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Abstract: Satellite-based leaf area index (LAI) products, such as the MODIS LAI, play an essential
role in land surface and climate modeling research, from regional to global scales. However, data
gaps and high-level noise can exist, thus limiting their applications to a broader scope. Our previous
work has reprocessed the MODIS LAI Collection 5 (C5) product, and the reprocessed data have
been widely used these years. In this study, the MODIS C6.1 LAI data were reprocessed to broaden
its application as a successor. We updated the integrated two-step method that is used for MODIS
C5 LAI and implemented it into the MODIS C6.1 LAI product. Comprehensive evaluations for the
original and reprocessed products were conducted. The results showed that the reprocessed LAI data
had better performance in validation against reference maps. In addition, the site scale time series of
reprocessed data was much smoother and more consistent with adjacent values. The global scale
comparison showed that, though the MODIS C6.1 LAI does have improvements in ground validation
with LAI reference maps, its spatial continuity, temporal continuity, and consistency showed little
improvement when compared to C5. In contrast, the reprocessed data were more spatiotemporally
continuous and consistent. Based on this evaluation, some suggestions for using various MODIS
LAI products were given. This study assessed the quality of these different versions of MODIS LAI
products and demonstrated the improvement of the reprocessed C6.1 data, which we recommended
for use as a substitute for the reprocessed C5 data in land surface and climate modeling.

Keywords: MODIS; leaf area index (LAI); LAI reference map; data reprocessing; land surface and
climate modeling

1. Introduction

Vegetation plays a crucial role in the land surface process through the energy, water, and
carbon cycle. As an essential parameter to describing the canopy structure and physiology of
vegetation, leaf area index (LAI) has substantial impacts on precipitation interception, radiation
transfer, and turbulence exchange, as well as photosynthesis, respiration, and biogenic volatile
organic compound (BVOCs) emissions. High-quality LAI products are greatly desired for
land surface and climate modeling.

Satellite observations have great advantages for the provision of seasonal and inter-
annual varied LAI, from regional to global scales [1]. Many satellite-based optical detectors
have been launched to carry out global observation since the 1980s, based on the different
spatiotemporal resolutions of LAI products that became available, e.g., GEOV1 [2], GEOV2 [3],
MODIS [4–7], GLASS [8,9], GLOBMAP [10], LAI3g [11], AVH15C1 [12], and so on. These
products provided LAI data, with spatial resolutions ranging from hundreds to thousands of
meters, and their performance was evaluated and compared [1,13–15].

Among global moderate-resolution LAI data, MODIS LAI products have been fre-
quently employed for their satisfactory validation results outcomes [16–18], less uncer-
tainty [19], and continuous updates and improvements to the algorithm inputs [6]. Many
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studies have applied MODIS LAI products in a variety of fields, such as vegetation dynam-
ics and greening trend analysis [20–22], assimilation in crop models [23], gross primary
productivity and evapotranspiration simulation [24–26], downscaling through fusion with a
high-resolution reflectance product [27,28], and drought simulation and assessment [29–31].

However, like most of the satellite-derived products that are influenced by cloud, snow,
or aerosol contamination, sensor malfunctions, sun-target-sensor geometry, or uncertainties
in their retrieval algorithm, MODIS LAI is temporally and spatially discontinuous and has
high-level noise, which limits its applications [32–35]. Many methods have been developed
to process irregular satellite-retrieved LAI products, which can generally be classified into
the following types: (1) temporal-based methods, which exploit the fact that the retrieved
data correlate with the phenological characteristics of vegetation, and therefore should be
temporally continuous [36–41]; (2) spatial-based methods, which assume that missing data
have a similar statistical or geometrical structure as the retrieved data [42–44]; (3) spectral-
based methods, which fill the band that have lost information at some time or locations by
adopting the information from other bands that are complete at those time or locations, and to
achieve this, the relationship between the incomplete band and the complementary bands is
built [45–47]; (4) hybrid methods, which attempt to combine the strengths of these temporal,
spatial, and spectral-based methods [33,48,49]; and (5) deep learning, which is good at data
fusion and downscaling, with its strong capability to build a nonlinear relationship between
various data [50–53]. These methods can effectively fill data gaps and reduce noise, and were
comprehensively reviewed and assessed in several studies [45,52–54].

In our previous work for reprocessing the MODIS LAI product MOD15A2H C5 ([55],
referred to as Y2011 hereafter), an integrated two-step approach was developed, considering
the properties of the MODIS LAI product. Its basic algorithms included the Savitzky–Golay
(SG) filter [56] and the temporal spatial filter (TSF) method [33,57]. We first assimilated the
lower-quality data using the modified temporal spatial filter (mTSF) at each pixel. Then,
the TIMESAT (a software package for satellite-derived time series analysis) SG filter was
applied to derive the final output. This method made the best use of quality control (QC)
information, and the reprocessed data were more continuous and consistent in both the
temporal and spatial domains. This reprocessed product has been used in much research,
especially for land process modeling [58–62].

The MODIS’s latest version of LAI product, MCD15A2H C6.1, was released in 2021 [63].
Compared with version C6, a polarization correction was applied to the L1B Reflective Solar
Bands, and the calibration method of generating MODIS L1B products was enhanced [64].
According to Yan et al. [6], C6 had better accuracy and a larger proportion of main-algorithm
retrievals due to its updated reflectance and land cover data. This indicates that there were
appreciable improvements from C5 to C6.1 too.

However, our preliminary study showed that C6.1 also had high-level noise and data
gaps in the temporal and spatial domains, which limited its applications in modeling.
To extend the applicability of the MODIS C6.1 LAI data, just like C5, and to provide
better service for land surface models, it is worth reprocessing the updated LAI product.
Furthermore, with the availability of the newest version of the MODIS land cover product,
the reprocessing method can be further updated. In addition, a comprehensive and detailed
evaluation of the updated MODIS C6.1 product is still absent from recent studies. Many
studies have assessed the temporal continuity of LAI data, considering the fraction of valid
retrievals at the point scale, while large-scale assessments are relatively less.

We aimed to generate a spatiotemporally continuous and consistent MODIS C6.1 LAI
product, as a continuation of the reprocessed MODIS C5 product, so as to enhance its
applicability for land surface and climate modeling. In addition, we intended to provide
quantitative information on both point data validation and global scale evaluation about the
quality of the MODIS data and reprocessed data. In Section 2, an update of the reprocessing
approach was introduced, and three simple metrics were proposed to quantify the spatial
continuity, temporal continuity, and temporal consistency of the LAI products. In Section 3,
the MODIS LAI data and the reprocessed data were validated against high-resolution
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reference maps. Meanwhile, in Section 4, we provided some suggestions on using different
kinds of MODIS LAI products.

2. Data and Methodology
2.1. Datasets
2.1.1. MODIS LAI Products

In this study, the MCD15A2H C6.1 (hereafter referred to as MCD C6.1) LAI prod-
uct (4 July 2002–31 December 2021) was chosen as the input data for reprocessing. The
MOD15A2H C6.1 (hereafter referred to as MOD C6.1) LAI product (18 February 2000–31 De-
cember 2021) and MOD15A2H C5 (hereafter referred to as MOD C5) LAI product (18 February
2000–31 December 2016) were selected for comparison. The prefix “MOD” means that the data
are retrieved from only the Terra satellite, while “MCD” represents a combined product that
chooses a better retrieval from both the Terra and Aqua satellites. These products were all
composited within an 8-day period, but C6.1 had a higher spatial resolution (500 m) than C5
(1000 m). The MOD C6.1 LAI product was compared with MOD C5 to explore the changes
brought about by the version updates. The MCD C6.1 LAI product was also compared with
MOD C6.1 to contrast the quality of the data that were retrieved from a single satellite with
those from the combined satellites. The MODIS LAI data were projected over a sinusoidal
grid system, which divided the globe into 36 × 18 tiles, with each of them labeled as
h [00–35]v[00–17]. Covering an area of 1200 × 1200 km2, each tile was separated into
2400 × 2400 pixels (C6.1) or 1200 × 1200 pixels (C5).

The main and backup algorithms for the retrievals were both accessible through
the QC layer. A three-dimensional radiative transfer model was used to generate the
lookup table (LUT), upon which the main algorithm was built [4]. If the modeled and
observed bi-directional reflectance factors differed within a biome-specific threshold value,
the average of the acceptable LAI solutions was reported as the result. Otherwise, the
backup algorithm was used, which was built upon an empirical relationship between the
canopy LAI and normalized difference vegetation index (NDVI), providing a less reliable
output. Considering the algorithm paths and cloud and saturation state, the QC values of
MCD C6.1, similar to C5, can be classified into five categories (Table 1). In this study, the
QC values were used to pick out the relatively good-quality LAIs as the background values
(Section 2.2).

Table 1. Classifications of quality control information of MCD15A2H C6.1 LAI product.

QC Value MODIS LAI Algorithm

QC ≤ 2 Main algorithm used without cloud or saturation
3 ≤ QC < 32 Main algorithm used, with cloud or cloud state not defined, no saturation

32 ≤ QC < 64 Main algorithm used, with saturation
64 ≤ QC < 128 Main algorithm failed, backup algorithm adopted

QC ≥ 128 Pixel not produced, no value retrieved

2.1.2. MODIS Land Cover Product (MCD12Q1)

Previously, in C5 reprocessing, we used only one-year data (2001) of the MODIS
MOD12Q1 product. To account for land cover changes, we used the latest version of the
MCD12Q1 C6.1 product [65] from 2001 to 2021. The MODIS land cover products had the
same map projections as the LAI products and contained 6 classification schemes. Same
as for C5, the Land Cover Type 5, a PFT classification scheme that included 8 vegetation
types and 4 other land cover types, was used in the calculation of the background values
(Section 2.2).

2.1.3. LAI Reference Maps

For the ground validation, we continued to use the bottom-up method that was recom-
mended by the CEOS Land Product Validation sub-group, since it could effectively bridge
the spatial scale gaps between the ground LAI measurements and the satellite-derived LAI
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data, through two upscaling steps [66]. First of all, a two-stage nested sampling method [67]
was adopted to get the LAI measurement at the ESU (elementary sampling unit) level (ap-
proximately 30 m). An empirical transfer function, describing the relationship between the
ESU-level LAI and the high-spatial-resolution satellite or airborne images, was derived. Then,
a high-resolution LAI reference map was produced based on the high-resolution images and
the empirical function. Finally, the reference map data were aggregated to the spatial scale of
the satellite-derived LAI products, serving as ground-truth values.

We collected 2762 LAI reference maps from various observation sites, including BigFoot
([68]; https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=747, last accessed on 20 March 2023),
ImagineS ([69]; http://fp7-imagines.eu, last accessed on 20 March 2023), VALERI (http:
//w3.avignon.inra.fr/valeri/, last accessed on 20 March 2023), and Boston University ([7,70],
which are available from the CEOS LPV sub-group on https://calvalportal.ceos.org/web/
olive/site-description, last accessed on 20 March 2023), SMEX02 ([71]; https://calvalportal.
ceos.org/web/olive/site-description, last accessed on 20 March 2023) and GBOV ([72]; https:
//land.copernicus.eu/global/gbov/, last accessed on 20 March 2023). Detailed information
can be seen in Table S1. All of these datasets provided the true LAI, considering the clumping
effect. However, the GBOV dataset provided PAI (plant area index) estimates, since the in situ
optical measurement was sensitive to all the elements of the canopy. The extent of the LAI
reference maps ranged in size from 3× 3 km2 to 15× 15 km2. All the validation sites together
contained 7 land cover types, including DBF (deciduous broadleaf forest), ENF (evergreen
needleleaf forest), EBF (evergreen broadleaf forest), mixed forest, grass, crop, and shrub.

2.2. Reprocessing Method

The reprocessing method was based on the method that we developed for the MOD
C5 LAI optimization, with updates on the background value calculations. First of all, we
filled the gaps and processed the relatively low-quality data using the mTSF method. The
basic algorithm, a Cressman analysis that linearly combined the residuals between the
observations and the predicted (background) values to modify the pixel value, was applied
to obtain the first-step target value. The observed values were gap-filled by a simple
temporal filter before applying the Cressman interpolation. Furthermore, the background
value of the target pixel was calculated from one of five different cases, considering the
proportion of the surrounding data with a relatively high quality (QC < 32), or the data
with the same land cover. Finally, a post-processing step further smoothed and adapted
the output of the mTSF to its upper envelope, using the SG filter from the TIMESAT
program [39,73]. The full details of this were provided in Y2011.

For the C6.1 data reprocessing, the calculation of the background value was updated.
The background value of C5 was derived using the ten-year average data and the static
year (2001) land cover data, while the background value of C6.1 used the dynamically
changed 9-year LAI data and year-specific land cover data. That is to say, the background
value of each year was derived using the data from a 9-year window. Also, the land cover
data of the corresponding years from MCD12Q1 C6.1 were considered for the background
value calculation.

2.3. Upscaling of LAI Reference Maps

Each LAI reference map was first reprojected over the same coordinates as the MODIS
data, which could reduce the spatial errors caused by resampling imagery [66]. The MODIS
pixels that got more than two-thirds of the greatest possible number of points that were
projected from the map were considered to be spatially representative, and the averages of
the map values inside these pixels were derived. To reduce the geolocation error caused by
spatial mismatch, the site-scale map value was calculated (called MAP LAI, Table S1) by
averaging the pixel-scale map values that were derived from the previous step. If more
than one MAP LAI existed within the 8-day compositing period of the MODIS data, the
maximum MAP LAI value would be chosen for validation. Then, the mean values of MCD
C6.1 and the reprocessed data of the corresponding pixels were also calculated (referred to
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as MCD and RMCD LAI, respectively, Table S1). However, the MODIS pixels that were
assigned with filled values (QC ≥ 128) were not considered in the calculation for the mean
LAI values. Finally, the validation metrics, including R2, RMSE, and the mean difference
(MD) between the mean LAI values, were calculated.

To investigate the difference in the accuracy between the MODIS C5 and C6.1 versions
and between the MOD and MCD products, the mean LAI values were also derived for
MOD C6.1 using the same method, and the validation results of MOD C5 were reviewed
for comparison. In general, a total of 2762 mean LAI values were calculated for the high-
resolution reference maps, MODIS, and reprocessed MODIS, respectively.

2.4. Metrics to Quantify Continuity and Consistency

In total, three simple metrics were defined to quantify the LAI products’ quality,
including their spatial continuity, temporal continuity, and consistency. Each pixel of the
LAI products was assumed to be adjacent to its 8 surrounding pixels and each pair of
adjacent pixels had an equal distance. Then, the spatial discontinuity index (SDI) for a
certain area (10 × 10 km2 in this study) was determined as the mean of absolute difference
between all the pairs of adjacent pixels:

SDI =
1
N ∑

S
|∆LAI| (1)

where N is the number of pairs of adjacent pixels, S refers to the considered domain, and
|∆LAI| is the absolute difference in the LAI between two adjacent pixels. For example, in
Figure 1a, a domain containing 3 × 3 pixels was considered, with their LAI values labeled
at the center. Each pair of adjacent pixels (20 pairs in total) was linked together with a
green line, and their absolute differences in LAI values were labeled on these green lines.
Then, the averages of these LAI differences were calculated, indicating that the LAI values
varied by 1.8 m2 m−2 every 500 m, on average. A larger SDI value over a considered
domain indicated a more abrupt change within a specific distance. Similarly, the temporal
discontinuity index (TDI) was defined for a specific period (2003–2016 in this study) as the
mean of absolute differences between all the adjacent time steps:

TDI =
1
N

Nt−1

∑
t=1
|LAIt − LAIt+1| (2)

where Nt is the number of time steps for a considered period. For example, in Figure 1b,
two time series with a total of 11 timesteps were considered and compared. The absolute
difference between each pair of the adjacent timesteps was calculated, and then the average of
the absolute differences was derived. It was found that a smaller TDI value corresponded
with a relatively smoother time series. In this study, the TDI was first computed for the time
series of each pixel, and then averaged over a 10 × 10 km2 region. The invalid pixels in the
MODIS data were also excluded from the calculation of the TDI of the reprocessed data.

The variations of the LAI should be consistent within the previous and next timestep
under natural conditions, unless they have approached the maximum or minimum values
in a seasonal cycle. A data point in time series which is larger or lower than both the
previous and the next timestep values is regarded as a local “extreme” value (Figure 1c).
Therefore, we assumed that the number of local extreme values within a year would not be
many. We defined a temporal inconsistency index (TII) in order to quantify the extent of
the data inconsistency, which was computed as the percentage of the extreme values over a
period (see Equation (3)). For example, in Figure 1c, the TII values of two different time
series were computed. Time series b contained 50% of extreme values, which was far more
inconsistent with the natural vegetation growth than that of time series a.

TII =
Number of extreme values

Number of time steps
(3)
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The above-mentioned three indexes do not have to be as small as possible, because,
even if considering the natural land surface, these indexes cannot reach their minimum
(i.e., zero). The LAI of the land surface changes gradually across the spatial and temporal
scales, thus, the indexes should fall within a certain range. Therefore, the indexes of an LAI
product with improved continuity and consistency are expected to decrease to a certain
range, similar to that of the natural land surface. That is to say, smaller values of these
indexes of the LAI products are preferred, but the values do not have to be as small as
zero. In this study, we tried to focus on the differences in the indexes between the MODIS
LAI and the improved MODIS LAI, rather than the specific values of the indexes. Under
conditions with a similar data accuracy, we assumed that the data with a larger SDI, TDI, or
TII value would perform poorer in terms of their data continuity and consistency, especially
for unrealistically large values.

1 
 

 
 
  Figure 1. Schematic diagrams for calculating (a) spatial discontinuity index (SDI), (b) temporal

discontinuity index (TDI), and (c) temporal inconsistency index (TII). |∆LAI| represents the absolute
difference between the adjacent LAI values. TDIs and TIIs of different time series were calculated as
an example to exhibit different extents of (b) temporal discontinuity, and (c) temporal inconsistency.

3. Results
3.1. Validation against LAI Reference Maps

Previous validation for MOD C5 used LAI reference maps from the VALERI, BigFoot,
Boston University, and SMEX02 datasets. For a better comparison, we derived the statistical
results of different products using the same reference maps (Figure 2a–c). The validation of
MOD C5 LAI showed that the R2 was 0.62 and the RMSE reached 1.06 (Y2011), and these
were found to be 0.7 and 0.96, respectively, in the validation of MOD C6.1 LAI (Figure 2b),
indicating that the updated version improved the accuracy of the LAI product. In contrast,
the difference between MOD and MCD was much smaller in terms of C6.1, since their R2,
RMSE, and MD were similar (Figure 2a,b). It is notable that the MOD C6.1 data, before 4
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July 2002, were used in Figure 2a if their data maps existed, but they were still similar in
accuracy when validated against the data maps from after 4 July 2002. Additionally, the
performance of the reprocessed MODIS was evaluated. The reprocessed MODIS performed
better than MCD C6.1, with the R2 increasing to 0.8 and the RMSE decreasing to 0.72
(Figure 2a,c). Furthermore, compared with the reprocessed C5 product, the RMSE of the
reprocessed MODIS was reduced by 0.07, and the R2 increased by 0.04, implying that the
accuracy of the reprocessed product can be influenced by the MODIS data itself. 

2 

 
  Figure 2. Validation of MODIS C6.1 LAI products and reprocessed LAI data against (a–c) reference

maps used in the validation of MOD C5 LAI [55], (d–f) combined LAI reference maps (VALERI,
BigFoot, Boston University, SMEX02, and ImagineS datasets), and (g–i) GBOV LAI reference maps.
The shaded area stands for the uncertainty agreement ratio [1,74], and the distance between the
diagonal and the upper or lower bound of the shaded area is equal to the greater 20% of the reference
map value and 1 m2 m−2. “MD” is the average difference between the LAI values shown on the y
and x axes.
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We also used all the collected maps, excluding the GBOV dataset (hereafter referred to
as combined maps), to compare MCD C6.1 and the reprocessed MODIS LAIs (Figure 2d–f).
Since the number of LAI reference maps from the GBOV dataset was far more than that
from the other datasets, the validation metrics were calculated separately to make sure that
the results would not be largely affected by the GBOV map values (Figure 2g–i). For both
the combined maps and the GBOV maps, the reprocessed MODIS achieved a higher R2

than MCD C6.1, with the R2 increasing from 0.64 to 0.72 and from 0.75 to 0.81, respectively.
In addition, the reprocessed MODIS was still consistent with MCD C6.1, since it preserved
the characteristics of the original data with a good quality (Figure 2f,i). When using the
combined maps, the RMSE, which represented uncertainty, decreased from 0.91 to 0.81,
and the MD changed from −0.07 to 0.16, indicating a shift from a slight underestimation to
an overestimation of the map values. In particular, the reprocessed MODIS demonstrated
less bias when using either the VALERI or BigFoot reference maps for validation (Table 2).
However, the reprocessed MODIS had a slightly larger bias than MCD C6.1 when validated
against the GBOV and ImagineS reference maps. This may be related to the uncertainty
within the LAI reference maps, which can be viewed more clearly in the time series plots of
Section 3.2. A further discussion is provided in Section 4.1.

Table 2. Validation metrics of MCD15A2H C6.1 LAI product and reprocessed MODIS.

Reference Databases Remote Sensing Data R2 RMSE Mean Difference Number of Maps

VALERI
MODIS 0.60 1.24 −0.47

22reprocessed MODIS 0.73 0.97 −0.15

BigFoot MODIS 0.90 0.42 −0.15
18reprocessed MODIS 0.94 0.30 −0.01

ImagineS MODIS 0.63 0.89 0.18
43reprocessed MODIS 0.65 0.90 0.38

GBOV
MODIS 0.75 0.88 0.18

2675reprocessed MODIS 0.81 0.93 0.47

3.2. Temporal Comparison between MODIS and Reprocessed MODIS

For each 8-day composite between 2000–2021, the MCD C6.1 LAI and the reprocessed
MODIS data were spatially averaged within the extent of the LAI reference maps. These
LAI mean values made up the time series, as shown in Figure 3, with scatters representing
the LAI reference map values at the corresponding period. Each land cover type presented
the time series of two sites. Note that if more than one map value existed within the same
8-day composite, only the maximum was plotted.

High-frequency noise could be observed in the temporal sequences of the MODIS LAI
time series, especially for the forest sites where the fluctuation was more intense than that
of the crop, shrub, and grass sites with lower LAI values. Sudden peaks and spikes existed
in the MODIS LAI time series, while the reprocessed MODIS LAI smoothed these noises to
make them continuous with the adjacent values. The reprocessed MODIS LAI data varied
smoothly over time, and could still exhibit pronounced seasonal cycles of the leaf area index.
Generally, they agreed well with the main-algorithm retrieved LAI of the MODIS. The QC
value that indicated the main algorithm with saturation occurred periodically at the forest
sites and was always associated with high-frequency noise in the summer. The QC value
that indicated the backup algorithm tended to appear at some of the forest sites, and was
associated with sudden peaks or spikes (e.g., site NOBS in Figure 3d and BART, HAIN in
Figure S2). Furthermore, it was observed that the QC value indicating the main algorithm
with cloud could sometimes be associated with the spikes in the time series (e.g., site DELA
in Figure 3b and GUAN in Figure 3c). In addition, the LAI reference map values could also
undergo notable changes within a short period and sometimes had sudden drops (e.g., site
TALL in Figure 3d, SCBI in Figure 3f, JORN in Figure S3, and NRMN in Figure S4). Some of
the LAI map values at the DBF sites were unrealistically high in the winter (e.g., site BLAN in
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Figure 3b and BART in Figure S2). These may indicate that uncertainties could exist within
the LAI reference maps, which could affect the results of the direct validation (Section 3.1). 

3 

 
  

Figure 3. Time series plot of spatial mean MCD15A2H C6.1 LAI and reprocessed MODIS LAI within
the reference map extent. MOD15A2H C6.1 LAI was used for the time prior to 26 June 2002, in the
cases of the reference map data existing. QC information that indicates retrieval algorithms was
plotted above the time series, and corresponded with the five categories listed in Table 1.
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3.3. Spatial and Temporal Continuity Comparison

The time series plots (Figure 3) provided an intuitive view of the differences in the
temporal continuity between the MODIS LAI and the reprocessed MODIS LAI. In this
section, we used the SDI and TDI indexes, which were defined in Section 2.3, to make
quantitative comparisons of the extent of the spatial and temporal discontinuity, respec-
tively. Tile h19v08 was selected as an example to investigate the spatial and temporal
discontinuity of the MODIS and reprocessed MODIS LAI data. This region was mainly
covered by EBF (43.22%) and savanna (26.44%). It could be seen that the MCD 6.1 LAI had
obvious spatial noise in the lower part of the region (Figure 4), which meant that its LAI
value varied considerably within a short distance. In contrast, the reprocessed MODIS LAI
varied smoothly in the spatial domain. Large SDI could appear in the domains with an
abrupt LAI change and spatial noise; thus, the MCD C6.1 LAI had higher SDI values than
the reprocessed MODIS in the lower part of the region.

The TDI was also calculated for the year 2020, days 177 to 209. For the MCD C6.1
LAI, the lower left region had higher TDI values of up to 3 m2 m−2, because the LAI
decreased from day 185 to day 193, then immediately increased from day 193 to day 201.
This abnormal change did not appear in the reprocessed MODIS, which had a much lower
TDI value. Furthermore, both the SDI and TDI of MCD C6.1 had an unstable variation in
space, which may not accord with natural conditions. It could also be seen that the main
algorithm (QC < 64) corresponded to less spatial noise. The lower left region, which was
mainly retrieved from the backup algorithm (64 ≤ QC < 128), corresponded to higher SDI
and TDI values. Overall, the MCD C6.1 LAI had a higher level of spatial and temporal
discontinuity compared with the reprocessed MODIS in most regions of tile h19v08, which
could be related to the retrieval algorithms of the MODIS data.

To quantify the spatial and temporal discontinuity on a global scale for the different
versions of the MODIS LAI products, the 14-year mean (2003–2016) SDI was calculated for
every 10 × 10 km2 domain, containing 20 × 20 pixels for the C6.1 LAI and 10 × 10 pixels for
the C5 LAI data. Notably, only the domains with more than 30% valid pixels (QC < 128) were
taken into account. The different LAI products displayed similar spatial patterns (Figure 5a–d),
which showed that the LAI values were most discontinuous near the equatorial region, such
as in the Amazon region, central Africa, and southeast Asia. MCD C6.1 had higher SDI values
than the reprocessed MODIS, especially in the equatorial regions (Figure 5a,b), indicating
that its spatial variations between the adjacent pixels were larger. To have a clearer view of
the spatial discontinuity distribution, we classified the global SDI maps into five intervals
(Figure 5e). In the range with a relatively high SDI value (SDI > 1), the reprocessed MODIS
had far fewer domains than the MODIS, which meant that the reprocessed data reduced the
discontinuity level of many domains. In addition, we also explored the difference in the spatial
discontinuity between the MOD C6.1 and MCD C6.1 LAI products. The SDI value of the MCD
data was slightly higher than that of the MOD data near the equatorial region (Figure 5a,c),
while their global mean SDI values were similar (0.3 m2 m−2 and 0.27 m2 m−2 respectively).
Furthermore, the MOD15A2H C5 and C6.1 were compared to investigate the improvement of
the updated product. Their SDI disparity was most noticeable in the equatorial region, in the
southeast of South and North America, and in western Europe (Figure 5c,d). Additionally,
MOD C6.1 had far fewer domains in the range with a relatively high SDI (SDI > 1) (Figure 5e),
indicating that the updated version reduced the spatial discontinuity in the high SDI region.
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Figure 4. Spatial and temporal comparisons between MCD15A2H C6.1 and reprocessed MODIS LAI
in tile h19v08. The location of the center of this tile (1200 × 1200 km2) is 15.055◦E, 5.002◦N. The first
column’s first five subplots show the MODIS LAI for the five 8-day compositing periods that are
labeled to the figure’s left. The second column’s first five frames refer to reprocessed MODIS LAI.
Information on quality control is divided into five categories, as listed in Table 1, and displayed in
the “QC” column. The last two columns display, respectively, the spatial discontinuity index (SDI) of
MODIS and reprocessed MODIS. The last row displays the temporal discontinuity index (TDI) of
MODIS and reprocessed MODIS of the above five 8-day compositing periods.
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5 

 
  Figure 5. 14-year (2003–2016) means of spatial discontinuity index (SDI) maps of (a) MCD15A2H

C6.1, (b) reprocessed MODIS, (c) MOD15A2H C6.1, (d) MOD15A2H C5 LAI products, and (e) the
numbers of domains in SDI maps over different intervals.

The TDI of each pixel for 2003–2016 was calculated and then aggregated to 10 × 10 km2

(Figure 6). Similar to the global distribution of the SDI, the TDI value of the MODIS LAI
was highest in the equatorial region, and the northern high latitude regions came next
(Figure 6a). This may be associated with the more serious cloud contamination in these
regions [75]. The TDI of the reprocessed MODIS was less than 0.5 m2 m−2 (Figure 6b),
which was much lower than MCD C6.1. Compared with the difference in the SDI, their
TDI disparity was much larger near the equatorial region, indicating that the reprocessed
product had a more significant improvement in terms of its temporal continuity. According
to the results of the global statistics, the reprocessed MODIS decreased the TDI of MCD
C6.1 to less than 0.5 m2 m−2 (Figure 6e). We also explored the difference in the temporal
discontinuity between the MOD C6.1 and MCD C6.1 LAI products. The TDI value of
the MOD data was slightly higher than the MCD data near the equatorial region, which
was just the opposite of the SDI case, but their global mean TDI values were still similar
(0.54 m2 m−2 and 0.50 m2 m−2, respectively). Furthermore, the TDI difference between the
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C5 and C6.1 of the MOD15A2H products was quite small. The global mean TDI of C6.1
was 0.05 m2 m−2 higher than C5, which may be related to its higher spatial resolution. 

6 

 
  Figure 6. Temporal discontinuity index (TDI) maps of (a) MCD15A2H C6.1, (b) reprocessed MODIS,

(c) MOD15A2H C6.1, and (d) MOD15A2H C5 LAI products for the 14-year (2013–2016) period, and
(e) the numbers of domains in TDI maps over different intervals.

3.4. Consistency Comparison

The TII value was first computed for the time series (2003–2016) of each pixel and then
averaged over a 10 × 10 km2 region (Figure 7). All of the LAI products achieved their highest
TII values near the equatorial region, similar to the distribution of the discontinuity indexes.
For the MCD C6.1 LAI data, the TII value was more than 50% near the equatorial region,
southern China, and western Europe (Figure 7a). This meant that more than 23 timesteps
corresponded with the extreme values in a year with 46 timesteps, and that many fluctuations
existed within a seasonal cycle. For the reprocessed MODIS LAI (Figure 7b), the number of
extreme values was much less than MCD C6.1. According to the statistical result, the TII of
the reprocessed MODIS in most regions was less than 20% (Figure 7e), indicating that the
variation of the reprocessed MODIS generally followed the natural seasonal pattern. We also
compared the consistency between the MOD C6.1 and MCD C6.1 LAI products (Figure 7a,c).
Their TII values were similar in most regions and were both much higher than the reprocessed
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MODIS. The MOD product had a higher TII value when the TII was greater than 60%. The TII
difference between the MOD C5 and C6.1 products was quite small (Figure 7c,d), implying
that the updated version may not have improved the consistency of the LAI time series. 
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  Figure 7. The same as Figure 6 but for temporal inconsistency index (TII).

3.5. Long-Term Trends Comparison

The trend of the global annual growing season mean LAIs of MCD 6.1 and the repro-
cessed MODIS, during the period 2003–2021, were compared. The global LAI data were first
aggregated to 50 km and a monthly scale, excluding those unvegetated pixels. After this, the
annual LAI data were derived by averaging the monthly LAI that had monthly temperatures
that were greater than 0 ◦C [76]. The monthly temperature data were gathered from the
Climate Research Unit gridded Time Series version 4 (CRU TS v4) [77], and were projected
onto the tile coordinate system. We used the multiyear averaged monthly temperature to
make the inter-annual land masks consistent. After deriving the growing season mean LAI
map, its spatial average was used to determine the global mean LAI values.

The spatial patterns of the linear trends of MCD 6.1 and the reprocessed MODIS were
almost identical (Figure 8a,b), displaying a significant greening and browning trend over
about 32% and 5% of the global area, respectively (p < 0.1 in the Mann–Kendall test). They
revealed greening trends in China, India, eastern Siberia, Europe, southern South America, and
central Africa, and showed browning trends in central south America. In addition, the global
mean LAI values were plotted using different y-axes to assess the consistency of their trends
(Figure 8d). It was shown that MCD C6.1 and the reprocessed MODIS exhibited very similar



Remote Sens. 2023, 15, 1780 15 of 25

growing trends, though the reprocessed MODIS was 0.00083 m2 m−2 year−1 higher. The
difference in the global mean LAI values among MCD C6.1, MOD C6.1, and the reprocessed
MODIS may be related to the extent of temporal and spatial discontinuity. In general, the
reprocessed MODIS finely preserved the trend of the MCD C6.1 data. Additionally, the
linear trend of MOD C6.1 had a similar spatial pattern to MCD C6.1, too (Figure 8a,c), and
their global mean LAI values showed comparable growing trends (Figure 8d). However, the
difference in this trend increased if the period of 2003–2011 (0.00411 m2 m−2 year−1 for MCD
C6.1 and 0.00579 m2 m−2 year−1 for MOD C6.1) was considered, implying that the different
versions of the MODIS LAI products may be inconsistent in their trends. 
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Figure 8. Linear trends of the growing season mean LAIs of (a) MCD15A2H C6.1, (b) reprocessed
MODIS, (c) MOD15A2H C6.1, and (d) their global mean values in 2003–2021. Trends of LAI mean
values of all products in (d) are significant (p < 0.05 in the Mann–Kendall test).

3.6. Composition of Retrieval Algorithm of MOD and MCD Products

The quality difference between the MOD C6.1 and MCD C6.1 products was explored in
Sections 3.3 and 3.4. The MCD product was found to perform better in its temporal continuity
and consistency near the equatorial region, which may be due to the different composition of
the retrieval algorithms. We derived the proportion of these retrievals from the main algorithm
during 2003–2021, and then aggregated the result into 10× 10 km2 domains (Figure 9). The
temporal ratio of the data that were retrieved from the main algorithms of both products
was lower than 60% in northern high latitudes. The main-algorithm retrievals of the MCD
product had a proportion of more than 75% in the Amazon region, southern China, southeast
Asia, and middle Africa, while they were less than 60% for the MOD product in these regions,
indicating that more LAI data were retrieved from the backup algorithm or not produced.
More retrievals from the main algorithm improved the temporal continuity and consistency
of the MCD data near the equatorial region. That is, the MCD product that was acquired from
the combined satellites may have been able to capture more uncontaminated images, and
thus had a higher chance of being retrieved from the main algorithm. Therefore, the MCD
data were recommended for studies over the equatorial region.

3.7. Difference between QC-Selected MODIS and Reprocessed MODIS LAI

The MODIS LAI products provided QC information, with details about their retrieval
algorithms and cloud states stored in the FparLAI_QC layer. Many studies selected the
LAI data within a specific QC range, in order to exclude the cloud-contaminated, backup-
algorithm-retrieved or invalid data [78–83]. To explore the difference between the QC-
selected LAI and the reprocessed data, the MCD C6.1 LAI product was filtered by setting
different QC constraints, including QC ≤ 2 (the main algorithm used without cloud or
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saturation), QC < 32 (the main algorithm used without saturation), and QC < 64 (the main
algorithm used). Then, the results were aggregated to 0.5-degree resolution on monthly
scale, labeled as LAIQC≤2, LAIQC<32, and LAIQC<64, respectively. The reprocessed MODIS
LAI was also aggregated on the same scale, and their difference in January and July of the
year 2010 was derived (Figure 10). 
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  Figure 9. Proportion of LAI data retrieved from the main algorithm in 2003–2021 for (a) MOD15A2H

C6.1 product, and (b) MCD15A2H C6.1 product. 
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  Figure 10. Difference between reprocessed MODIS LAI and MCD15A2H C6.1 LAI constrained by

QC ≤ 2, QC < 32, and QC < 64 in (a–c) January, and (d–f) July of the year 2010.

When aggregating the MCD C6.1 LAI product to 0.5-degree domains, the mean LAI
values from the pixels that met the QC limit conditions were calculated. For some domains,
sometimes, none of their pixels met a specific QC limit condition, especially those that were
mainly covered by water bodies. These domains would not be taken into consideration
when compared with the reprocessed LAI. For the domains in the inland region, only a few
of them could not meet the QC requirement, and this only occurred in several 8-day periods.
In general, the aggregation results could be derived in most domains, and therefore could
be compared with the reprocessed MODIS LAI on the global scale.

The LAI that was constrained by different QC limit conditions had lower values
compared with the reprocessed MODIS in many regions, most of the time. For LAIQC≤2
and LAIQC<32, these were lower than the reprocessed MODIS in the eastern North America
and Eurasia high latitudes, especially in the summer. In the Amazon basin, they were also
lower, and the extent of their underestimation was higher in the summer and autumn,
reaching more than 3 m2 m−2. In central Africa, southeast China, and southeast Asia, the
reprocessed MODIS LAI was about 2 m2 m−2 higher than LAIQC≤2 and LAIQC<32. For
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LAIQC<64, this was about 0.5 m2 m−2 lower in most domains of the Amazon region, central
Africa, southern China, and southeast Asia, while it was slightly higher in the west of the
EBF belt in central Africa. Among the three LAI data that were constrained by different
QC limit conditions, LAIQC≤2 and LAIQC<32 had a larger difference with the reprocessed
MODIS compared with LAIQC<64. LAIQC<64 was the most consistent with the reprocessed
MODIS in the global range, although it still underestimated the reprocessed MODIS in
some of the regions that are mentioned above. It was noteworthy that the difference
between the reprocessed MODIS and the QC-limited MCD C6.1 LAI was calculated at a
0.5-degree resolution during one month, and would probably increase if aggregated at a
higher temporal or spatial resolution.

4. Discussion
4.1. Uncertainty of LAI Reference Maps

In normal circumstances, LAI varies continuously and would not apparently fluctuate
within a season. However, several LAI reference maps showed short-term variations and
contained sudden drops in values, such as sites BLAN, GUAN, and STEI from the GBOV maps,
and sites Barrax and SouthWest_2 from the ImagineS maps (see Figures 3, S6 and S11). This
indicated that uncertainties may exist within the LAI reference maps, which can affect the
results of the direct validation (Section 3.1). The sources of uncertainty within LAI reference
maps are generally linked to ground measurement errors [1,84], especially when indirect
optical methods are used [85–88]. In addition, uncertainty can arise in the process of land
cover classification, which would then introduce variations into the ecological modeling
results [89]. The reliability of the reference maps can also be affected by the quality of
the obtained satellite data [7]. As for remote sensing retrieval, clouds and atmospheric
interference would probably affect the LAI negatively, and the local low values are, in
most cases, considered to be contaminated data [75]. The same as the MODIS products,
reference maps also use data from remote sensing. We can find that the MODIS LAI time
series had high-frequency noise and sudden spikes that were affected by the reflectance
data quality, and that the values of the LAI maps sometimes dropped within a short period
simultaneously. For instance, over the period of 12 August 2018–15 September 2018, the
LAI map value of site HAIN (Figure S2) experienced a sudden decline of 3.65 m2 m−2 and
then an increase of 3.63 m2 m−2. Coincidentally, the MODIS LAI fluctuated over this time,
first decreasing by 3.88 m2 m−2 and then increasing by 3.52 m2 m−2, bringing it closer
to the reference map value. In contrast, the reprocessed MODIS LAI was approximately
an upper envelope of the MODIS, and it was farther from the LAI map values compared
with the MODIS under this circumstance. Since the LAI fluctuations appeared constantly
in the time series of both the reference maps and the MODIS data, it was assumed that
these high-frequency noises may account for the better RMSE results of the MODIS LAI
validation than those of the reprocessed MODIS validation. Therefore, the validation of the
LAI products using reference maps remained uncertain to some extent, since the quality of
the ground-based observations was subject to the short-term fluctuations themselves. This
implied that, when evaluating the quality of the LAI products, we should not only focus on
the accuracy of the validation results, but also the uncertainty in the reference maps.

4.2. Suggestions on MODIS LAI Data Chosen

We have compared the accuracy, continuity, and consistency of different LAI products
(Section 3) and then tried to provide some notes on the MODIS LAI data that were chosen.
First of all, we considered different versions of the MOD products. It can be found that C6.1
had a higher accuracy than C5 in the validation using reference maps, and also that it was
more spatially continuous in the equatorial region. This may be owing to the algorithm
improvements of C6.1 and its higher spatial resolution. Then, we compared different
versions of C6.1. A direct validation revealed that MOD and MCD had comparable
accuracy, and that their spatiotemporal continuity was close to each other considering
the global average. In terms of consistency, the MOD product had more extreme TII
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values when the TII was greater than 60%, indicating that it was much less consistent
near the equatorial region. Therefore, we suggest using MCD C6.1 instead of MOD when
the studied region is in the tropics. Moreover, it should be utilized with caution when
using the QC-selected method to aggregate the LAI values, since it would probably cause
underestimation, especially in the equatorial region and the northern high latitudes. This
may be associated with the existence of peak or spike values, even when retrieved from the
main algorithm. Lastly, it was found that different versions of the MODIS LAI products
could show a little discrepancy in their values of trends [90,91]. In contrast, the reprocessed
MODIS retained an almost identical trend with the MODIS, which implied that the results
of the LAI trend study would be very close.

The reprocessed C6.1 LAI had more improvements in its accuracy than the previous
reprocessed C5 product, which was revealed by the validation that used reference maps
(Figure 2c). We also used the ImagineS reference maps to compare the two reprocessed
products, and found that the reprocessed C6.1 performed better, with a higher R2 (0.65 for
C6.1 and 0.57 for C5) and less bias (0.90 for C6.1 and 0.92 for C5). The GBOV maps were
not used for the validation, since most of the ground measurements were conducted after
the year 2016. Additionally, the new version of the reprocessed product had a higher spatial
resolution of 500 m, since the raw data were upscaled. In general, the improvements in the
reprocessed products were attributed not only to the changes in the raw data, but also to
the update of the reprocessing method which incorporated an annually updated land cover
product. Furthermore, the trends of both the reprocessed products were almost identical
with the raw data they used, which meant that the trend of the reprocessed C6.1 product
was different from that of the reprocessed C5 product (Figure S18). During the overlapped
period of the two reprocessed products (i.e., 2003–2016), the global growing season mean
of the reprocessed C6.1 LAI showed a growing trend of 0.00547 m2 m−2 year−1, while no
significant trend was observed for the reprocessed C5 (−0.00164 m2 m−2 year−1, p = 0.27).
The global patterns showed that a decreasing trend of the reprocessed C5 was pronounced in
central Africa (Figure S19), while the reprocessed C6.1 had no significant trend in this region.
Additionally, the reprocessed C6.1 had a larger greening trend than the reprocessed C5 in
northern high latitudes and southeast China. This indicated that there was uncertainty in the
trend of the LAI, and that using different versions of the LAI products for the trend analysis
could result in different trends.

4.3. Caution for Using Conjunctive MOD and MCD Products

The MODIS LAI C6.1 products, MCD15A2H and MOD15A2H, have been evaluated
and compared in this study. As previously stated, the prefix “MOD” means that the product
is retrieved using the data from only the Terra satellite, while the prefix “MCD” represents
a combined product that obtains a better retrieval from the Terra and Aqua satellites.
Therefore, the MCD product is less affected by atmospheric conditions and should be of
a better quality than the MOD product. The MCD product begins at 4 July 2002, while
the MOD product starts from 18 February 2000. When using the conjunctive MOD and
MCD products for a long-term LAI trend analysis, caution should be taken. We have found
that their quality differed in terms of continuity, consistency, and the proportion of main
algorithm retrievals, especially in the equatorial regions (Sections 3.3 and 3.6), which may
result in an unrealistic trend.

To demonstrate this, the time series of the MOD C6.1 (18 February 2000–31 December 2004)
and MCD C6.1 (4 July 2002–31 December 2004) LAI data at the pixel ‘h12v09, x = 1200, y = 1200’
(lat =−4.998, lon =−65.250) were derived. If we used MOD (18 February 2000–26 June 2002)
as a complement for MCD, it can be seen that there was a sudden leap in the mean value near
the year 2002 (Figure 11a), which would therefore result in an unrealistic increasing trend. We
also calculated the temporal mean values of MOD (18 February 2000–26 June 2002) and MCD
(4 July 2002–31 December 2004) at the global scale, and their difference was shown in Figure 11b.
The MOD value was obviously lower than MCD in the Amazon region, southeast Asia, and
central Africa, indicating that a sudden change in the temporal mean value of the combined



Remote Sens. 2023, 15, 1780 19 of 25

time series may exist in these regions. This unrealistic trend may be correlated to the difference
in quality between the MCD and MOD products. The MOD product was more discontinuous
in the temporal domain (Section 3.3), which dragged down the mean value. Furthermore, these
regions had a lower ratio of main algorithm retrievals, implying that the quality of the retrieved
data was relatively lower. Therefore, we suggest that the conjoint MOD and MCD data should
not be used in LAI long-term trend analyses. 
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Figure 11. Difference in temporal mean value between MCD15A2H C6.1 and MOD15A2H C6.1 LAI
products at (a) pixel ‘h12v09, x = 1200, y = 1200’ (lat = −4.998, lon = −65.250), and (b) the global scale.
The black star in (b) indicates the location of the pixel plotted in (a).

5. Conclusions

Our previous work reprocessed the MODIS C5 LAI data, which were widely used
in many studies. The latest MODIS LAI product, version C6.1, has been released after
undergoing various calibration changes and polarization correction, but still has retrieval
quality issues. To enhance its applications in land surface and climate modeling, we
reprocessed the MCD15A2H C6.1 LAI product to expect better data quality, data continuity,
and consistency, in both the temporal and spatial domains.

We continued to use the integrated two-step method that was developed for C5, but
with updated background value calculations and land cover data to account for the land
cover changes in the data reprocessing. A comprehensive collection of LAI reference maps
from several projects were used for the validation. Moreover, three indexes were proposed
and applied to quantify the spatial and temporal continuity and consistency of the LAI
products. Finally, different kinds of MODIS data were compared, as well as the data that
were selected by specific QC values. The conclusions are as follows:

(1) The reprocessed MODIS data were found to be closer to the reference map values than
MODIS. From the results of the time series plots, high-frequency noise can still be
observed in the MODIS LAI, especially in the forest sites that were largely retrieved
by the main algorithm with saturation. Contrarily, the reprocessed LAI data changed
smoothly over time.
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(2) Short-term fluctuation, together with unexpected low values, can be observed in some
of the LAI reference maps, which may have led to uncertainty in the validation results.

(3) The reprocessed MODIS LAI data were found to be more consistent and continuous than
MODIS on a global scale, especially in the equatorial region and northern high latitudes.

Based on these comparison results, some suggestions for the MODIS LAI data have been
made. First, the C6.1 data are recommended for their better accuracy than C5. In addition,
the MCD data are suggested to be used in the tropics, considering their better consistency
and a higher proportion of data that were retrieved from the main algorithm than the MOD
product. Because of their differences, using conjunctive MOD and MCD products can have a
significant impact on the long-term trend analysis, which should be avoided. Furthermore,
it is noteworthy that the MODIS LAI value, when aggregated by the QC-selected method,
is likely to be underestimated, particularly near the equatorial region and northern high
latitudes, and especially in the summer. Thus, the MODIS LAI data, filtered by a QC value,
should be used with caution and the reprocessed data are recommended.

Since the inherent properties of the MODIS data, such as their quality and trends, were
preserved, the trends of the reprocessed C5 LAI that were derived by the previous work
and the reprocessed C6.1 LAI were different. The reprocessed C6.1 product outperformed
the reprocessed C5 in its accuracy, which was revealed by the direct validation against the
LAI reference maps. In addition, the spatial resolution increased from 1000 m to 500 m.
Therefore, the reprocessed C6.1 can be used as a substitute for the reprocessed C5 product
in land surface and climate modeling.
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series plot of LAI mean values within the reference map extent for sites BART, CPER, DSNY, HAIN
from GBOV dataset, Figure S3: Time series plot of LAI mean values within the reference map extent
for sites JERC, JORN, KONA, LAJA from GBOV dataset. The QC values, which indicate the retrieved
algorithms, are drawn in different colors on the top of time series, Figure S4: Time series plot of
LAI mean values within the reference map extent for sites NRMN, ORNL, OSBS, SERC from GBOV
dataset, Figure S5: Time series plot of LAI mean values within the reference map extent for sites
SRER, TUMB, UNDE, VASN from GBOV dataset, Figure S6: Time series plot of LAI mean values
within the reference map extent for sites WOOD, HARV, ONAQ, STEI from GBOV dataset. The
QC values, which indicate the retrieved algorithms, are drawn in different colors on the top of time
series, Figure S7: Time series plot of LAI mean values within the reference map extent for sites
25de Mayo_Shurb, AHSPECT-Condom, AHSPECT-Creón D’armagnac, AHSPECT-Meteopol from
ImagineS dataset, Figure S8: Time series plot of LAI mean values within the reference map extent for
sites AHSPECT-Peyrousse, AHSPECT-Savenès, AHSPECT-Urgons, Albufera from ImagineS dataset,
Figure S9: Time series plot of LAI mean values within the reference map extent for sites Collelongo,
LaReina_Cordoba_1, LaReina_Cordoba_2, Maragua_UpperTana from ImagineS dataset, Figure S10:
Time series plot of LAI mean values within the reference map extent for sites Pshenichne, Rosasco,
SanFernando, SouthWest_1 from ImagineS dataset, Figure S11: Time series plot of LAI mean values
within the reference map extent for sites SouthWest_2 and Barrax-LasTiesas from ImagineS dataset,
Figure S12: Time series plot of LAI mean values within the reference map extent for site Walnut Creek
from SMEX02 dataset, Figure S13: Time series plot of LAI mean values within the reference map
extent for sites Fundulea, Gilching, Gnangara, Laprida from VALERI dataset, Figure S14: Time series
plot of LAI mean values within the reference map extent for sites Larose, Le Larzac, Les Alpilles,
Nezer from VALERI dataset, Figure S15: Time series plot of LAI mean values within the reference map
extent for sites Plan-de-Dieu, Puechabon, Sud-Ouest, Turco from VALERI dataset, Figure S16: Time
series plot of LAI mean values within the reference map extent for sites Wankama, Camerons and
Zhang Bei from VALERI dataset, Figure S17: Time series plot of LAI mean values within the reference
map extent for site Ruokolahti from Boston University dataset. The QC values, which indicate the
retrieved algorithms, are drawn in different colors on the top of time series. Figure S18: Linear trends
of the global growing season mean LAI values of different LAI products during their overlapped
period 2003–2016, Figure S19: Linear trends of the growing season mean LAI of (a) reprocessed
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C5 LAI and (b) reprocessed C6.1 LAI during the period 2003–2016. Table S1: Characteristics of the
validation sites (total 73) and associated LAI reference maps (total 2762).
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