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Leaf area index (LAI) is an essential climate variable that is crucial to understand the global vegetation change. Long-term satellite
LAI products have been applied in many global vegetation change studies. However, these LAI products contain various
uncertainties that are not been fully considered in current studies. The objective of this study is to explore the uncertainties in
the global LAI products and the uncertainty variations. Two global LAI datasets—the European Geoland2 Version 2 (GEOV2)
and Moderate Resolution Imaging Spectroradiometer (MODIS) (2003-2019)—were investigated. The qualitative quality flags
(QQFs) and quantitative quality indicators (QQIs) embedded in the product quality layers were analyzed to identify the
temporal anomalies in the quality profile. The results show that the global GEOV2 (0.042/10a) and MODIS (0.034/10a) LAI
values have steadly increased from 2003 to 2019. The global LAI uncertainty (0.016/10a) and relative uncertainty (0.3%/10a)
from GEOV2 have also increased gradually, especially during the growing season from April to October. The uncertainty
increase is larger for woody biomes than for herbaceous types. Contrastingly, the MODIS LAI product uncertainty remained
stable over the study period. The uncertainty increase indicated by GEOV2 is partly attributed to the sensor shift in the
product series. Further algorithm enhancement is necessary to improve the cross-sensor performance. This study highlights the
importance of studying the LAI uncertainty and the uncertainty variation. Temporal variations in the LAI products and the
product quality revealed herein have significant implications on global vegetation change studies.

1. Introduction

Leaf area index (LAI) is defined as one half of the total green
leaf area per unit ground surface area [1]. LAI has been rec-
ognized as a critical parameter to understand the terrestrial
energy, carbon, and water cycles [2–4]. The global LAI has
gradually increased, consistent with the global temperature
change, since the industrial period [5, 6]. Global long-term
LAI products derived from satellite data show that the
increasing trend has accelerated since 1982 [1, 7, 8]. The
global LAI is projected to further increase in the 21st century
under future climate change scenarios [9]. However,
regional decline of LAI exists in Eurasia, North and South
America, and Southeast Asia caused by land use and land
cover change (e.g., due to deforestation) [5, 10].

Understanding the uncertainties associated with the LAI
products is paramount to understanding the global long-
term LAI change. To meet the requirements of global cli-
mate modeling studies, the Globe Climate Observing System
(GCOS) has proposed a guideline that requires a maximum
uncertainty of 15% for global LAI products [11]. In response
to the GCOS requirement, the Committee on Earth Obser-
vation Satellites (CEOS) has formed a Land Product Valida-
tion (LPV) subgroup to coordinate global validation studies
for LAI and other land surface products (http://lpvs.gsfc
.nasa.gov/). Under this framework, a series of comprehen-
sive LAI validation studies have been conducted for a variety
of land cover types at regional [12–15] and global scales
[16–18]. Fang et al. [1] made a synthesis of current valida-
tion studies for the global moderate resolution LAI products
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and found that the median correlation coefficient (R2)
between LAI products and reference data is around 0.62
and the root mean square error (RMSE) about 0.88.

With the growing temporal coverage of product uncer-
tainties, evaluating the product quality from a long-term
perspective has become critical to ensure the product’s cor-
rect application in global change studies. A change in data
quality would imply that the temporal trend observed in
the data is ambiguous [19].

The product quality stability is defined by GCOS as the
maximum acceptable change in systematic error measured
in decadal time scales [11]. In response to the increasing inter-
est in the long-term variation of the LAI product uncertainty,
GCOS proposed a stability requirement at the maximum of
10% or 0.25 per decade, in relative and absolute terms, respec-
tively, for the LAI product [11]. Clearly, the product quality
stability defined by GCOS [11] is different from the product
stability explored in some existing studies [7, 12, 20, 21].

Nevertheless, because of the lack of long-term refer-
ence data, almost all current validation studies have
focused on estimating the product uncertainties rather
than on product quality stability [1]. Padilla et al. [22]
evaluated the temporal stability of three global burned area
products over seven sites and found a monotonic trend in
accuracy over time. Their study represents one of the few
attempts to quantify the temporal stability of satellite
products following the GCOS definition. However, due to
the limited number of sampling sites, it is difficult to claim
that the burned area products had shown temporal insta-
bility [22]. The situation is similar for the global LAI
products. Due to the lack of reference data, only a few
studies have explored the long-term variation of the LAI
product theoretical quality [7, 21, 23].

In distributing the LAI values, many LAI products also
provide the quality assessment (QA) information that
includes the qualitative quality flags (QQFs) and quantita-
tive quality indicators (QQIs). The QQFs are related to the
product processing status and have been frequently
referred to as a guideline in many applications. The QQIs,
on the other hand, provide the theoretical uncertainty
information but have been less explored. Fang et al. [24]
made a first attempt to intercompare the global LAI prod-
ucts and their theoretical uncertainties obtained from the
product QQIs. However, the study should be improved
with the availability of new LAI products. More impor-
tantly, the temporal variation of the QQI information
was not explored in the earlier study [24]. In a following
study, Jiang et al. [7] analyzed the long-term variation of
global LAI and their uncertainties. In the study, product
theoretical uncertainties were derived using a collocation
error model and the temporal variation of the uncer-
tainties was calculated as twice the standard deviation of
the time series [7]. In a more recent study, Yan et al.
[21] made a temporal analysis of the MODIS LAI and
QQI. The LAI product explored in the study was gener-
ated from the MODIS sensor onboard Terra [21].

As a preliminary study, Fang et al. [23] proposed to
investigate the long-term variation of global GEOV2 and
MODIS LAI products and their theoretical uncertainties.

However, in that study, the spatial and temporal analysis
was limited. All available GEOV2 pixels were analyzed with-
out proper consideration of the product QQIs, and the LAI
was underestimated [23]. An in-depth assessment of the
quantitative indicators is thus critical in order to properly
investigate the global LAI and their uncertainties.

The present study is aimed at investigating the long-term
variation of the GEOV2 and MODIS LAI products and their
uncertainties through a comprehensive analysis of the prod-
uct QQF and QQI information. This study has significantly
enhanced over existing studies. Compared to Fang et al.
[23], the present study fully analyzed the product QQI and
utilized only the best retrievals in the analysis. The long-
term product quality variation was calculated as the rate of
change of the product uncertainty per decade. Both spatial
and temporal analyses were also significantly expanded. Dif-
ferent from Yan et al. [21], the present study is aimed at
examining the LAI product generated by MODIS onboard
both Terra and Aqua (MCD15A2). Some validation studies
have reported that the combined product shows better
agreement with field measurements [14, 16, 25]. In particu-
lar, this study intends to investigate the temporal variability
of the product relative uncertainty, which has not been
explored in other studies.

2. Data and Method

2.1. GEOV2 LAI. The GEOV2 (V2.0) LAI (Table 1) is
derived from the European Geoland2/BioPar project from
the SPOT/VEGETATION (SPOT/VGT) and the PROBA-
V (GEOV2/PV) observations at 1/112° and a 10-day time
step (http://land.copernicus.eu/global/products/lai). When
the SPOT/VGT mission concluded in May 2014, the
GEOV2/VGT algorithm was adapted and applied to the
PROBA-V data (GEOV2/PV). The MODIS (C5) and
CYCLOPES (V3.1) products are first combined to generate
an improved LAI estimate [26].

LAIfused =w · LAIMOD + 1 −wð Þ · LAICYC, withw =min 1, 14 LAICYC
� �

,

ð1Þ

where “LAIfused,” “LAIMOD,” and “LAICYC” correspond to
the fused, MODIS, and CYCLOPES products, respectively.
The weight, w, is driven by LAICYC since it appears to be
more stable at low LAI values than that of MODIS. The
threshold value (LAICYC = 4) corresponds to the value when
LAICYC begins to saturate. A neural network training pro-
cess is performed between the fused LAI and the SPOT/VE-
GETATION and PROBA-V daily reflectance data over the
global BELMANIP sites [27]. The landscape level clumping
is accounted for in CYCLOPES through the separation of
pure vegetation and bare soil in the pixels [28]. A multistep
filtering approach is applied to eliminate noisy data mainly
affected by atmospheric effects and snow cover [29]. The
approach is based on an iterative upper envelope process
and prior knowledge on the expected seasonality. The
retrieval methods are categorized based on the product qual-
ity layer (QFLAG): (1) direct retrieval for clear land
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observations, clear high latitude observations for latitude and
sensor zenith angle greater than 55° and 70°, respectively, ever-
green broadleaf forest observations with enough observations,
pixels identified as bare soil with enough observations, and
observations corrected at high latitude effects, (2) climatologi-
cal retrieval for pixels filled with climatology, and (3) interpo-
lated retrieval for pixels filled by interpolation. The
quantitative uncertainties are computed as the RMSE between
the final 10-day value and the daily estimates in the composit-
ing period (Table 2).

2.2. MODIS LAI. The MODIS collection 6 (C6) product,
acquired from the combined Terra and Aqua platform
(MCD15A2H, Table 1), is generated every 8 days with a
500m spatial resolution (https://earthdata.nasa.gov/). The
main algorithm employs a look-up table (LUT) method sim-
ulated from a three-dimensional (3D) radiative transfer
model to derive LAI from the daily red and near-infrared
(NIR) reflectance data (MOD09GA, 500m, C6) and the
multiyear land cover product (MCD12Q1, 500m) [30, 31].
The LUT method searches for all probable estimates from
the observed directional reflectance for a specific biome type.
The mean LAI value averaged over all acceptable estimates is
taken as the solution, and the standard deviation (LaiStd-
Dev) of the candidate LAI values serves as a measure of pre-
cision. In addition to the main algorithm, a backup
algorithm is constructed based on the empirical relationship
between LAI and the normalized difference vegetation index
(NDVI) for different biome types [32]. The eight biome
types used to constrain the vegetation optical and structural
parameter spaces are (1) grasses/cereal crops, (2) shrubs, (3)
broadleaf crops, (4) savanna, (5) evergreen broadleaf forest
(EBF), (6) deciduous broadleaf forest (DBF), (7) evergreen
needleleaf forest (ENF), and (8) deciduous needleleaf forest
(DNF) [33]. A priori leaf clumping information was assigned
for different biome types during the modeling and retrieval
processes [34]. A quality control mask indicates whether

the LAI value is derived from the main algorithm or from
the empirical backup algorithm (Table 2).

2.3. Data Analysis. The product quality control information
was first analyzed. Cloudy pixels were first masked out, and
only good retrievals were used in the following analysis. All
valid GEOV2 pixels from the direct retrieval methods, i.e.,
not gap-filled or interpolated, and all MODIS data from
the main retrieval algorithm were extracted and processed.
All global tiles from 2003 to 2019 were mosaicked and
resampled to a 0.05° (~5.6 km at the Equator) spatial resolu-
tion using the nearest neighbor resampling method in the
Plate Carée projection. The product QQI was analyzed to
calculate the long-term quality variability. As noted, the
GEOV2 QQI represents the product variability within the
compositing period, while the MODIS QQI quantifies the
product theoretical uncertainty. The datasets and their QQIs
were averaged to a monthly time step that enabled direct
comparison of the products. The corrupted data and filled
values were not included in the aggregation. The correlation
between QQI and LAI was calculated to analyze the associa-
tion between them. The relative QQI was simply calculated
as the ratio of QQI to LAI.

For consistency, the 2003 MODIS biome type map pro-
vided in the 0.05° MODIS/Terra+Aqua collection 5 land
cover type product (MCD12C1) was used as a base map
for LAI product analysis [36]. For computation efficiency
and compatibility with the biome map, all datasets were ana-
lyzed globally at 0.05° grid cells.

To reveal the altitudinal trend of LAI quality, the 90m
Shuttle Radar Topography Mission (SRTM) V4 altitude data
were obtained from the CGIAR-CSI site (http://srtm.csi
.cgiar.org/index.asp). The LAI, uncertainty, and relative
uncertainty patterns were examined along the latitude and
altitude ranges. The long-term trends were retrieved by lin-
ear regressions, and the significance of the trend was esti-
mated using the Mann-Kendall trend test [22]. The two

Table 1: Characterization of the moderate resolution LAI products investigated in the study. LUT, NIR, NN, and SWIR stand for look-up
table, near-infrared, neural network method, and shortwave infrared, respectively.

Product∗ Sensor
Spatial

resolution
Temporal
resolution

Algorithm Period
Uncertainty
provided

Reference

GEOV2
(V2.0)

VEGETATION/SPOT
(1999.1-2013.12)

PROBA-V (2014.1+)
1/112° 10-day

NN (red, NIR, SWIR,
observation geometry)

1999.1-
2020.6

Yes
Verger

et al. [35]

MODIS
(C6)

MODIS/Terra+Aqua 500m 8-day LUT (red, NIR) 2002.7+ Yes
Yan et al.
[30, 31]

∗GEOV2 (http://land.copernicus.eu/global/products/lai), MODIS (https://earthdata.nasa.gov/).

Table 2: Quality control measures used in the LAI products. QQFs: qualitative quality flags; QQIs: quantitative quality indicators.

Product Data format QQFs QQIs Quality control∗ Usage in the study

GEOV2 NetCDF LAI-QFLAG RMSE QQF = 000, 010ð Þ Direct retrievals

MODIS HDF FparLAI_QC LaiStdDev QQF = 000, 001ð Þ Main retrievals
∗Numbers in the brackets indicate the bit combinations of QQF.
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hemispheres were not separated in our calculation as our
primary objective was to obtain an intercomparison of the
different products.

3. Results

3.1. Spatial Pattern. Figure 1 shows that 50-80% of the
GEOV2 pixels are from the direct retrieval method, 20-
40% from the climatological retrieval method, and only 1%
from the interpolated retrieval method. The MODIS LAI is
mainly retrieved with the main radiative transfer algorithm.
The average percentage of the main retrieval pixels reaches
62.8% from 150 to 300 day-of-year (DOY). A large number
of MODIS pixels are still retrieved with the empirical backup
algorithm, especially during the winter season.

GEOV2 and MODIS display similar spatial and tempo-
ral pattern for LAI values, uncertainties, and relative uncer-
tainties (Figure 2). Generally, high LAI values are distributed
in the tropical and boreal regions and very low values in the
arid and semiarid regions. The overall GEOV2 LAI (1.16) is
slightly lower than the MODIS LAI (1.28) (Table 3(a)).
However, the GEOV2 LAI is slightly higher in the boreal
and Amazon regions in July (Figures 2(a)–2(d)).

The spatial distribution of the uncertainty maps are corre-
lated with the LAI distribution (Figures 2(e)–2(h)). Higher
uncertainties are generally distributed in the tropical and
boreal regions. The spatial patterns of the GEOV2 and
MODIS uncertainties are also similar, although GEOV2
exhibits a slightly higher uncertainty. The spatial distribution
of relative uncertainties demonstrates a distinct pattern; the
higher values are located in the tree-grass transition regions
such as in western Asia and Australia (Figures 2(i)–2(l)).
Globally, the GEOV2 uncertainty (0.22) is about 10% higher
than that of the MODIS (0.20, Table 3(a)). The overall relative
uncertainties are similar for both products (~16.6%), but the
values are highly variable for forest types while the lowest rel-
ative uncertainties are found for EBF (Table 3(a)).

Figure 3 shows that the LAI product uncertainties are
moderately correlated with the LAI values, especially for LAI
< 5:0. On average, the GEOV2 and MODIS uncertainties
are about 11-12% of the LAI values, but showing substantial
variabilities. The strongest uncertainty variation is observed
for LAI > 2:0. A large portion of the GEOV2 uncertainty is
>1.5, whereas the MODIS uncertainties are mostly <1.5. Both
products display a cluster of pixels at LAI > 5:0, although with
small uncertainties (<0.5). This higher LAI cluster is a typical
characteristic of the EBF biome type (Figure S1).
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Figure 1: Temporal variation of LAI qualitative quality flags (QQFs) for different years (2003-2019): (a) GEOV2 and (b) MODIS. DOY:
day-of-year; DR: direct retrieval; CR: climatological retrieval; IR: interpolated retrieval; RT and RTsat: main radiative transfer (RT)
method used with the best result and with saturation, respectively; VIgeo and VIoth: empirical vegetation index (VI) algorithm used due
to bad geometry and other problems, respectively; N/A: no valid retrieval.
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3.2. Temporal Variation

3.2.1. Overall Variation Profile. Figure 4 shows the global
variation of LAI, uncertainty, and relative uncertainty from
2003 to 2019. Both products show steady increases in LAI
from 2003 to 2019 (~0.03/10a); however, the increase in
GEOV2 is not significant under the Mann-Kendall trend test
(p = 0:09). The GEOV2 LAI uncertainty shows a small
increase on a global trend of 0.012/10a since 2003 (p < 0:05
). In contrast, the MODIS uncertainty (~0.20) remains stable
over the same period (Figure 4(b)). For both products, the
relative uncertainties remain stable over the study period

(~17%). The Mann-Kendall statistical evaluation reveals
negligible variation over the years for the MODIS uncer-
tainty and relative uncertainty.

3.2.2. Variation Trend Map. Figure 5 shows the spatial pat-
tern of the temporal variations in LAI, uncertainty, and rel-
ative uncertainty from 2003 to 2019. Differences exist among
the LAI products while calculating the long-term trend in
the boreal and tropical regions. For both products, positive
LAI trends are observed in South America, Europe, China,
and India. Negative trends are sparsely distributed in the
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Figure 2: Global (a–d) mean LAI, (e–h) uncertainty, and (i–l) relative uncertainty maps derived from GEOV2 and MODIS (0.05°) in
January (left panels) and July (right panels), respectively, 2003-2019.
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tropical, boreal, and the eastern part of North and South
American regions.

The increase of uncertainty for GEOV2 is primarily
located in the boreal and tropical forest areas and, to a
smaller extent, in China and the eastern part of the United
States. For MODIS, the variation of uncertainty is nearly
stable.

The relative uncertainties exhibit trends of 0.3% and
-0.1% per decade for GEOV2 and MODIS, respectively
(Table 3(b)). With regard to GEOV2, the relative uncer-
tainty increases in the boreal region, which coincides with
the uncertainty change. The MODIS relative uncertainty
displays a negligible decline in global vegetated areas
(Figure 5).

Table 3: (a) Global mean LAI values, uncertainties, and relative uncertainties and (b) their long-term trend for different biome types (2003-
2019). The last column is calculated from the global average of all vegetated pixels. Crop-C and Crop-B refer to the cereal crops and
broadleaf crops, respectively. EBF, DBF, ENF, and DNF stand for the evergreen broadleaf forest, deciduous broadleaf forest, evergreen
needleleaf forest, and deciduous needleleaf forest, respectively. Non-V indicates the nonvegetated type. In all statistics, positive (>0)
values were considered for LAI and nonnegative (≥0) values for uncertainty and relative uncertainty.

Biome types Grass/Crop-C Shrub Crop-B Savanna EBF DBF ENF DNF Globe

(a) Mean values

Mean LAI
GEOV2 0.63 0.32 1.07 1.31 4.84 2.10 1.40 1.32 1.16

MODIS 0.64 0.35 0.98 1.41 4.79 2.05 1.45 1.38 1.28

Uncertainty
GEOV2 0.16 0.07 0.29 0.29 0.37 0.51 0.34 0.39 0.22

MODIS 0.12 0.08 0.15 0.23 0.44 0.41 0.43 0.37 0.20

Relative uncertainty (%)
GEOV2 19.1 12.5 26.1 17.0 9.4 22.7 14.2 18.8 16.6

MODIS 18.7 18.8 17.9 13.6 10.6 18.2 22.6 20.3 16.7

(b) Long-term trend (per decade)

Mean LAI (10-2)
GEOV2 5.3 6.4 5.9 11.4 -15.1 13.5 10.2 11.9 4.2

MODIS 3.5 1.8 7.2 5 -0.5 4.8 3.7 3.2 3.4

Uncertainty (10-2)
GEOV2 1.2 1 2.8 4 -4.1 5.3 5.2 5.7 1.6

MODIS 0.5 0.2 1.1 0.5 -0.6 0.6 0.6 0.4 0.4

Relative uncertainty (%)
GEOV2 -0.5 0.2 -0.6 2.2 -1.3 2.7 3.5 4.9 0.3

MODIS -0.1 -0.2 -0.4 -0.1 -0.1 -0.1 -0.1 0.1 -0.1
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Figure 3: Density scatter plots between LAI and the associated uncertainties for (a) GEOV2 and (b) MODIS. Calculated from monthly
averaged pixel data (0.05°).
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3.2.3. Different Biome Types. Figure 6 shows the long-term
variation of LAI, uncertainty, and relative uncertainty for
different biome types. For GEOV2, the LAI and uncertainty
values are nearly stable for grasses and crops from 2003 to
2019, but show a small increase for shrubs and savannas
since 2014. In a similar way, DBF, ENF, and DNF show an
increase in LAI and uncertainty since 2014, but EBF shows
a strange decrease in 2014 and an increase in 2017. The cal-
culated relative uncertainties for GEOV2 decrease for
grasses, crops, and EBF after 2014, but increase for all other
biome types since the year. The sharp variations in LAI,
uncertainty, and relative uncertainty for GEOV2 in 2014

are attributed to the sensor shift in that year and the limita-
tion of the algorithm to adapt to the new sensor. Among the
nonforest types, savanna displays a clear increase in LAI
(0.114/10a), uncertainty (0.040/10a), and relative uncer-
tainty (2.2%/10a) during the period (Table 3(b)).

3.2.4. Different Seasons. Figure 7 shows that the LAI increase
is higher in March-April-May (MAM) and June-July-
August (JJA) than that in September-October-November
(SON) and December-January-February (DJF). For GEOV2,
the uncertainties are higher in summer (JJA) than those in
other seasons, although the relative uncertainties are higher
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Figure 4: Temporal variation of global (a) mean LAI, (b) uncertainty, and (c) relative uncertainty derived from GEOV2 (green) and MODIS
(purple) (0.05°). Trend lines are calculated from the global average values (dots).

7Journal of Remote Sensing



(a) LAI
30°S

60°S

30°N

60°N

0°

180° 120°W 60°W 0°
GEOV2

60°E 120°E 180°

(b) LAI
30°S

60°S

30°N

60°N

0°

(c) Uncertainty
30°S

60°S

30°N

60°N

0°

(d) Uncertainty
30°S

60°S

30°N

60°N

0°

(e) Relative uncertainty
30°S

60°S

30°N

60°N

0°

(f) Relative uncertainty
30°S

60°S

30°N

60°N

0°

180° 120°W 60°W 0°
MODIS

60°E 120°E 180°

180° 120°W 60°W 0° 60°E 120°E 180°180° 120°W 60°W 0° 60°E 120°E 180°
LAI

0.2

0.15

0.1

0.05

0

−0.05

−0.1

−0.2

0.1

0.05

0.025

0

−0.05

−0.1

−0.15

0.15 0.1

0.075

0.05

0.025

0

−0.05

−0.1

−0.15

U
nc

er
ta

in
ty

m2 per m2

per decade

Re
la

tiv
e

un
ce

rt
ai

nt
y
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in MAM and SON than in JJA and DJF (Table 4). The
GEOV2 uncertainties show a slight increase in JJA but a
decrease in DJF. GEOV2 exhibits a sharp decreasing trend
in relative uncertainties in MAM, JJA, and DJF, but an
increasing trend in SON, especially after 2014. The MODIS
LAI and uncertainty profiles show minor increases in all sea-
sons, while the relative uncertainties decrease for all seasons.

3.3. Different Latitude Zones. Figure 8 shows the mean LAI,
uncertainty, and relative uncertainty for different latitudes.
The GEOV2 and MODIS LAI profiles are very similar in
all latitudes with the highest value (4.5) located in the trop-
ical regions and smaller peaks (2.0-2.5) around 20°N.
GEOV2 is lower (~0.57) than MODIS at 20°-30°N
(Figure 8(a)). The highest average LAI values (>2.1) are dis-
tributed in the tropical regions (25°N-25°S) (Table 5).

The LAI uncertainty profiles show a higher plateau
between 20°S and 60°N (Figure 8(c)). Both GEOV2 and
MODIS display two uncertainty peaks at 25°N-25°S and
80°N-50°N, respectively (Table 5). The relative uncertainties
are <25% for both products between 80°N and 60°S
(Table 5). However, the MODIS relative uncertainty demon-
strates a positive bias as compared to that of the GEOV2 at
25°S-60°S (Table 5).

The global LAI exhibits a slight and steady increase in
the northern hemisphere 80°N-25°N (Figure 8(b)). GEOV2
shows a much larger increase in uncertainties than MODIS
for all latitude zones except the northern higher latitude
(80°N-50°N, Table 5). The largest increase in uncertainties
is observed for GEOV2 (0.064/10a) in 50°N-25°N. The rela-
tive uncertainties for both products are relatively stable over
the years. However, GEOV2 displays a small increasing
trend in 80°N-50°N (0.03/10a) (Table 5).

3.4. Altitudinal Patterns. Figure 9 shows the distribution of
mean LAI values, uncertainties, and relative uncertainties
along the altitude. The global mean LAI values are around
1.26 and 1.36 for GEOV2 and MODIS, respectively, at
<1000m and decrease with the increase of altitude by about
0.21-0.23 for every 1000m (Figure 9(a)). GEOV2 and
MODIS show similar LAI profiles, although GEOV2 is
slightly lower than MODIS at all altitudes (Table 6).

For both products, the highest uncertainties are associ-
ated to the low altitudes at <1000m. The uncertainties
decrease gradually with elevation at 0.038/km and
0.033/km for GEOV2 and MODIS, respectively. GEOV2
shows slightly higher uncertainties (~0.03) than that of
MODIS at <1000m, but the MODIS uncertainty is higher
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Figure 7: Variation of global (a) LAI, (b) uncertainty, and (c)
relative uncertainty for different seasons. MAM: March-April-
May; JJA: June-July-August; SON: September-October-November;
DJF: December-January-February.

Table 4: Global average LAI, uncertainty, and relative uncertainty
(first row) and their long-term trend (per decade, italicized row) for
different seasons (2003-2019). MAM: March-April-May; JJA: June-
July-August; SON: September-October-November; DJF:
December-January-February.

Seasons
LAI Uncertainty

Relative
uncertainty (%)

GEOV2 MODIS GEOV2 MODIS GEOV2 MODIS

MAM
1.31 1.43 0.30 0.22 25.5 22.1

0.031 0.044 -0.006 0.007 -4.3 -0.3

JJA
1.92 1.89 0.39 0.32 22.0 20.1

0.023 0.049 0.015 0.004 -1.5 -0.3

SON
1.23 1.42 0.28 0.21 28.0 20.2

-0.082 0.029 0.001 0.004 1.9 -0.1

DJF
1.14 1.47 0.21 0.20 20.9 19.7

-0.047 0.021 -0.015 0.003 -3.0 -0.1
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than that of the GEOV2 at all other altitude zones. Between
1500 and 3000m, both LAI and uncertainties are relatively
stable in the altitudinal zone. The relative uncertainties are

similar (16-17%) for both products at <1000m, but for all
the other latitude zones, the relative uncertainties of MODIS
are about 5% higher than those of the GEOV2.
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Between 2003 and 2019, the mean LAI at all alti-
tudes increase slightly (Figure 9(b), Table 6). For
GEOV2, the LAI increasing trends between 1000m and
4000m (> 0.10/10a) are higher than those below 1000m
(< 0.05/10a). However, for MODIS, the LAI increasing
trends range between 0.025/10a and 0.035/10a for different
zones at <4000m. The GEOV2 uncertainty values also show
small increases during this period, whereas the MODIS uncer-
tainty remains nearly stable (Table 6). The GEOV2 relative
uncertainty at <1000m shows a negligible positive trend
(0.6%/10a) during this period, but the trend is negative at
>1000m. For GEOV2, the relative uncertainties at 3000-
5000m are all above 18% before 2013, but reduced to be
around 16% after 2014 (Figure 9(f)). The MODIS relative
uncertainty at <4000m also shows small decrease, but it
increases above the altitude from 2003 to 2019.

4. Discussion

4.1. Global LAI and the Uncertainty. It is widely acknowledged
that the global LAI has increased over the past two decades [1,
7, 8]. The coupling relationship between uncertainty and LAI
shows that the LAI uncertainties have also increased during
the same period (Table 3). High relative uncertainties are
primarily located in ecologically transition regions. These
regions correspond to areas with large differences in canopy
structure [24, 37]. The higher relative uncertainties in autumn
and spring are related to the higher variations in LAI and
uncertainties during these periods [38]. The different relative
uncertainties between GEOV2 and MODIS at >1000m reveal
the difficulty for LAI and uncertainty estimates in relatively
higher elevations. Future studies should explore areas and
periods with higher relative uncertainties.

Temporal stability of accuracy is one of the most impor-
tant features to be evaluated when a series of maps is pro-
duced over time, and CEOS LPV requires such an
assessment to achieve Stage 2 validation of a product. The
product quality stability analysis provides a diagnostic tool
that would allow product users to identify potential anoma-
lies on analysis of long-term trends and provide insights for
improving satellite products [22, 23]. However, since there is
no specific quality requirement for random errors currently,
this study have referred to the GCOS stability requirement

(10% or 0.25 per decade) as a proxy quality requirement
for random errors. Compared with the requirement, all biome
types from both GEOV2 and MODIS fall below the stability
requirement over the seasons (Figure 5). At the pixel level,
the DBF, ENF, and DNF show relatively low percentage of
pixels that are below the quality requirement (Figure 6). These
three forest types generally show higher relative uncertainties
than EBF (Table 3(a)). The EBF is characterized by high
LAI values and low uncertainties. Nevertheless, the good
performance of EBF may be partly due to the saturation
for high LAI values in the tropical forests (Figure 3).
MODIS has also applied an artificial regularization for
saturated retrievals, and thus, the LaiStdDev may not reflect
the retrieval uncertainty for high LAI values [21, 39].

Appropriate configuration of LAI uncertainties is critical
in dynamic models, as the errors in LAI may propagate into
the final modeling results [40–42]. The LAI uncertainty is
frequently set as an empirical percentage (10%-20%) of the
LAI values [42–44]. Figure 3 shows that on average, the
global uncertainty is about 11% of the LAI value and has
substantial variations. The global relative uncertainty data
(Figure 2) may be employed to set the pixel-specific uncer-
tainties when the LAI products are assimilated into climate
and ecosystem models [45]. The temporal variation of rela-
tive uncertainties could also be considered in future ecosys-
tem and climate models.

4.2. Comparison with Other Studies. Some researchers have
investigated the quality change across different product
releases [16, 21, 46]; however, there is still a knowledge gap
regarding the temporal variation of the LAI product uncer-
tainties. Back in 2011, GCOS proposed an accuracy require-
ment as the maximum of 0.5 or 20% in absolute and relative
terms (noted as GCOS-2011 below) [47]. Figure 10 shows
the percentage of pixels that falls within the GCOS-2011
quality thresholds for uncertainty (0.5) and relative uncer-
tainty (20%). For 88.7% of MODIS pixels, the reported
uncertainties are below the GCOS-2011 requirement,
slightly higher than that of GEOV2 (81.2%). The number
of pixels within the requirement for uncertainty is about
11-16% lower from May to September than that from Octo-
ber to April (Table S1). For different biome types, the
nonforest types clearly show higher percentage (~18%)

Table 5: Global average LAI, uncertainty, and relative uncertainty (first row) and their long-term trend (per decade, italicized row) for
different latitude zones (2003-2019).

Latitude zones
LAI Uncertainty Relative uncertainty (%)

GEOV2 MODIS GEOV2 MODIS GEOV2 MODIS

80°N-50°N
0.70 0.68 0.19 0.15 13.2 11.3

0.083 0.004 0.025 0.039 3.3 0.1

50°N-25°N
0.90 1.00 0.21 0.20 18.9 21.4

0.088 0.008 0.064 -0.001 1.9 -0.2

25°N-25°S
2.08 2.35 0.28 0.27 19.1 18.0

0.003 0.001 0.025 -0.031 -0.4 -0.2

25°S-60°S
0.83 0.94 0.14 0.16 15.9 23.5

0.056 0.003 0.017 -0.006 1.4 -0.1
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than the forest types to fall within the uncertainty threshold
(Table S2). Both GEOV2 and MODIS show similar
percentage of good retrievals to fall with the relative
uncertainty threshold. Seasonally, both products exhibit

lower percentage in spring and autumn and higher in
summer and winter (Table S1). This may be attributed to
the higher relative uncertainties for vegetation LAI during
spring and autumn (Figure 7(c)). There is no clear
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difference between the forest and nonforest biome types, but
EBF shows the highest percentage of good retrievals (>89%,
Table S2).

Results from Figure 10 can be compared with earlier
studies which explored the GEOV1 and MODIS C5 LAI
and uncertainties [24]. GEOV2 (1.16) exhibits a lower

Table 6: Global average LAI, uncertainty, and relative uncertainty (first row) and their long-term trend (per decade, italicized row) for
different altitude zones (2003-2019).

Altitude (m)
LAI Uncertainty Relative uncertainty (%)

GEOV2 MODIS GEOV2 MODIS GEOV2 MODIS

0-1000
1.26 1.36 0.24 0.21 16.7 15.8

0.048 0.034 0.019 0.004 0.6 -0.1

1000-2000
0.84 1.01 0.17 0.18 16.3 20.4

0.108 0.037 0.017 0.005 -0.5 -0.1

2000-3000
0.66 0.85 0.13 0.16 15.3 20.4

0.146 0.033 0.011 0.004 0.1 -0.2

3000-4000
0.49 0.63 0.12 0.14 17.9 22.0

0.119 0.025 0.015 0.004 -1.3 -0.1

4000-5000
0.27 0.40 0.08 0.09 18.8 23.8

0.078 0.012 0.007 0.002 -1.1 0.2

5000-6000
0.10 0.19 0.03 0.05 12.2 20.7

0.061 0.007 0.006 0.004 1.3 1.6
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average LAI than the GEOV1 (1.55), whereas the MODIS
average LAI remains nearly unchanged in different releases
(1.43 vs. 1.28 for C5 and C6, respectively). The GEOV2 aver-
age uncertainty for EBF (0.37) has significantly decreased as
compared to that of the GEOV1 (0.66), which leads to much
higher percentage of pixels that are below the GCOS-2011
quality requirement than the earlier release (Figure 10).
However, the quantitative uncertainties in GEOV1 (LAI_
ERR) were computed using the training dataset, and they
reflect the sensitivity of the product to the input reflectance
values [26]. Due to the different uncertainty definitions
between GEOV1 and GEOV2, the quality improvement for
EBF should be interpreted with caution. For MODIS, the
same uncertainty definitions were applied for both releases.
Compared to MODIS C5, the uncertainties for MODIS C6
have increased from 0.17 to 0.20 and the relative uncer-
tainties from 11.4% to 16.7%. Our earlier studies have shown
that 93.2% of the MODIS C5 retrievals are within the abso-
lute uncertainty (0.5) and 78.5% within the relative uncer-
tainty (20%) requirements, respectively [24]. Compared to
the earlier release, the MODIS retrievals remained stable in
terms of the percentage of good retrievals for uncertainties
(93.9%) and but deteriorated for relative uncertainties
(69.4%, Figure 10).

On a regional scale, both physical and theoretical uncer-
tainties of the current LAI products can vary by >2.0 from year
to year [14]. The large temporal instability of the uncertainties
shows that caution should be taken in studying the long-term
trend of the LAI products, especially at a regional scale [14].

4.3. Limitations of the Study. GEOV2 shows a steady
increase in LAI and uncertainty from 2003 to 2019
(Figure 4). The temporal profile is impaired by the change
of the SPOT/VEGETATION to the PROBA-V in 2014.
The sensor shift has caused mixed effects for different biome
types (Figure 6). For grasses, crops, shrubs, and EBF, the rela-
tive uncertainties have decreased with the new sensor. But for
other biome types, the relative uncertainties have increased
since 2014 (Figure 6). The temporal anomaly reveals an algo-
rithm deficit for cross-sensor performance which may have
led to false increase in LAI and uncertainties. These anomalies
and deficits should be diagnosed and be mitigated during the
reprocessing stage. More studies are required to explain the
differences in different variations to achieve consistent long-
term trend both spatially and temporally. Before this, global
long-term LAI change should be interpreted with caution
because of the uncertainty variations. For MODIS, no clear
seasonal and latitudinal trends are observed for the relative
uncertainties, showing very stable relative uncertainties over
the study period. The continuous observation provided by
MODIS offers a clear advantage in studying the global LAI
and the uncertainty trends. Nevertheless, this advantage could
be dissolved because of the MODIS sensor degradation [48,
49]. Further analysis can be performed with the succeeding
LAI products generated by the Sentinel-3 and VIIRS sensors
for GEOV2 and MODIS, respectively [50, 51].

This study is limited by the different theoretical uncer-
tainties of GEOV2 and MODIS. The GEOV2 uncertainties
are computed as the RMSE between the final 10-day value

and the daily estimates in the compositing period
(Table 2). Essentially, they represent the deviation of the
retrievals within a compositing window. For MODIS, the
uncertainty represents the deviations of the retrievals from
the mean acceptable LAI values in the LUT method. Never-
theless, both GEOV2 and MODIS product uncertainties are
introduced in the product generation process because of
deficiencies in the input data, models, and the retrieval algo-
rithms. They are conceptually similar and are analogous to
the product precision.

This study shows that the uncertainty layers provided in
the products have enabled temporal analysis of the product
quality variations over decades. However, the theoretical
uncertainties exploited in this and other studies [7, 21, 24]
are not equivalent to the product physical uncertainties. The
latter are derived through validation with reference data from
field measurements and high-resolution remote sensing esti-
mates [14, 52]. Such validation studies are critical to evaluate
whether the LAI products can meet the accuracy requirement
as proposed by the application community [11, 14]. The tem-
poral variability was calculated as the temporal change of the
LAI theoretical uncertainties per decade, which is essentially
different from the GCOS definition for product stability [11].
For a more robust study, long-term high-resolution reference
data are required to validate the LAI products, the theoretical
uncertainties, and the long-term stability [14, 52].

5. Conclusion

With the availability of various global satellite products, it is
crucial to understand the product uncertainties and their
variations in order to correctly interpret the products and
the global trends and to target efforts to improve the products.
This study investigated the spatial and temporal variations of
the global LAI and the product uncertainties, capitalizing on
the quality layers provided in global GEOV2 and MODIS
LAI products. The global LAI has increased by 0.042/10a
and 0.034/10a for GEOV2 and MODIS, respectively, from
2003 to 2019. The MODIS uncertainty and relative uncer-
tainty have remained stable over the study period, while
GEOV2 exhibits an increase in uncertainty (0.016/10a) and
relative uncertainty (0.3%/10a), especially during the growing
season (April-October). The temporal instability revealed in
this study would allow users to identify anomalies in products
for future improvement. The uncertainty increase for GEOV2
is partly attributed to the sensor shift in the product series. The
cross-sensor consistency should be improved for the forth-
coming GEOV2 data processing.

Due to the more complex structure, forest biomes tend
to show higher uncertainty and relative uncertainty values
than nonforest biomes. Therefore, future studies should
focus on improving the LAI quality for forest types. Com-
pared to earlier releases, GEOV2 and MODIS did no show
clear improvement in terms of the percentage of good
retrievals for uncertainties and relative uncertainties.

Exploration of the long-term LAI quality information
provides an in-depth evaluation of its quality. As various
space agencies continue to provide product quality quantifi-
cation, the uncertainty estimates have become standard
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elements of satellite products [53]. Current QQIs provided in
the products are as diverse as the product algorithms them-
selves. The differences in product uncertainty definitions have
complicated the comparison of different product quality.
Nonetheless, this study highlights the importance of analyzing
the long-term variations of the different QQIs provided in the
products. Future research effort should focus on areas and
periods with high uncertainties. For global vegetation change
studies using satellite LAI products, much attention should
be focused on LAI uncertainties and relative uncertainties.
Other LAI products, such as the EUMESAT Polar System
(EPS), PROBA-V, and VIIRS, could also be analyzed to
explore their quality variation. Furthermore, similar studies
can be performed for other products, e.g., the fraction of
absorbed photosynthetically active radiation (FAPAR) that
contains the quality indicators.
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