference for
regional vegetation dynamic studies and can be applied to larger
areas to improve grassland modeling efforts.

1 Introduction

The structural and functional attributes of vegetation canopies vary with the vegetation
types, phenological stages, microclimatic conditions, nutrient dynamics, land manage-
ment, and many other factors (Asner, Scurlock, and Hicke 2003). The leaf area index (LAI),
which is defined as the one-sided green leaf area per unit ground area (Chen and Black
1992), is a key parameter that indicates the integrated effects of these factors. Values of
LAI are closely associated with vegetation photosynthesis, transpiration, and energy
balance (Asner, Scurlock, and Hicke 2003; Bonan 1993; Running et al. 1989; Wiegand,
Richardson, and Kanemasu 1979). As a key canopy structure parameter, LAIs with both
high spatial and high temporal resolution are a required input in a number of produc-
tivity, hydrology and energy models to effectively model the within-field vegetation
dynamics and provide meaningful information for management strategies (Colombo
et al. 2003; Running and Coughlan 1988; Sellers and Schimel 1993; Houborg, McCabe,
and Gao 2016). Developing a landscape-scale LAI dataset with a high temporal resolu-
tion (daily) is therefore essential for understanding regional vegetation biological and
physical processes, initiating ecosystem biogeochemistry models, analyzing regional
carbon and production dynamics (Colombo et al. 2003; Running et al. 1999; Yin et al.
2017), and monitoring vegetation productivities under different management strategies.

To meet these demands, several global LAI products have been produced from
remote sensing data obtained from different satellite sensors, such as the copernicus
global land service (CGLS) and the carbon cycle and change in land observational
products from an ensemble of satellites (CYCLOPES) LAI products, which are generated
from the VEGETATION and project for on-board autonomy-Vegetation (PROBA-V) sen-
sors aboard the systeme probatoire d’observation de la terre (SPOT) satellites (Baret et al.
2007, 2013) and the moderate-resolution imaging spectroradiometer (MODIS) LAI pro-
ducts generated from MODIS sensors aboard the Terra and Aqua satellites (Myneni et al.
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2002; Yang et al. 2006). These products are widely used in a broad range of studies of
agriculture, ecology, carbon cycling, and climate (Ganguly et al. 2012). Although these
sensors can provide daily global observations that are valuable for monitoring vegeta-
tion dynamics, the coarse-spatial resolution (250–1000 m) of these sensors and their
products is often inadequate for field-scale LAI estimation (Gao et al. 2015; Ganguly et al.
2012). In addition, the products are often composited and updated every 4–10 days to
decrease cloud and observation angle interruptions. Finer-resolution (30 m) Landsat
series satellite observations have provided better data for deriving landscape-scale
modeling inputs since the first launch of these satellite sensors in the 1970s (Huang
et al. 2009; Masek et al. 2006; Wulder et al. 2012). The advanced spaceborne thermal
emission and reflection radiometer (ASTER) and Sentinel-2 data, which offer a compar-
able or even higher spatial resolution, became available in 1999 and 2015, respectively,
and represent additional data sources that provide more choices for landscape-scale
studies (Drusch et al. 2012). However, finer spatial resolutions typically result in smaller
image footprints and thereby decrease the revisit time (5–16 days) for observations at
the same location. Cloud contamination during the vegetation growing season may
further lengthen the revisit interval, which limits the use of these data for capturing
rapid surface changes (Coops, Matt Johnson, and White 2006; Ju and Roy 2008; Gao
et al. 2015; Gao, Schwaller, and Hall 2006).

Methods combining these two types of satellite images to generate synthesized data
with both high spatial resolution and frequent coverage have recently been developed
(Zhu et al. 2016; Gao et al. 2015; Li et al. 2017a; Gao, Schwaller, and Hall 2006; Huang and
Song 2012; Mingquan et al. 2012; Sedano, Kempeneers, and Hurtt 2014; Huang et al.
2016). Among these methods, the spatial and temporal adaptive reflectance fusion
model (STARFM) developed by Gao, Schwaller, and Hall (2006) was the first weighted
function-based spatial-temporal image fusion method, and it has been widely used for
monitoring seasonal changes in vegetation succession and conditions (Rao et al. 2015;
Hilker et al. 2009b; Wang, Gao, and Masek 2014; Gao et al. 2017). The model uses one or
two image pairs from Landsat and MODIS to estimate Landsat-resolution images at
MODIS acquisition dates. The STARFM model was later improved to study forest dis-
turbances (Hilker et al. 2009a) and heterogeneous regions (Zhu et al. 2010). STARFM was
originally used to detect reflectance changes caused by processes such as phenology,
but subsequent studies have found this model useful for mapping high-resolution key
environmental variables. Researchers used STARFM and a two-source energy balance
model to estimate daily field-scale evapotranspiration at field to continental scales
(Anderson et al. 2011; Sun et al. 2017; Yang et al. 2017). Weng, Peng, and Gao (2014)
improved STARFM to predict the daily land surface temperature (LST) at a 120 m
resolution by blending Landsat thematic mapper (TM) and MODIS LST data. Gao et al.
(2017) generated daily 30 m surface reflectance (SR) imagery using the STARFM
approach in central Iowa, USA from 2001–2015 and produced 30 m crop phenology
maps. Houborg, McCabe, and Gao (2016) developed a multi-scale spatio-temporal
enhancement method for medium-resolution LAI (STEM-LAI) based on STARFM that is
used to downscale the 8-day MODIS LAI products to the resolution of the 4-day Landsat-
scale LAI dataset. The STEM-LAI results showed high performance at the test site;
however, reliable downscaling of MODIS LAIs to the Landsat scale requires sufficient
homogeneous samples at the MODIS resolution, which is a significant challenge for the
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method. Additionally, directly interpolating 8-day MODIS LAI products to daily time
steps will add uncertainty to the results.

An accurate estimation of vegetation LAI from the two types of satellite data is one
key issue to generate high-quality spatial-temporal LAI datasets. Although MODIS and
the first version of the Geoland2 products (GEOV1) LAI products are freely available, the
comparatively long composite time interval (4–16 days for MODIS and 10 days for
GEOV1) make them unsuitable for daily LAI mapping. In addition, the MODIS LAI
products were validated with different performance in different vegetation biomes (Li
et al. 2015; Yan et al. 2016b). A number of LAI prediction methods have been developed
from remotely sensed data, which can be generally grouped in two categories: the
statistical and physical (Baret and Buis 2008; Verrelst et al. 2015). The empirical statistical
methods that builds relationships between LAI and a spectral observation or a combina-
tion of spectral observations (vegetation indices, VIs) has been widely used due to its
simplicity and relatively good performance; however, such approaches are site-, time-,
sensor-, and biome-specific and their application is constrained by surface representa-
tiveness, sensor spectral information and sun position as well as viewing geometry
(Weiss and Baret 1999; Verrelst et al. 2008, 2010; Tao et al. 2016; Gao et al. 2012). The
physically-based radiative transfer models are based on a rigorous physical description
of the interactions between electromagnetic radiation, canopy elements and the under-
lying soil surface (Dorigo et al. 2007). They can simulate a great variety of conditions in
terms of vegetation type and surface characteristics as well as sensor acquisition
geometry, thus the approaches are generic and therefore generally applicable.
However, the physically-based approaches are computationally demanding and ill-
posed which may lead to instability in the results (Combal et al. 2003; Pasolli et al.
2015). To cope with these issues, some restrictions were proposed to constrain the
inversion process, these involve reducing the look-up table (LUT) dimensions (Gastellu-
Etchegorry, Gascon, and Estève 2003), the use of prior knowledge (Combal et al. 2003),
and the use of multiple solutions of LUT inversion (Darvishzadeh et al. 2008).

In this study, we developed a scheme to generate two daily 30m LAI time series over
a meadow steppe site in northern China by fusing Landsat, Sentinel-2A, and MODIS LAI
data. The PROSAIL model was used to generate LAI maps from Landsat and Sentinel-2A
SR images and the MCD43A4 nadir bidirectional reflectance distribution function
adjusted reflectance (NBAR) product, and the STARFM algorithm was then used to
combine the spatio-temporal characteristics of the fine-resolution Landsat and
Sentinel-2A LAI maps and the temporally continuous PROSAIL generated MODIS LAI
product (MCD43A4_PROSPECT_STARFM LAI). To assess the spatio-temporal performance
of the MCD43A4_PROSPECT_STARFM LAI data, a second daily 30 m LAI dataset was
generated by fusing the finer-scale LAI maps with the existing MCD15A3H LAI product
(MCD15A3H_STARFM LAI). The results of the two LAI time series were then compared
and validated using ground measurements. The objectives of this study are (1) to assess
the ability of the PROSAIL model to generate grassland LAIs from satellite data with
different spatial resolutions; (2) to compare the spatio-temporal consistency of Sentinel-
2A and Landsat data in the estimation of grassland LAIs; (3) to assess the ability of our
scheme to generate daily 30 m LAI datasets; and (4) to analyze the spatio-temporal
variability of the LAIs in different pasture types and its response to climate factors.
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2 Materials

2.1 Study site

Hulunber city (Inner Mongolia Autonomous Region, China) has the most complete and
best-preserved natural temperate meadow steppe on the Eurasian continent and has an
amazing abundance of species with high economic and ecological value (Li et al. 2016).
The study was conducted at an experimental site at the Hulunber grassland ecosystem
observation and research station (Hulunber station, 49°20′24′′ N, 119°59′44′′ E), which is
located in the middle of the Hulunber meadow steppe (Figure 1). The site covers an area
of 4 km× 4 km and has a homogeneous surface. Leymus chinensis and Stipa baicalensis
are the two dominant grass species, and a small river (covering approximately 0.30 km2)
is located in the southeast part of the study area. The region is characterized by a semi-
arid inland climate with an annual mean precipitation of 350 mm–400 mm and annual
mean temperatures ranging from −3°C to 1°C. The average elevation at the site is 650 m.
The growing season is approximately 140 days long (May to September) (Tang et al.
2015b; Li et al. 2015). Three pasture types exist in the study site (Wu et al. 2015): open
grazing pasture (6.18 km2), which feeds cattle from June to September; mowed pasture
(9.15 km2), which is used for silage (harvested once or twice in August) and is fenced
throughout the year to prevent cattle grazing; and fenced pasture (0.37 km2), which is

Figure 1. (a) The geographic location of Hulunber station. (b) The experimental site and sampling
plots (background: Landsat-8 operational land imager (OLI) false-color composite image (5, 4, and 3)
from 5 July 2015). (c) Picture of mowed pasture in the site. (d) Picture of grazing pasture in the site.
(c) Picture of fenced pasture in the site.
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protected from grazing and harvesting. A wildfire occurred in the fenced pasture on
April 2015, and the dead grass that had accumulated over the previous ten years was
removed.

2.2 Field measurements

Field sampling was performed during the growing seasons (June to August) of 2014 and
2015 in the core experimental area (3 km× 3 km) of the site. A two-scale sampling strategy
(site scale and image pixel scale) designed by the VALERI project (De Kauwe et al. 2011;
Philippe Rossello 2007) was adopted to collect the grass LAI. A total of 29 elementary
sampling units (ESUs, 30 m × 30 m) were chosen at the site (Figure 1). A more detailed
sampling protocol for this site has been described previously (Li et al. 2014). Each ESU was
located with a global positioning system (GPS) receiver that was accurate to 2 m, which
ensured that themeasurements for each campaign were collected at the same location. The
effective LAI was measured using an LAI-2200C plant canopy analyzer (Li-Cor, Lincoln, NE,
USA) with a 270° view cap. At each ESU, the effective LAI was measured at five points
arranged in a ‘cross’ pattern, and the five LAI values were then averaged to calculate a mean
value to obtain a representative remote sensing pixel value. During 14 field campaigns at
the experimental site, a total of 342 LAI ESU measurements were collected; the statistics of
the measured LAIs are shown in Table 1.

Other grass biophysical parameters used in the PROSAIL model were also randomly
collected from the three pasture types during each field campaign. The leaf chlorophyll
concentration (LCC) was collected and calculated using a SPAD-502 chlorophyll meter
(Minolta Corporation, Ltd., Osaka, Japan), the leaf inclination angle was measured using
a protractor, and the dry matter content and water content were collected by the
harvest method and dried in an oven at 85°C.

2.3 Satellite data

To increase the temporal frequency of the ground observations at finer resolutions,
Landsat 7 enhanced thematic mapper plus (ETM+) images, Landsat 8 operational land
imager (OLI) images, and Sentinel-2A MultiSpectral Instrument (MSI) images were used

Table 1. Descriptive statistics of the measured leaf area index (LAI) dataset.
Date Number of sampling unit Mean Minimum Maximum Standard deviation

31 May 2014 26 1.15 0.61 1.69 0.31
23 June 2014 24 1.47 0.55 1.86 0.34
1 July 2014 26 2.15 0.81 3.22 0.63
4 July 2014 23 1.76 0.42 2.81 0.67
11 July 2014 25 1.91 0.65 2.79 0.73
28 July 2014 26 1.82 0.69 2.75 0.78
3 August 2014 22 1.83 1.03 2.90 0.65
18 August 2014 23 1.30 0.84 2.00 0.31
19 June 2015 25 1.26 0.77 1.81 0.37
30 June 2015 22 1.20 0.41 2.19 0.57
5 July 2015 23 1.34 0.51 2.76 0.67
7 July 2015 25 1.18 0.51 2.01 0.56
11 August 2015 26 1.47 0.69 3.40 0.74
20 August 2015 26 1.28 0.76 2.32 0.41
Total 342 1.45 0.41 3.40 0.65
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in this study. Higher-level Landsat surface reflectance data products from path 123, row
26 from early May to the end of October from 2014 to 2016 were ordered and down-
loaded from the USGS Earth Explorer website (http://earthexplorer.usgs.gov/). Landsat
data are routinely corrected radiometrically and geometrically (level 1G) by the USGS
Earth Resources Observation and Science (EROS) Center. A terrain correction (Level 1T) is
applied using a digital elevation model (DEM) and ground control points. The Landsat 7
ETM+ surface reflectance product is atmospherically corrected using the second simula-
tion of a satellite signal in the solar spectrum (6S) radiative transfer model (Masek et al.
2006). The Landsat 8 surface reflectance data are generated from the Landsat surface
reflectance code (LaSRC), and atmospheric correction was conducted using a refined 6S
radiative transfer model (Vermote et al. 2016). Because the short wave infrared (SWIR)
band between 1.55–1.75 nm is susceptible to atmospheric aerosols and water vapor, the
SWIR1 band (band 5 for Landsat 7 ETM+ and band 6 for Landsat 8 OLI) was abandoned
in this study after the reflectance was checked (Li, Xin, et al. 2017). The 30 m resolution
spectral blue, green, red, near-infrared (NIR) and SWIR2 bands (bands 1, 2, 3, 4 and 7 for
Landsat 7 ETM+ images and bands 2, 3, 4, 5 and 7 for Landsat 8 OLI images, respectively)
were used for LAI estimation (Landsat LAI). Fifteen cloud-free Landsat scenes over the
study site were available during the growing seasons of 2014–2016, including nine
Landsat 7 scenes and six from Landsat 8 (Table 2).

The Sentinel-2A MSI sensor acquires 13 spectral bands ranging from the visible and
near-infrared (VNIR) to shortwave infrared (SWIR) wavelengths along a 290-km orbital
swath. The spatial resolutions of these bands range from 10 to 60 m, and the minimum
revisit time at the equator is 10 days (Drusch et al. 2012). The Sentinel-2A MSI images of
the study area were collected and processed on six cloud-free days in 2016. Four scenes
(day of year (DOY): 154, 201, 221, and 241) were used for data fusion, and the other two
(DOY: 214 and 274) were used to compare the LAI estimation capability with the Landsat
data (Table 2). The level 1C top-of-atmosphere (TOA) reflectance data were acquired
from the USGS Earth explorer website (http://earthexplorer.usgs.gov/). The data proces-
sing included radiometric and geometric corrections along with orthorectification to

Table 2. Spectral bands and acquisition dates of the Landsat ETM+, OLI, Sentinel-2A MSI, and MODIS
data used in this study.
Satellite data Landsat 7 ETM+ Landsat 8 OLI Sentinel-2A MSI MODIS

Bands used in
this study
and their
bandwidth
(μm)

B1 (0.441–0.514)
B2 (0.519–0.601)
B3 (0.631–0.692)
B4 (0.772–0.898)
B7 (2.064–2.345)

B2 (0.452–0.512)
B3 (0.533–0.590)
B4 (0.636–0.673)
B5 (0.851–0.879)
B7 (2.107–2.294)

B2 (0.458–0.523)
B3 (0.543–0.578)
B4 (0.650–0.680)
B5 (0.698–0.713)
B6 (0.733–0.748)
B7 (0.765–0.785)
B8a (0.855–0.875)
B11 (1.565–1.655)
B12 (2.100–2.280)

B3 (0.459–0.479)
B4 (0.545–0.565)
B1 (0.620–0.670)
B2 (0.841–0.876)
B5 (1.230–1.250)
B6 (1.628–1.652)
B7 (2.105–2.155)

Spatial
resolution
(m)

30 30 10/20 250/500

Acquired date
(Juliay day)

2,014,207; 2,014,239;
2,014,287; 2,015,114;
2,015,258; 2,016,165;
2,016,213; 2,016,261;

2,016,277

2,014,119; 2,014,151;
2,015,170; 2,015,186;
2,015,282; 2,016,125

2,016,154; 2,016,201;
2,016,214; 2,016,221;
2,016,241; 2,016,274

2,014,120–290;
2,015,120–290;
2,016,120–290
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generate highly accurate geolocated products. The atmospheric, terrain and cirrus
corrections of the TOA level 1C data were then conducted using the Sen2Cor
(Sentinel-2 atmospheric correction) processor integrated with the sentinel application
platform (SNAP) toolbox. Only spectral bands with a spatial resolution of 10m or 20m
were considered in this study. The 10m resolution spectral blue, green and red bands
(bands 2, 3 and 4) and 20m resolution spectral vegetation red edge, narrow NIR, SWIR1
and SWIR2 bands (bands 5, 6, 7, 8A, 11 and 12) were used for the LAI estimation
(Sentinel LAI). Before the LAI estimation, all of the bands were resampled to a 20 m
spatial resolution.

The daily MCD43A4 NBAR products of tile h25v04 from 2014 to 2016 were acquired from
the Earthdata search client website of the Earth observing system data and information
system (EOSDIS) (https://earthdata.nasa.gov/). The MCD43A4 product provides 500m NBAR
data and is computed for each of the MODIS spectral bands (1–7) at local solar noon for the
day of interest using the bidirectional reflectance distribution function to model the values
as if they were collected from a nadir view (Schaaf and Wang 2015). All seven bands were
used to generate coarse-resolution LAI maps (MCD43A4_PROSPECT LAI). In addition, the
MODIS 4-day LAI product (MCD15A3H LAI) at a 500 m spatial resolution was fused with the
Landsat and Sentinel LAI data in the STARFM to generate a 4-day 30 m LAI dataset, which
was then interpolated to daily time steps using a cubic spline function.

3 Methods

In this study, three major components were included in the processing stream: the PROSAIL
model, which was applied to the Landsat 7, Landsat 8, Sentinel-2A andMODIS SR imagery to
retrieve LAIs at different spatial and temporal resolutions; STARFM, which was used to fuse
the data; and the gap-filling procedure applied to the Landsat 7 SLC-off ETM+ images to fill
image gaps prior to LAI retrieval and fusion. The processing flow chart is shown in Figure 2.
During the LAI retrieval process, the 30 m gap-filled Landsat 7, 30 m Landsat 8, 20 m
Sentinel-2A SR data and 500 m MCD43A4 NBAR data were input into the PROSAIL model,
and the retrieved LAI maps were then reprojected and resampled to the same image size
and pixel size (30 m). The data fusion process used STARFM with a single Landsat (Sentinel-
2A)-MODIS pair to predict nearby dates of similar phenological phases. Before conducting
the data fusion process, the LAI maps retrieved from the Landsat and Sentinel-2A images
were compared to check their spatio-temporal consistency. Two daily 30 m LAI time series
were generated: one was fused from the PROSAIL-generated Landsat, Sentinel-2A and daily
MCD43A4_PROSPECT LAI maps (MCD43A4_PROSPECT_STARFM LAI), and the other was
fused from the PROSAIL-generated Landsat and Sentinel-2A LAI maps and the existing 4-
dayMCD15A3H LAI product (MCD15A3H_STARFM LAI); the latter was then interpolated to a
daily timestep by fitting a cubic spline function.

3.1 PROSAIL

PROSAIL is a radiative transfer model that combines the PROSPECT leaf optical properties
model (Jacquemoud and Baret 1990) and scattering by arbitrarily inclined leaves (Verhoef
1984, 1985). The model has been used to study plant canopy spectral and directional
reflectance in the solar domain (Jacquemoud et al. 2009). The model can also be used to
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develop new methods for the retrieval of vegetation biophysical properties (e.g., LAI and
canopy chlorophyll contents) (Darvishzadeh et al. 2008; Goel 1988; Jacquemoud et al.
1995). The PROSPECT5 model simulates leaf directional-hemispherical reflectance and
transmittance over the solar spectrum from 400 nm to 2500 nm (Jacquemoud and Baret
1990; Jacquemoud et al. 1996; Feret et al. 2008). The model considers a leaf as one or
several absorbing plates with rough surfaces that causeisotropic scattering and was devel-
oped from the plane-parallel model (Allen et al. 1969). The absorption of light is assumed
to be entirely caused by leaf biochemical contents (chlorophyll, water, and dry matter).
Four input parameters are required: the leaf structural parameter (N), the leaf chlorophyll
a + b concentration (LCC), the dry matter content (Cm), and the equivalent water thickness
(Cw). The SAIL model is an extended one-dimensional model that simulates the bidirec-
tional reflectance factor of turbid medium plant canopies (Verhoef 1984, 1985; Schaepman-
Strub et al. 2006). The model treat the canopy as a horizontally homogeneous and semi-
infinite layer that consists of small vegetation elements, which act as absorbing and
scattering particles of a given geometry and density (Verhoef et al. 2007). 4SAIL is a
numerically robust and speed-optimized version of the SAIL model (Verhoef et al. 2007).
The coupling of the PROSPECT5 and 4SAIL models simply consists of passing the output
leaf reflectance and transmittance of the PROSPECT5 model into the 4SAIL model to
simulate the entire spectrodirectional canopy reflectance field (Jacquemoud et al. 2009).
In addition to the leaf reflectance and transmittance, the 4SAIL model requires eight input

Figure 2. Flowchart of the process used to estimate the daily 30 m LAI in this study.
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parameters: the sun zenith angle (θs), view zenith angle (θv), sun-sensor azimuth angle (φ),
fraction of diffuse incoming solar radiation (fskyl), soil scaling factor (αsoil), LAI, average leaf
angle (ALA), and hot spot size parameter (H).

The LUT-based inversion method was used in this study to retrieve the grassland LAI
from the Landsat, Sentinel-2A and MODIS SR images. This method permits a global
search in the LUT for the best solution by minimizing the summed differences between
the simulated and measured reflectances. The ranges and distributions of the PROSAIL
input variables used to build the LUT, which were obtained from field measurements
and the literature (Pasolli et al. 2015; Darvishzadeh et al. 2008), are shown in Table 3.
Four LUTs were built for the four satellite datasets separately using the same leaf,
canopy and soil parameters but different band and angle information. Since the sum
of all of the combinations led to an unrealistically large number of simulations, 100,000
parameter combinations were randomly generated for each LUT to improve the com-
putational efficiency. After several trials using field data, the addition of 2% Gaussian
noise to the cost function (root mean squared error, RMSE) resulted in better perfor-
mance and was used in our LUT inversion process. The LUT generation and LAI inversion
processes were conducted in the automated radiative transfer models operator (ARTMO)
software package (Verrelst, Romijn, and Kooistra 2012).

3.2 Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM)

The STARFM algorithm, which was developed by Gao, Schwaller, and Hall (2006), was
originally designed to generate daily surface reflectance data at the Landsat resolution
by fusing temporally sparse Landsat imagery with daily but coarse-spatial resolution
MODIS imagery. This algorithm has also demonstrated utility in fusing higher-order
satellite products with similar instruments (Yang et al. 2017; Li et al. 2017b). In
STARFM, for each MODIS and Landsat image pair, a moving search window method is
used to identify similar neighboring pixels using a defined threshold between the
central pixel and the neighboring pixels. The predicted value for the central pixel

L xw
2
; yw

2
; t0

� �
on date t0 is computed with a weighting function from spectrally similar

neighboring pixels within a specified search window:

Table 3. Specific ranges for the input parameters used to generate the LUT using PROSAIL.
Model parameter Abbr. Unit Value/range Step

PROSPECT
Leaf structural parameter N No dimension 1.5–2.0 0.1
Leaf chlorophyll content LCC μg cm−2 35–70 5
Equivalent water thickness Cw g cm−2 0.006–0.045 0.002
Leaf dry matter content Cm g cm−2 0.005–0.03 0.0015
4SAIL
Leaf area index LAI No dimension 0.1–5 0.1
Average leaf angle ALA Degree 40–70 5
Hot spot size parameter H No dimension 0.05–0.3 0.1
Fraction of diffuse incoming solar radiation fskyl No dimension 0.1
Soil scaling factor αsoil No dimension 0–1 0.1
Sun zenith angle θs Degree Value acquired from image metadata
View zenith angle θv Degree Value acquired from image metadata
Sun-sensor azimuth angle φ Degree 0
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is the value of

the Landsat pixel at time tk, and Wijk is the weighting factor that determines the
contribution of a spectrally similar pixel within the moving window to the estimation
of the center pixel value. In our LAI fusion process, STARFM uses the weighting function
derived from the Landsat (or Sentinel-2A) and MODIS LAI retrieved on the same date.
The 30 m LAI values were predicted for the dates when MODIS LAI data are available.

3.3 Gap-filling methods

The scan-line corrector (SLC) of the Landsat 7 ETM+ sensor failed after 2003, resulting in
striped gaps in all but the center of each scene (Arvidson et al. 2006). Filling the gaps in
SLC-off ETM+ images is crucial and necessary to ensuring the optimal spatial coverage and
temporal continuity in the fused 30 m daily time series. The geostatistical neighborhood
similar pixel interpolator (GNSPI) algorithm developed by Zhu, Liu, and Chen (2012) is used
in this study to gap-fill the Landsat 7 SLC-off reflectance data. GNSPI divides the predicted
pixel value in the SLC-off data gap into a temporal trend and a residual. The temporal trend
is estimated using the neighboring pixels with similar spectral characteristics, and the
residual is predicted through an ordinary kriging algorithm. This algorithm has been
demonstrated to be superior to existing methods, especially in heterogeneous landscapes
(Zhu, Liu, and Chen 2012; Romero-Sanchez et al. 2015). For a more detailed description of
the algorithm, please refer to Zhu, Liu, and Chen (2012).

For the 4-day time series MCD15A3H LAI product, a simple gap filling method devel-
oped by Xiao et al. (2003) was used to fill in the LAI values of cloudy pixels identified by
the product quality control (QC) layer. A three-point time series filter (X(t-1), X(t) and X(t + 1))
was first selected, and the values of the non-cloudy pixels in this window were used to
correct the cloudy pixel. If both the X(t-1) and X(t+1) pixels were cloud-free, the average of X

(t-1) and X(t+1) was calculated to replace X(t). If the algorithm did not succeed in a three-
point time series filter, the window size was then extended to a five-point time series filter
(X(t-2), X(t-1), X(t), X(t+1) and X(t+2)) using the same procedure as that for the three-point time
series filter.

4 Results

4.1 Performance of the PROSAIL model

4.1.1 Assessing the PROSAIL-generated Landsat LAI maps
Using the PROSAIL LUT-based inversion method, the LAI maps retrieved from the
Landsat and Sentinel-2A images were generated and validated using 121 ground
measurements that were collected on the Landsat overpass dates. The scatter plots of
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the ground-measured LAI and the PROSAIL- predicted LAIs based on the Landsat images
from 2014 to 2015 are shown in Figure 3. The results demonstrated a good correlation
between the predicted LAIs and the observed LAIs. The LAI maps retrieved from the
Landsat 8 images performed slightly better than those retrieved from Landsat 7, with
smaller RMSE and MAE values (0.28 and 0.22, respectively, for the Landsat 8-derived LAIs
and 0.33 and 0.28 respectively, for the Landsat 7-derived LAIs), This result may have
been caused by the different number of spectral bands input into the PROSAIL LUT.

4.1.2 Consistency between the PROSAIL-generated Landsat LAI and Sentinel-2A LAI
maps
Both Landsat and Sentinel-2 images have exhibited good performance in generating
vegetation biophysical variables (Frampton et al. 2013; Campos-Taberner et al. 2017;
Korhonen, Hadi, and Rautiainen 2017). Here, we compare the Sentinel-2A and Landsat
images for estimating grassland LAI using the PROSAIL model. Five bands of the Landsat
images and nine bands of the Sentinel-2A images were used in the PROSAIL LUT-based
inversion method, as described in Section 2.3. The LAI maps retrieved from the two
satellite datasets were resampled to the same pixel size (30 m) and then compared to
assess their consistency.

The LAI maps generated from the two sensors on nearby overpass dates and their
difference maps are shown in Figure 4. Overall, the prediction surfaces were similar in
terms of the spatial patterns of the grassland LAIs. The LAI value was highest at the peak
of the growing season (1 August 2016) in the fenced pasture, followed by the mowed
pasture and the grazing pasture, and the opposite trend was observed at the end of the
growing season (30 September 2016). From the difference maps (Figure 4 (c) and (f)),
low percentage differences ((Landsat LAI-Sentinel-2A LAI)× 100/Sentinel-2A LAI) close to
zero were observed in the low-LAI areas (grazing pasture on 1 August and mowed
pasture on 30 September) and in the high LAI areas (mowed pasture on 1 August and
grazing pasture on 30 September). However, a difference was still observed between the

Figure 3. Scatter plot of ground-measured LAI and PROSAIL-predicted LAI based on Landsat 8 (a)
and Landsat 7 (b) images.
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Landsat LAI maps and Sentinel LAI maps, especially in the fenced pasture. The difference
may have been caused by the different spatial and spectral characteristics (number of
bands, bandwidth and spatial resolution) of the three satellite sensors used in the
PROSAIL model (Table 2). Only five bands of the Landsat images with a 30-m spatial
resolution were used, whereas nine bands of Sentinel-2A images with a 20-m spatial
resolution were input into the PROSAIL LUT. In the fenced pasture, large amounts of
litter and withered leaves had accumulated, which can influence the correct detection of
the green part of the grassland canopy. In the middle of the growing season (1 August
2016), the greater spatial resolution of the Landsat images (30 m) indicated that non-
green information was detected, and lower LAI values in the fenced pasture were
predicted for the Landsat LAI maps. At the end of the growing season (30 September
2016), the greater spatial resolution of the Landsat images (30 m) indicated that more
green information was detected, so higher LAI values in the fenced pasture and grazing
pasture were predicted for the Landsat LAI maps. Moreover, the Sentinel-2A SR images
used in this study include three more vegetation red edge bands (bands 5, 6, and 7) and
one more SWIR band (band 11) than the Landsat images. These bands are more
sensitive to background information (litter and soil), which can also result in a difference
between the Landsat LAI maps and Sentinel LAI maps. Scatter plots of the LAI maps
retrieved from the two sets of satellite imagery on the two overpass days are shown in
Figure 5. Good agreement was observed for the two pairs of LAI maps. The R2 and RMSE
values were 0.64 and 0.24, respectively, for this pair on 1 August 2016 and 0.78 and 0.13,
respectively, for the pair on 30 September 2016. Most of the pixels of the LAI difference
maps are between ± 0.5 on 1 August and ± 0.3 on 30 September.

Figure 4. PROSAIL-generated LAI maps from Landsat 7 ((a) and (d)) and Sentinel-2A ((b) and (e)) and
their percentage difference maps ((difference/Sentinel-2A LAI)× 100, (c) and (f)). The Landsat 7 and
Sentinel-2A images used in the top row were acquired on 31 July 2016 and 1 August 2016, and
those in the bottom row were acquired on 3 October 2016 and 30 September 2016, respectively.
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4.1.3 Assessing PROSAIL-generated MODIS LAI maps
To assess the PROSAIL-generated MODIS LAI maps, the ground-measured LAI values on
the experiment dates in the mowed pasture and grazing pasture were averaged and
were considered to be the ‘true’ values. The upscaled 500 m Landsat and Sentinel-2A
LAI, MCD43A4_PROSPECT LAI and gap-filled 4-day MCD15A3H LAI map pixels that
contained ground measurements were also averaged and were then compared to the
ground measurements. The temporal variations in these products are shown in Figure 6.

Figure 6 shows that the gap-filled MCD15A3H LAI product has higher LAI values than the
MCD43A4_PROSPECT LAI product in both the mowed pasture and the grazing pasture, and
the higher LAI values are more evident in the grazing pasture. Compared to the ground-
measured LAI and upscaled finer-resolution LAI maps, the gap-filled MCD15A3H LAI and
MCD43A4_PROSPECT LAIs all exhibited reasonable estimations in the mowed pasture. The
two datasets had seasonal variations similar to that observed in the reference LAI, and the
gap-filled MCD15A3H LAI performed slightly better than the MCD43A4_PROSPECT LAI. In the
grazing pasture, however, a clear overestimation was observed for the gap-filled MCD15A3H
LAI. This gap was also observed in our previous study onMOD15 andMCD15 LAI products for
this site. The reason for the gap may lie in the sparse grass and bare soil; the red and NIR
reflectance bands that are used in the MCD15 LAI products algorithm cannot effectively
eliminate the influence of the soil background on the LAI modeling (Li et al. 2014, 2015). In
comparison, our estimated MCD43A4_PROSPECT LAI was closer to the measured LAI and
Landsat LAI except during the growing season in 2014, when the MCD43A4_PROSPECT LAI
was higher than the reference LAI. This result may have been caused by insufficient ground
measurements in the grazing pasture DURING this period; the average value in this pasture
cannot represent that of the MODIS LAI pixels. In addition, the low vegetation coverage
during the peak growing season in the grazing pasture and the large pixel size of the MODIS
product (500 m) can lead to higher LAI values of the MODIS LAI product because of the scale
effect. The estimated MCD43A4_PROSPECT LAI DATA also exhibit a smoother seasonal
trajectory and had fewer anomalous points than the gap-filled MCD15A3H LAI data. A
check of the QC layer of the MCD15A3H LAI product indicated that the anomalous points
were mainly caused by the failure of the gap filling method (fail gap-filled MCD15A3H LAI

Figure 5. Scatter plots of the Landsat and Sentinel-2A retrieved LAI.
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points in Figure 6). Another reason for the smooth MCD43A4_PROSPECT LAI curve may be
that even though MCD43A4 is a daily product, it is produced from a 16-day period using data
smoothing and may miss some abrupt changes.

4.2 STARFM performance

4.2.1 Comparison to ground measurements
The results from the two daily 30 m LAI datasets generated from the two strategies were
validated using the remaining 221 ground measurements that were not collected on the
Landsat overpass dates. The STARFM-predicted 30 m daily LAI maps based on the
MCD15A3H-Landsat (Sentinel) LAI pairs (MCD15A3H_STARFM LAI) and the MCD43A4-
Landsat (Sentinel) LAI pairs (MCD43A4_PROSPECT_STARFM LAI) were validated, and scatter
plots of the measured and predicted LAI vales based on the two datasets are shown in

Figure 6. Temporal variabilities of the PROSAIL-generated MCD43A4_PROSPECT LAI compared with
the gap-filled MCD15A3H LAI, upscaled Landsat LAI, upscaled Sentinel-2A LAI, and measured LAI in
the mowed pasture (a) and grazing pasture (b).
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Figure 7. The MCD43A4_PROSPECT_STARFM LAI is more similar to the ground-measured
LAI than the MCD15A3H_STARFM LAI, and the data points in the scatter plot are closer to
the 1:1 line (R2 = 0.65 compared to 0.55 for the MCD15A3H_STARFM LAI). The RMSE and
MAE between the ground-measured LAI and MCD43A4_PROSPECT_STARFM LAI are 0.44
and 0.34, respectively, which represents an improvement over the MCD15A3H_STARFM LAI
(RMSE = 0.56 and MAE = 0.42).

Considering the different pasture types in the study site, the MCD15A3H_STARFM LAI
and MCD43A4_PROSPECT_STARFM LAI both have a good performance in the grazing
pasture and the mowed pasture (Table 4). The bias between the predicted LAI and
measured LAI is less than 0.2. The MCD43A4_PROSPECT_STARFM LAI performed slightly
better than the MCD15A3H_STARFM LAI and had smaller RMSE, MAE, and bias values. For
the fenced pasture, a larger variation in the two predicted LAI datasets from the ground LAI
was observed; the MCD15A3H_STARFM LAI and MCD43A4_PROSPECT_STARFM LAI both
underestimated the ground LAI with a negative bias. The reason for this result is the small
area of the fenced pasture (650 m × 550 m), which appeared as mixed pixels that were
combined with the neighboring pastures on the 500 m MODIS product. STARFM can
reasonably preserve the high spatial resolution of Landsat imagery and the high temporal
resolution of MODIS imagery if pure coarse-resolution neighboring pixels can be found
within the moving window (Gao et al. 2015). Because mixed pixels consist of several land
use types that have different seasonal variations, the performancewill decrease somewhat if
‘pure’ pixels cannot be found with the moving window (Gao, Schwaller, and Hall 2006).

Figure 7. Validation of the MCD15A3H_STARFM LAI (a) and MCD43A4_PROSPECT_STARFM LAI (b)
using the ground-measured LAI.

Table 4. Statistical differences between the STARFM-fused daily LAI and the ground-measured LAI.
MCD43A4_PROSPECT_STARFM LAI MCD15A3H_STARFM LAI

Pasture type Number RMSE MAE Bias RMSE MAE Bias

Grazing pasture 86 0.35 0.26 0.08 0.43 0.34 0.04
Mowed pasture 131 0.47 0.37 0.05 0.62 0.46 0.20
Fenced pasture 4 0.80 0.74 −0.74 0.84 0.76 −0.01
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4.2.2 Comparison to Landsat/Sentinel-2A images
The predicted Landsat-like LAI maps were also compared with actual Landsat/Sentinel-
2A LAI maps (Figure 8). The two pairs of Landsat and MODIS LAI maps were acquired
from 31 July and 3 October 2016 (observation dates), and two additional MODIS LAI
maps were acquired on 1 August and 30 September 2016 (prediction dates). The
STARFM algorithm was used to predict LAI maps on 1 August and 30 September
using a data pair on the closest observation date and the MODIS LAI map from the
prediction date. The predicted LAI maps were then compared with the actual Landsat or
Sentinel LAI maps. The predicted Landsat-like LAI maps are visually similar to the actual
images, especially for 31 July and 3 October, which use the same predicted MODIS LAI
maps as those in the Landsat-MODIS pairs. The predicted LAI maps perfectly recon-
structed the LAI maps. The predicted LAI maps on 1 August and 30 September con-
sistently reconstructed the spatial patterns of the Landsat LAI maps that compose the
Landsat-MODIS pairs, and the reconstructions were also visually similar to the actual LAI
maps. Figure 9 compares the scatter plots of the predicted Landsat-like LAI maps with
those of the actual Landsat/Sentinel-2A LAI maps. The data points plot close to the 1:1
line in each panel, indicating that the predictions were in good agreement with the
actual LAI maps. The R2 values of the predicted LAI maps on 31 July and 3 October
against the actual LAI maps are higher than 0.99, and the RMSE and MAE values are
lower than 0.005 and 0.005, respectively. For the predicted LAI maps for 1 August and 30
September, even though a difference was observed between the predicted LAI maps
and the actual Sentinel LAI maps, which may have been caused by the different satellite
images used to predict (Landsat7 LAI) and validate (Sentinel-2A LAI) the LAI maps, the R2

Figure 8. Illustration of STARFM-predicted 30m LAI maps ((i), (j), (k) and (l)) and comparisons with
actual Landsat/Sentinel-2 LAI maps ((e), (f), (g) and (h)).
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values of the predicted images against the actual images were still higher than 0.68, and
the RMSE and MAE values were 0.24 and 0.16 for 1 August and 0.15 and 0.11 for 30
September, respectively.

4.2.3 Temporal comparison
To further investigate the performance of STARFM, time series of the fused daily
MCD15A3H_STARFM LAI and fused daily MCD43A4_PROSPECT_STARFM LAI were com-
pared to the daily MCD43A4_PROSPECT LAI, Landsat (Sentinel-2A)-derived LAI and
ground-measured LAI for the three pasture types (Figure 10). After fusing the data using
STARFM, the accuracies of the MCD15A3H_STARFM LAI andMCD43A4_PROSPECT_STARFM
LAI were further improved compared to the MCD43A4_PROSPECT LAI and MCD15A3H LAI,
and the two datasets were more similar to the ground measurements and were more
consistent with the Landsat (Sentinel-2A)-derived LAI in the mowed pasture and grazing
pasture. However, an obvious fluctuation was observed in the grazing pasture around DOY
177 in 2014, which was caused by the long interval between the available Landsat/Sentinel
acquisitions in the middle of the growing season. The available fine-resolution images with
the closest date were the Sentinel-2A images acquired on DOYs 154 and 201; the Sentinel-
MODIS data pair acquired on DOY 154 was used to predict the LAI maps between DOYs 153
and 177, and the Sentinel-MODIS data pair acquired on DOY 201 was used to predict the LAI
maps between DOYs 178 and 204. Because of the grazing activity, the vegetation cover in

Figure 9. Scatter plots of actual Landsat/Sentinel-2 LAIs and predicted Landsat-like LAIs.
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Figure 10. Temporal variabilities of the MCD43A4_PROSPECT_STARFM LAI and MCD15A3H_STARFM
LAI with the MCD43A4_PROSPECT LAI, Landsat LAI, Sentinel-2A LAI, and measured LAI in the mowed
pasture (a), grazing pasture (b) and fenced pasture (c).
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the grazing pasture was lower on DOY 201 than on DOY 154, and the MODIS LAI products
significantly overestimated the ground-measured LAI and Sentinel LAI on DOY 201 and
slightly underestimated the Sentinel LAI on DOY 154 (Figure 10). The different performances
of the two Sentinel-MODIS data pairs resulted in fluctuations in the predicted LAI maps of
the grazing pasture on DOY 177 in 2014. Because of the smaller patch size, the fenced
pasture appeared asmixed pixels that were combinedwith the neighboring pastures on the
500-m MODIS product. The mixed pixels also have lower LAI values than the pixels of the
fenced pasture due to the lower LAIs in the mowed pasture and grazing pasture; spectrally
similar ‘pure’ pixels cannot be found within the moving window in the study area, so the
ground LAI is still underestimated in the fused MCD43A4_PROSPECT_STARFM LAI product.
However, the MCD15A3H_STARFM LAI had a comparable curve to the ground measure-
ments and higher values than the MCD43A4_PROSPECT_STARFM LAI in the early steady
period of the growing season of 2014 in the fenced pasture. These values were produced
from highly anomalous points using the spline interpolation method. For the fused daily
MCD15A3H_STARFM LAI, which was interpolated from fused four-day MCD15A3H_STARFM
LAI data using a cubic spline interpolation method, daily fluctuations are notable, particu-
larly during the peak period of the growing season, when clouds were more frequent. The
MCD43A4_PROSPECT_STARFM LAI had a smoother seasonal trajectory.

5 Discussion

5.1 LAI variability in different pasture types

The LAI values in the three pasture types had different seasonal dynamics and inter-
annual variations, which have rarely been considered in previous large-scale grassland
research. In the mowed pasture, grass grows naturally until the middle of the peak
period at the end of July or early August, when the LAI reaches its highest value. The
hay-cutting activities result in an early decrease of the LAI. In the grazing pasture,
animals start grazing in early June, which stops the increase in LAI and can even
cause a rapid decrease in LAI. The temporal trajectory of the LAI value in the fenced
pasture represents the natural growth of grass. Because of the small patch of fenced
pasture in our study (smaller than one MODIS pixel, and there are no spectrally similar
pure MODIS-sized pixels in the study area), the STARFM failed to capture its temporal
variation (Gao et al. 2015; Gao, Schwaller, and Hall 2006). In Inner Mongolia, China, our
previous study found that 10.65% of the total grassland area was used as mowed
pasture (Tang et al. 2015a; Tang et al. 2015b). For forage storage and precise manage-
ment at the pasture scale, our dense time scale LAI is useful for providing time-critical
information about the within-field variability for optimizing family pasture management.

The impact of climate conditions on the LAI variability in different pasture types was
also analyzed. Precipitation was found to be significantly correlated with the LAI varia-
bility (Figure 10), but the temperature had little influence on changes in LAI (not shown
in this paper). More precipitation fell in 2014 (405.9 mm) than in 2015 (289.9 mm) and
2016 (349.0 mm), especially during the periods in which the LAI increased; thus, higher
LAI values were observed during the stable LAI period in the mowed pasture and
grazing pasture in 2014. The fenced pasture was expected to have the same trend;
however, a fire occurred in the pasture before the growing season (late April) in this

9044 Z. LI ET AL.



pasture, and all of the dead vegetation that had accumulated over the previous ten
years was removed, which resulted in faster grass growth and a higher LAI value during
the stable LAI period in 2015. Fast grass growth also occurred in 2016, but it was slower
than in 2015 because most of the grass had recovered (West and Hassan 1985). In 2015,
several heavy rainfall events occurred during the late stable LAI period, which delayed
the period of decreasing LAI and resulted in a longer stable LAI period. The periods in
2016 during which the LAI increased and remained constant had little rainfall, which
resulted in a lower LAI values during the constant LAI period, an earlier decrease of LAI
and a shorter period of constant LAI values. However, several heavy rainfall events
occurred at the end of the growing season in 2016 and resulted in grass regrowth.

5.2 MODIS LAI product performance

Our previous results showed a slight overestimation and a clear seasonal anomaly of the
8-day MODIS Collection 5 LAI products (MOD15 and MCD15) compared to the ground
measurements and high resolution LAI maps in the grassland area (Li et al. 2014, 2015),
which were mainly the resulted of surface reflectance uncertainty after checking the
quality control layers (Li et al. 2015). In this study, the 4-day MCD15A3H LAI product
(version 6) showed high accuracy and a smooth seasonal trajectory; the better perfor-
mance may be attributed to the higher spatial resolution (500 m), the shorter composite
data (4 days) and the improved surface reflectance input. A higher spatial resolution can
decrease the number of mixed pixels and improve the definition of the biome type
classification for each pixel to reduce the heterogeneity in coarse pixels (Yan et al.
2016a). Moreover, a new MODIS daily surface reflectance that employed an improved
aerosol retrieval and correction algorithm and a new version of the MODIS land-cover
product were also used to generate the MCD15A3H LAI product (Yan et al. 2016a).

5.3 Advantages and limitations of the method

In this study, fused high-spatial resolution Landsat and Sentinel-2A LAI maps and high
temporal resolution MODIS LAI maps were generated using a one-dimensional canopy
radiative transfer model (PROSAIL). The results demonstrated good performance compared
to the ground measurements and the MCD15A3H LAI product. Even though MODIS LAI
products adopt a more sophisticated 3-D radiative transfer approach (Knyazikhin et al.
1998), the 3-D model exhibits increased complexity and requires more complicated para-
meterization, but there was no clear evidence that these measures increased the model
accuracy (Pasolli et al. 2015; Pinty et al. 2001). In comparison, by calibrating the PROSAIL
radiative transfer model to the specific characteristics of the study area using background
information, the ill-posed problems associated with the inversion process were limited, and
the model was better able to match the range of target values (Combal et al. 2003). Thus,
the model and inversion strategy have been successfully applied in many studies to
retrieve the LAI from multi-temporal and multi-resolution images (Pasolli et al. 2015;
Campos-Taberner et al. 2017, 2016; Si et al. 2012).

STARFM was originally designed to generate daily surface reflectance at the Landsat
scale by fusing temporally sparse Landsat imagery with daily collected MODIS imagery. The
model was successfully used in this study to fuse LAI products generated from the PROSAIL
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model. By searching for spectrally similar pixels within the moving window, the predicted
high-spatio-temporal resolution images can both capture temporal variations in MODIS
time series and preserve the high-resolution spatial details in Landsat images. For small
patches with high numbers of values (e.g., the fenced pasture in this study) for which a
pure MODIS-sized pixel cannot be found in the search window, the prediction will most
likely have larger prediction errors (Gao et al. 2015; Gao, Schwaller, and Hall 2006). Further
studies may use the near-daily project for on-board autonomy-vegetation (PROBA-V)
dataset produced by the European Space Agency, which has a spatial resolution as high
as 100 m (Francois et al. 2014). The daily visible infrared imaging radiometer suite (VIIRS) on
board the suomi national polar-orbiting partnership (NPP) platform with a 37 m spatial
resolution (Cao et al. 2013) offers a higher spatial resolution, which may help identify more
pure coarse-resolution neighboring pixels and decrease the prediction error for landscapes
with small patches. Another requirement for good STARFM performance is an even
seasonal distribution of clear Landsat-scale images (Gao et al. 2017). In cloudy areas,
using only Landsat images is insufficient, and other sources of high-spatial resolution
images are required to provide more temporal information about canopy changes that
occur between Landsat overpass dates. In this study, the Sentinel-2A data, which combines
a high spatial resolution, wide field of view and spectral coverage, were combined with
Landsat data to increase the high-spatial resolution observation frequency. Sentinel-2B was
launched in 2017 and can provide more frequent fine-resolution observations.

This study used a simple gap filling method to fill in the LAI values of cloudy pixels with
the aim of avoiding changing high-quality LAI values that were identified by the product
QC layer. The fused 4-day MCD15A3H_STARFM LAI data were then interpolated to daily
time steps using a cubic spline interpolation method. Even through the simple gap filling
method can eliminate most of the anomalous points from the original LAI curves, the
remaining anomalous fluctuation in the LAI time series will still result in large uncertainties
in the spline interpolation and in unsmoothed daily LAI curves. Thus, future studies may
adopt more advanced time series data algorithms such as the Savitzky-Golay (SG) filter
(Savitzky and Golay 1964; Gao et al. 2008) and the harmonic analysis of NDVI time series
(HANTS) algorithm (Roerink, Menenti, and Verhoef 2000), to replace missing or poor-quality
observations and produce temporally smoothed and spatially complete data sets.

6 Conclusions

An LAI-retrieving framework was developed in this study to achieve both high-spatial
(30 m) and temporal (daily) resolution LAI datasets over a meadow steppe site in
northern China. The PROSAIL model was applied to gap-filled Landsat, Sentinel-2A and
MODIS surface reflectance images to generate LAI maps, and daily 30 m LAI data were
predicted using the STARFM algorithm, which can preserve the high spatial resolution of
Landsat images and the high temporal resolution of MODIS data. The results were
assessed for three types of pastures (mowed pasture, grazing pasture, and fenced
pasture) using ground measurements from 2014–2015. The results demonstrated the
good performance of the PROSAIL model in retrieving LAI from Landsat, Sentinel-2A and
MODIS images: the RMSE of the Landsat 7 and Landsat 8 LAI against the observed LAI
were 0.33 and 0.28 respectively. The MCD43A4-derived LAI also had higher accuracy
than the MCD15A3H LAI with fewer anomalous points and a seasonal variation that was
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closer to those of the observations and the Landsat LAI. Due to the lack of ground-
measured LAI in 2016, the PROSAIL-generated Sentinel-2A and Landsat LAI maps were
compared and showed good agreement and similar spatial patterns with LAI differences
between ± 0.5. The use of Sentinel-2A data has effectively increased landscape vegeta-
tion observation frequencies and provides temporal information about canopy changes
occurring between Landsat overpass dates. Evaluations using ground measurements
indicate that STARFM-fused daily LAI estimates using Sentinel-2A, Landsat and
MCD43A4_PROSPECT LAI inputs have high accuracy, with an RMSE of 0.44 and an
MAE of 0.34, which is an improvement over fused MCD15A3H_STARFM LAI data,
which have an RMSE of 0.56 and an MAE of 0.42 with the ground measurements. The
MCD43A4_PROSPECT_STARFM LAI is more similar to the ground measurements, is more
consistent with the Landsat (Sentinel-2A)-derived LAI than the MCD43A4_PROSPECT LAI
data and exhibited a smoother seasonal trajectory than the MCD15A3H_STARFM LAI
data. The LAI data fusion results captured the different temporal variations of the three
pasture types. The interannual difference within one pasture is mainly controlled by the
precipitation. The LAI data fusion results are better for the grazing and mowed pastures.
However, for the fenced pasture, which has small patch sizes and high LAI values, the
performance of STARFM is degraded. Finally, although the area of the study site is
limited (only 4 km× 4 km), the biomes studied are representative of meadow steppes in
northern China. The scheme developed in this study can serve as a reference for future
studies of larger regions and can be applied to additional types of grasslands.
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