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Abstract: The long-term global Leaf Area Index (LAI) products are critical supports
for characterizing the changes in land surface and its interactions with other
components of the Earth system under the dramatic global change. However,
intercomparisons between current available long-term global LAI products present
significant spatiotemporal inconsistencies which have been a persistent source of
uncertainties in global change ecology. Yet, a direct and systematic evaluation of current
long-term LAI products is still lacking due to the absence of appropriate LAI references,
especially before 2000. Here, we proposed a novel evaluation framework to directly
evaluate the mainstream long-term global LAI products (GIMMS LAI3g, GLASS LAI,
and GLOBMAP LAI) using massive high-quality LAI validation samples. The LAI
validation samples, derived from the Landsat archive using machine learning and
MODIS LALI have a global distribution, a long temporal coverage (1982—2020), and a
large amount of 4.9 million. They substantially address the issue of insufficient LAI
reference data and can enable quantitative LAI assessments. The long-term global LAI
products showed reasonable quality in terms of absolute value, with GIMMS LAI3g
having better performance (R:0.96; MAE: 0.29 m?m~2; RMSE: 0.49 m?m™2),
followed by GLASS LAI (R:0.96; MAE: 0.31 m?m~2%; RMSE: 0.51 m?m~2) and
GLOBMAP LAI (R:0.90; MAE: 0.52 m?*m~?%; RMSE: 0.91 m*m~2). For all LAI
products, the data quality after 2000 was better than before 2000. Their annual
maximum LAI trends presented mediocre consistencies with the LAI validation
samples (R: 0.20—0.29) which showed a significantly larger area of greening. The

evaluation of ten state-of-the-art ecosystem models demonstrated varied capabilities in
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simulating global LAI trends, with the standard deviations ranging from ~0.01 to 0.04
m?m~2a1. Although the Multi-Model Ensemble Mean LAI agreed with satellite-
based LAI products, they differed with vegetation biomes especially for the tropics. The
Landsat LAI validation dataset produced in this study can facilitate the development of
long-term global LAI products and provide a quantitative reference for vegetation
dynamic studies.

KEYWORDS

Vegetation trend; Long-term global LAI products; LAI validation samples; Landsat

archive; TRENDY; Random Forests regressor

1 INTRODUCTION

Leaf Area Index (LAI), defined as one-half the total green leaf area per unit
horizontal ground surface, is a basic ecological variable to characterize the vegetation
states and ecosystem functions (Myneni et al., 2002). Compared to other vegetation
indices, e.g., Normalized Difference Vegetation Index (NDVI) and Enhanced
Vegetation Index (EVI) (Huete, 2012; Liu & Huete, 1995), LAI provides a more
specific description of the plant canopy structure and could better indicate the mass and
energy exchange processes between atmosphere, vegetation, and soil (Fang et al.,2019;
Piao et al, 2013). The global climate observing system (GCOS) and the
Intergovernmental Panel on Climate Change (IPCC) thus used LAI as a critical climate
variable of the biosphere (Eyring et al.,2021; GCOS, 2011).

Long-term global LAI data has been essential to enhancing our understanding of
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the response and feedback of vegetation under climate change and human disturbances
(Piao et al., 2020), from the perspective of greenness (Zhu et al.,2016), phenology (Shen
etal., 2022), and carbon (Forkel et al., 2016; Piao et al., 2018), water (Yuan et al., 2019),
and nutrition cycling (Liang et al., 2020). A major finding based on different long-term
global LAI products was a continuous greening trend of global vegetation since the
1980s. The main driver was CO- fertilization globally but also varied with the region
(Piao et al., 2020; Zhu et al., 2016). The long-term global LAI products are also critical
inputs for Earth system models and other theoretical models. These models revealed
that terrestrial vegetation could significantly mitigate global warming through
biogeochemical (absorption of atmospheric CO») and biogeophysical processes (e.g.,
transpiration cooling) (Zeng et al., 2017).

However, there are also widespread inconsistencies between the LAI products at
both regional and global scales regarding the magnitude of vegetation trends and
interannual changes in anomalies, which have raised common concerns on the current
interpretation of terrestrial ecosystem changes (Jiang et al., 2017). As spatiotemporally
consistent LAI values can be only derived from remote sensing data, the primary
sources of the inconsistencies are the choice of remote sensing data and the LAI
inversion methods (Fang et al.,2019). Before the late 1990s, the Advanced Very High
Resolution Radiometer (AVHRR) onboard the National Oceanic and Atmospheric
Administration (NOAA) was the only data source to derive global LAI data, but it
underwent the effects of NOAA satellite orbital drift and AVHRR sensor degradation

(Mao et al., 2012, Jiang et al., 2017). After 2000, advanced satellite sensors became
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increasingly available and LAI products such as the Moderate Resolution Imaging
Spectroradiometer (MODIS) LAI presented validated accuracies (Myneni et al., 2002;
Justice et al., 2002). Current long-term global LAI products utilized the overlapped
period between AVHRR and MODIS to establish LAI models and applied the model to
pre-2000 AVHRR data (Claverie et al., 2016; Pinzon and Tucher, 2014). They differ in
the AVHRR input (raw reflectance or NDVI), LAI reference (field measurements,
MODIS LAI or its variants), and LAI model (neural networks).

Recent advances in global change research appeal to addressing the inconsistencies
between long-term global LAI products. This can hardly be achieved by
intercomparison analysis between LAI products as it only provides relative differences
(Fang & Liang, 2005; Fang et al., 2013; Garrigues et al., 2008; Gessner et al., 2013;
Jiang et al., 2017; Xu et al., 2018); rather, a direct validation that quantifies the absolute
accuracies is preferred. The direct validation however requires high-quality LAI
references either from field measurements or satellite products (Baret et al., 2006;
Buermann et al., 2001). To date, the field LAI measurements are limited to small areas
or short periods. They also suffer from a spatial mismatch with satellite image pixels
(Fang et al.,2012). Satellite-derived LAI products of high reliability such as MODIS
LAI can provide globe-wide sample reference, but they became available only after the
year 2000 (Fan et al., 2014). A huge gap exists between the demand for direct LAI
validation and sufficient high-quality LAI sample reference.

In this context, this study aims to provide a systematic assessment of current long-

term global LAI products using a high-quality LAI validation dataset with massive
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samples, a long-time span, and global coverage. The creation of the validation dataset
(1984-2020) takes advantage of the Landsat archive available since the 1970s and
employs the MODIS LAI product and a machine learning method. We evaluate the
quality of the validation dataset via field LAI measurements. Then, three mainstream
long-term global LAI products of old and new versions, namely, the third generation
Global Inventory Modeling and Mapping Studies LAI (GIMMS LAI3g) (Zhu et al.,
2013), the Global Land Surface Satellite (GLASS) LAI (Xiao et al., 2016), and the
Long-term Global Mapping (GLOBMAP) LAI (Liu et al., 2012) are compared to the
validation dataset. Absolute accuracies are presented. We also evaluate the annual
vegetation trends and anomalies in the LAI products and ecosystem models for different
vegetation biomes and periods.
2 MATERIALS AND METHODS
2.1 Data
2.1.1 Landsat surface reflectance

The Landsat surface reflectance was acquired from the Google Earth Engine (GEE)
(Kang et al., 2021). We employed six spectral bands (blue, green, red, Near Infrared
[NIR], Short-wave infrared 1 [SWIR 1], and SWIR 2) with a 30 m resolution in UTM
projections from Landsat 8 Operational Land Imager (OLI), Landsat 7 Enhanced
Thematic Mapper Plus (ETM+), Landsat 4-5 Thematic Mapper (TM), and Landsat 1—
5 Multispectral Scanner (MSS) products. All product has been geometrically corrected
and radiometrically calibrated (Li et al., 2018). Each Landsat scene provides

information on its geographic spatial location (latitude and longitude) and solar zenith
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and azimuth at the time of acquisition. Most clouds and shadows have been labeled
using the Fmask algorithm (Zhu & Woodcock, 2012). We used the atmospheric opacity
(AOP) index to identify remaining thin clouds mainly in tropical regions and retained
scenes with AOP < 0.1 (clear sky).
2.1.2 MODIS LAI

The MODIS LAI product (MCD15A2H, Collection 6), acquired from Atmosphere
Archive & Distribution System (LAADS) Distributed Active Archive Center (DAAC)
(https://ladsweb.modaps.eosdis.nasa.gov/search/), was generated every 8 days in 500
m spatial resolution (Huang et al.,2008). The MODIS LAI (C6) represented the new
version (nv) that spanned from 2000 to the present. The main algorithm of the MODIS
LAI applied biome-specific Look-up-Tables (LUTs) based on a three-dimension
radiative transfer model and the back-up algorithm that used empirical relationships
between NDVI and LAI (Knyazikhin et al., 1998; Myneni et al., 2002). Compared to
the old version (ov) of MODIS LAI (C5), MCD15A2H incorporated data from Terra
and Aqua satellites and used the latest MODIS land cover product. It provided a quality
control (QC) layer and saturation information. We applied the Savitzky—Golay (SG)
filter on the MODIS LAI time series (Yuan et al.,2011).
2.1.3 Long-term global LAI products of old and new versions

The third generation Global Inventory Modeling and Mapping Studies LAI
(GIMMS LAI3g), acquired from
https://drive.google.com/drive/folders/0BwL88nwumpqYaFJmR2poS0d1ZDQ?resour

cekey=0-9IRE9s-0tFGfwB5qTpLjZw&usp=sharing/, was generated every 15 days at
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1/12° spatial resolution (Zhu et al., 2013). The algorithm of GIMMS LAI3g used the
feed-forward neural network model to relate GIMMS NDVI3g with MODIS LAI of
Beijing Normal University (BNU) version between 2001 and 2009. One neural network
model was generated from each month. The main difference between the new (v4) and
old (v2) versions of GIMMS LAI3g is that the new version employed the latest GIMMS
NDVI3g data.

The Long-term Global Mapping (GLOBMAP) LAIL acquired from
https://zenodo.org/record/4700264/, provided consistent long-term global LAI values
(1981-2020) at 8 km resolution. The GLOBMAP LAI was a combination of AVHRR
LAI (1981-2000) (Tucker et al., 2005) and MODIS LAI (2001-2020). The MODIS
LAI was derived from MODIS land surface reflectance data (MODO09A1). Pixel-wise
relationships were established between MODIS LAI and AVHRR NDVI in the
overlapping periods (2000—2006) and were then applied back to AVHRR NDVI to
generate LAI between 1981 and 2020 (Deng et al., 2006; Liu et al., 2012). The
improvement of the new version (v3) over the old (v2) version of GLOBMAP LAI
includes the use of updated MODO09A1 (C6), a new cloud detection algorithm for
MODO09A1, and a new clumping index map for calculating MODIS LAI (Chen et al.,
2020).

The Global Land Surface Satellite (GLASS) LAI acquired from http://www.bnu-
datacenter.com/, was generated every 8 days in 1 km spatial resolution from 1981 to
2020. The product was based on the general regression artificial neural network, which

built relationships between MODO09A1 and LAI reference data. The LAI reference was



175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

This is a non-peer reviewed EarthArXiv preprint (September 11, 2023)

created by fusing Terra/MODIS LAI (MOD15) with clump-corrected CYCLOPES LAI
over Benchmark Land Multisite Analysis and Intercomparison of Products
(BELMANIP) sites (Xiao et al., 2014). All the global LAI products were resampled to
have a temporal resolution of half-month and a spatial resolution of 8 km. The main
difference between the new (v4) and old (v2) versions of GLASS LAI products is that
the new version used the latest version of AVHRR surface reflectance.
2.1.4 LAI from TRENDY Process-based Ecosystem Models

This study used ten sets of global monthly LAI data simulated by the TRENDY
Process-based Ecosystem Models (https://globalcarbonbudgetdata.org/) at 0.5° spatial
resolution for 1984-2016 (Wong et al.,1979). These models take into account the
effects of temperature, soil moisture, atmospheric CO> concentration, climate change,
nitrogen deposition, and land cover changes. They have been widely used in the study
of the carbon cycle process of the global terrestrial ecosystem (Sitch et al., 2003). The
TRENDY Process-based Ecosystem Models include simulations of multiple scenarios.
This study used the scenario when the models were driven by all factors of atmospheric
CO; concentration, climate, and land use.
2.1.5 Field LAI measurements

The field LAI measurements consist of the LAI datasets at BELMANIP network
sites (Baret et al., 2006) and from the Oak Ridge National Laboratory (ORNL) (Breda
et al., 2003), available at http://calvalportal.ceos.org/web/olive/site-description and
http://www.ornl.gov, respectively. The BELMANIP network was a good representation

of global land cover types (Baret et al., 2006). Its latest version completed the spatial
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distribution of sites according to the GLC2000 land cover classification and added 25
sites in bare soil areas and tropical forests. The ground LAI measurements by ORNL
covered a long period from 1932 to 2000. A total of 190 valid field LAI measurements
from 1982-2020 were involved in this study.
2.1.6 MODIS Land Cover product

The MODIS Land Cover product (MCD12Q1, Collection 6), acquired from
https://Ipdaac.usgs.gov/products/mcd12q1v006/, was generated based on the fusion of
Terra and Aqua observations from 2001 to 2019 with a spatial resolution of 500 m
(Friedl et al., 2010). The product includes five traditional classification systems. This
study selected the third classification scheme of MODIS-derived LAI which divides the
global vegetation biome into eight types, including Grassland (GRA), shrubland (SHR),
Cropland (CRO), Savannas (SAV), Evergreen Broadleaf Forest (ENF), Deciduous
Broadleaf Forest (DBF), Evergreen Needleleaf Forest (ENF), and Deciduous
Needleleaf Forest (DNF). This study further used GLO in data analysis to represent the
global vegetation biome (the ensemble of eight vegetation types).
2.2 Generating global LAI validation dataset

We selected massive training sample pairs from Landsat reflectance and MODIS
LAI for different vegetation biome types. These sample pairs were then rigorously
refined based on a series of criteria (Figure 1). The remaining ones were used to build
biome-specific machine learning models that related Landsat surface reflectance to
MODIS LAI (Zhou et al., 2018; Kang et al., 2021). The models were finally applied to

the Landsat data to generate the LAI validation dataset so that long-term global LAI

10
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products from 1982 to 2010s can be evaluated.
2.2.1 Initializing training sample pairs

Based on the LAI classification scheme in the MODIS Land Cover product, we
identified locations (in 500 m resolution) whose vegetation biome type remains
unchanged for 19 consecutive years (2001-2019). A systematic random sampling
method was applied at the locations to select seventy thousand (70,000) samples for
DNF and one hundred thousand (100,000) samples for other vegetation biome types.
We used GEE to extract MODIS LAI (in 500 m resolution) and Landsat surface
reflectance (20 x 20 pixels in 30 m resolution) at the sample locations, each creating
one sample pair. Based on quality information in MODIS LAI and Landsat surface
reflectance datasets, the sample pair was considered valid if (1) the MODIS LAI value
was derived from the main algorithm (rather than the back-up algorithm), (2) no sensor
degradation and no clouds/cloud shadows were present in the MODIS pixel, and (3)
more 90% Landsat pixels (360) have a good quality with QC=0 and AOP smaller than

0.1.

11
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FIGURE 1 Workflow of the methodology. (a) The generation of massive high-quality
LALI validation samples. (b) Accuracy validation for current LAI products of different
versions. The sample pair screening process includes quality control, outlier removal,
and saturation misclassification removal. SR means surface reflectance.
2.2.2 Sample pair screening

For each sample pair, Landsat surface reflectance of six bands (blue, green, red,
NIR, SWIR1, and SWIR2) were aggregated as mean (p) and standard deviation (o) for
good-quality pixels. The coefficient of variation (CV) was calculated as the ratio of p
and o. Sample pairs were considered homogeneous if their average CV across six bands
was lower than (.15 to ensure the purity of the samples (Kang et al., 2021). NDVI was
then calculated. The homogeneous sample pairs were screened to exclude those NDVI
values less than 0 or greater than 1. We also removed the sample pairs whose NDVI fell
outside of the normal range for different MODIS LAI values (Kang et al., 2016). For
this purpose, LAI values in all sample pairs were binned into 0.2 m?m™~2 intervals.

Within each bin, NDVI fell outside of the 1.5 interquartile range (IQR) were identified
12
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and the corresponding sample pairs were removed. Note that we used NDVI rather than
individual bands (e.g., red and NIR) because of its stronger relationship with LAI (Kang
et al., 2021). EVI1, EVI2, and Normalized Difference Water Index (NDWI) were also
calculated based on Landsat surface reflectance.

In the pre-experiments, we found that the saturation state (saturated or not) of the
MODIS LAI would significantly impact the model accuracy in LAI inversion. This
impact has seldom been reported in previous studies (Kang et al., 2021). To account for
this impact, we introduced a saturation indicator as an explanatory variable in the LAI
inversion model (see the following section). The saturation indicator can be retrieved
from the MODIS LAI product. In the MODIS algorithm, an LAI pixel was classified
as "saturated" if the surface reflectance fell within a predefined saturation threshold
(Knyazikhin et al., 1998). However, this threshold-based classification would fail as
unsaturated pixels with lower LAI values frequently presented similar surface
reflectance as the saturated ones with higher LAI values. Misclassification of the
saturation state could lead to overestimation of unsaturated LAI and underestimation of
saturated LAI in LAI inversion.

This study removed the sample pairs whose LAI saturation states were possibly
misclassified. First, we reclassified the saturation state of the MODIS LAI in sample
pairs via the Random Forest classifier. The classification adopted a ten-fold cross-
validation strategy for each vegetation biome and Landsat sensor (TM, ETM+, and
OLI), where nine splits were used for training to determine the saturation state of the

remaining one split. The target variable was MODIS LAI, and the explanatory variables

13
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included the Landsat surface reflectance, vegetation indices (NDVI, EVI1, EVI2, and
NDWI), and solar illumination angles. Then, for each sample pair, the reclassified
saturation state was compared to that from MODIS LAI. The sample pair was removed
if the saturation states were conflicted.

2.2.3 Enhancing the Random Forest model

Given the differences in the radiative transfer process between biomes and the
discrepancies in spectral response between Landsat sensors, we built individual
Random Forest regression models for each vegetation biome and Landsat sensor (TM,
ETM+, and OLI). The explanatory variables included Landsat surface reflectance (blue,
green, red, NIR, SWIR1, and SWIR2), NDVI, NDWI, EVI1, EVI2 (Gao, 1996),
geographic coordinates (longitude and latitude) of the sample center, and solar zenith
and azimuth angles at the scene center. The vegetation indices were included because
they could explain the variations of LAI from different aspects (You et al., 2017).
Geographic coordinates account for the spatial variation in LAI. The solar illumination
geometry can reduce the Bidirectional Reflectance Distribution Function (BRDF) effect
on LAI retrieval.

To avoid the issue of over-fitting, we determined the model hyperparameters (e.g.,
number of trees, minimum leaf population, and number of variables per split) by five-
fold cross-validation. In the end, each regression model included 100 trees and 5
minimum leaves. The model performance was also evaluated by a five-fold cross-
validation strategy, with 80% data as training data and the remaining as test data. We
used R-Square (R?), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),

14
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normalized RMSE (nRMSE), and bias as the error metrics. Normalized RMSE was
computed as the ratio of RMSE and the mean reference MODIS LAI Bias was the
mean difference between prediction and reference LAI

2.2.4 LAI prediction from Landsat data during 1982—-2020

The established Random Forests regression models were applied to Landsat data
from 1982 to 2020 to generate the final LAI validation dataset. First, locations where
LAI would be predicted were determined. We produced a global land cover map with
a spatial resolution of 1/12°, whose pixel type was set as the most frequent vegetation
biome based on MODIS Land Cover products between 2001 and 2019. A total of 40
thousand sample grids (1/12°) were randomly selected from the land cover map. Within
each sample grid, nine (3 x 3) locations were evenly placed. This step produced 40
thousand x 9 sample locations.

Second, Landsat data at the sample locations were extracted and refined through a
series of criteria similar to those in Section 2.2.1 and 2.2.2. We extracted 20 x 20
Landsat pixels (30 m resolution) around each location from all available Landsat
records. The sample location with Landsat data of a certain date was considered valid
if (1) more 90% of Landsat pixels (360) have a good quality with QC=0 and AOP
smaller than 0.1; (2) the average CV across six spectral bands was lower than 0.15; and
(3) the average NDVI was between 0 and 1. For each valid sample location, we
calculated its average Landsat surface reflectance, geographic coordinates, VIs, and
solar zenith and the azimuth of a specific date. All valid sample locations with Landsat
data formed the predicting samples.

15
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Third, the LAI values of predicting samples were estimated. The estimation was
based on the established Random Forests regression model for each vegetation biome
and each Landsat sensor. A 1/12° grid was considered valid if more than 5 of 9 sample
locations were valid. The predicted LAI values within each 1/12° grid were averaged.
The final Landsat LAI validation dataset included all 1/12° sample grids with their LAI
values.

Accuracies of the Landsat LAI validation dataset were assessed by field LAI
measurements. We derived LAI values at the geographic locations of the BELMANIP
and ORNL sites based on Landsat data and established Random Forests models. The
derived LAI data were then compared to field-measured LAI.

2.3 Trend analysis for long-term global LAI products
2.3.1 Time-series analysis

We used an Ensemble Empirical Mode Decomposition (EEMD) method along with
the classical linear model method to detect trends in the long-term global LAI products.
The EEMD method decomposes the time series into a set of oscillatory components at
different frequency levels while overcomes the scale mixing problem (Huang et al.,
1998). We used EEMD to decompose the long-term LAI products into four components,
and MODIS LAI products into three components depending on the length of the time
series. The last two components were summed to generate adaptive trends. Annual
anomalies were obtained by subtracting adaptive trends from the original time series.
We calculated the standard deviation of each detrended anomaly as a quantitative metric
of the interannual variability.

16
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2.3.2 Annual maximum LAI analysis

We developed annual estimates of maximum summer LAI from 1984 to 2016
(LAImax) by 320,000 sampling sites in the global scope using Landsat surface
reflectance (Landsat Collection 1; 30 m resolution). The number of sampling sites for
each vegetation type was proportional to the global area of the vegetation type. We first
buffered each site by 50 m (radius) and then used GEE to extract all Landsat 5, 7, and
8 surface reflectance acquired from June to August for the Northern Hemisphere,
December to February for the Southern Hemisphere, and annually for the tropics,
during 1984-2016.

The annual LAInax could be sensitive to multiple factors including the radiometric
difference between Landsat sensors and the availability and timing of Landsat
observations. This study used the phenological curve reconstruction method to estimate
annual LAlnax from clear-sky Landsat images (Berner et al., 2020). The method
modeled seasonal land surface phenology at each site for every 17 years between 1984
to 2016 and then predicted annual LAlInax using individual summer observations and
the phenology information during the corresponding period. As such, annual LATImax
can be reliably estimated even if few clear-sky summer measurements were available.
3 RESULTS
3.1 The Landsat LAI validation dataset

For LAI model training, approximately 19.32 million sample pairs were acquired
after the screening process. The SHR had the largest sample size (nearly 6,960,000) and

ENF had the smallest sample size (654,800) (Table S1). These sample sizes were
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considered sufficient for all biomes (Figure S1). Based on the training sample pairs,
biome-specific and Landsat sensor-specific Random Forest regression models were
built with R? of all models > 0.85 (Table S2). The LAI models were assessed by
generating Landsat LAI at the field site locations. We finally acquired 38 Landsat LAI
values that temporally coincided with the field measurements. The comparison
produced a R? of 0.76 and the scatterplot was around the 1:1 line, which demonstrated

the effectiveness of the Landsat LAI inversion algorithm (Figure 2).

30°S |

120°W 60°W 0* B0°E 120°E 180°
?’ . - v =
—~ (b) et
tl\‘ 6 n =38 g
E | RrR%?=076 e
E 5 MAE=045
pre RMSE =0.66 ,,'
-1 F
el 4 -
fC) o
@ ’
. . ¢ GRA|
% 3 — e s SHR
@ go # CRO
B 2 5 7 = e SVA
_g -,c = . * EBF
Z i DBF
& Ap e o ENF|
,/!" * DNF
O " " i n i
0 1 2 3 4 5 6 7

The filed measured LAl (n?m~2)
FIGURE 2 The comparison of field LAl measurements and Landsat estimated LAI. (a)
is the spatial distribution of temporally coincided field sites and (b) is the scatterplot
between field measurements and Landsat estimated LAI.

For Landsat LAI prediction, a total of 68,542,200 predicting samples were obtained
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after the screening process with GRA having the largest sample size (27,370,300) and
DBF having the smallest (2,059,400) (Table S3). LAI of all predicting samples was
estimated from Landsat data (20 % 20 pixels in 30 m resolution) and then aggregated to
the spatial resolution of 1/12°. The final sample size of the Landsat LAI validation
dataset was about 4.9 million (1984—2020). We used a temporal subset (1984—2016)
for the validation work, with a sample size of 3.6 million (Figure 3). Details on the
training sample pairs, training model accuracies, and the predicting sample pairs can be

found in Supplementary materials.

Number of samples
L
H

FIGURE 3 Spatial distribution of the predicting sample size in 1/12°.
3.2 Systematic evaluation of global LAI products in old and new versions
3.2.1 Intercomparison of LAI trends among the products
(a) Trends in terms of versions and periods
During 1982—2014, the average LAI in the new version of GLOBMAP LAI

increased steadily, reaching 1.55% 1073 m?m~2a~1

, while that of the old version
decreased by 2.69% 1073 m?m~2 per year (Table 1; Figure 4). The average LAI in old
and new versions of GIMMS LAI3g and GLASS LAI showed substantial increasing
trends. The average LAI trend of GIMMS LAI3g presented a minor difference between
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old and new versions (4.61X 1073 m?m~2a"! vs 3.2x 1073 m?m~2a1). The average
LAI trends of old (11.42x 1073 m?m~2a™1) and new (438X 1073 m?m~2a™1)
versions of GLASS LAI were larger than others.

The LAI trends differed significantly between the periods of 1982—1999 (Phase I)
and 2000—2014 (Phase II) ( Table 1; Figure 4). The growth rate in Phase I was generally
larger than Phase I, except for the new version of GLOBMAP LAI. Both versions of
GIMMS LAI3g showed rapidly increasing trends in Phase I (ov: 8.22 X
1073 m?m~2a %, nv: 8.24x 1073 m?m~2a™1), but slowed down after 2000. The new
version of GLASS LAI showed a continued increasing trend in Phase I
(6.49% 1073 m?m~2a"1) and a decreasing trend in Phase II (-1.59% 1073 m?m~2a™1);
while its old version was continuously rising, but with a significant decreased rate from
(Phase I) to (Phase II). From Phase I to Phase I, GLOBMAP LAI showed a rapid
decline for the old version (2.78% 1073 m?m~2a 1 t0 -8.1x 1073 m?m~2a~1) and an
increase for the new version. The mean LAI of the old and new versions of MODIS
LAI showed opposite trends, with a small decrease for the old version and a significant
increase for the new version. Since both GLASS LAI and GLOBMAP LAI were based
on MODIS data in Phase II, the version update of MODIS data had profound but
different impacts on GLASS LAI and GLOBMAP LAI products due to their distinct
algorithms.

TABLE 1 The trend of growing season mean LAI (1073 m?m~2a™1) in periods of

1982—-1999 (Phase I) and 2000—2014 (Phase II).

1982—-2014 20002014 1982-1999

20



411

412

414

415

416

417

418

419

This is a non-peer reviewed EarthArXiv preprint (September 11, 2023)

GIM (ov)
GIM (nv)
GLA (ov)
GLA (nv)
GLO (ov)
GLO (nv)
MOD (ov)

MOD (nv)

4.61**

3.2%*

11.42%%*

4.38%#*

—2.69%*

1.55%

\

\

6.57**

2.61*

1.93

—-1.59

_81**

5.76%*

—-0.85

13.96**

8.24

8.22%*

11.19*

6.49*

2.78%*

2.93*

\

\

ov: old version. nv: new version. GIM represents GIMMS. GLA represents GLASS. GLO

represents GLOBMAP. MOD represents MODIS. *: sig<0.05, **: sig<0.01. Below is the same.

- g
w0 =]

@
T

Growing season mean LA/ (ml/mz)
o ~
—

n
T

(a) GIMMS LAl

——GIMMS(ov} ——GIMMS(nv)
L L ha L L

(b) GLOBMAP LA|

GLOBMAP({ov) —— GLOBMAP(nv)
L P L L

(c) GLASS LAI

N wm
B e

Growing season mean LAl (mzlmz)
=2

o
T

=

——GLASS(ov) —=—GLASS(m) | |
. i i i

(d) MODIS LAI

MODIS(ov) ——MODIS(nv) |

L L
1084 1988

I L L
1882 1986 2000 2004 2008 2012

Year

1984 1988

1982 1996 2000 2004 2008 2012
Year

FIGURE 4 Annual variations of the growing season mean LAI for global LAI products.

(b) Adaptive trends, detrended anomalies, and interannual variabilities

Figure 5a shows the LAI adaptive trends within each decade. During 1982—1991,

the new version of GLOBMAP LAI and old versions of GIMMS LAI3g and GLASS

LAI showed decreasing and then increasing trends; the old version of GLOBMAP LAI

and new version of GIMMS LAI3g showed significant increasing trends; and the new
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version of GLASS LAI showed a steady trend. During 1992—-2001, all products showed
increasing and decreasing trends except for the old version of GLOBMAP LAI which
showed a continuous decrease. During 2002—2014, the new version of GLOBMAP LAI
and both versions of GIMMS LAI3g had a decreased and then increased trend; the old
version of GLASS LAI showed an increased and decreased trend; and the new version
of GLASS LAI and the old version of GLOBMAP LAI showed a continuous decreasing
trend. All products showed large anomalies in the pre-MODIS period with different
magnitudes (Figure 5b). GLOBMAP LAI and GLASS LAI inherited the anomalies

from MODIS LAI in the post-MODIS period.

n
=

=}

&

=3
o

0.1

0.05

=]
T

Growing season mean LA| (mzlmz)

3 GIMMS(ov) —— GLOBMAP{ov) — GLASS(ov) MODIS{ov)

1 015+ GIMMS({ov) — GLOBMAP(ov) —L GLASS(ov) —— MODIS{ov)
b ——GIMMS(nv) — GLOBMAP(nv) — GLASS(nv) —— MODIS{nv)

——GIMMS({nv) —— GLOBMAP(nv) —:-GLASS(nv) ——MGDIS{nv)

I L I
1984 1988 1992 1996 2000 2004 2008 2012 i 1984 1988 1982 1986 2000 2004 2008 2012
Year Year

FIGURE 5 Global mean LAI, adaptive trends detected by the EEMD method, and
detrended anomalies (m?m~2a~!) for old and new versions of LAI products.
Anomalies (solid curves in b) were subtracted from adaptive trends (dashed curves in
a) from global mean LAI values (solid curves in a).

During 1982-2014, new versions of long-term LAI products presented similar
interannual variability (2.08-2.46 x 1072 m?m™2 ) (Table 2). The interannual
variability of old versions followed the descending order of GLASS LAI, GIMMS
LAI3g, and GLOBMAP LAI. The interannual variability in the period 1982—1999 or

from the old version was larger than that in the period 2000—2014 or from the new
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version. The largest interannual variability was from the old version of GLASS LAI
during 1982-1999 (8.37 X 1072 m?m~2) and the smallest was from MODIS LAI
during 20002014 (0.99-1.06x 10~%2 m?*m~?)

TABLE 2 Interannual variability of four global LAI products (10™2m?m~2a™1).

GIM GIM GLO GLO GLA GLA MOD MOD

(ov) () (ov) (nv) (ov) (nv) (ov) (nv)

1982-2014  4.89 2.46 1.68 2.08 6.63 241 \ \

1982-1999  6.18 3.15 1.81 243 8.37 2.72 \ \

20002014 2.75 1.36 1.55 1.57 3.87 2.02 1.06 0.99

(c) Spatial patterns

For old versions, the greening area dominated the landscape during 1982—-2014 for
GLASS LAI (69%) and GIMMS LAI3g (52%) (Figure 6). GLOBMAP LAI had the
highest browning area of about 41%, mainly in Australia, India, and the eastern coastal
region of China. Before 2000, all of GLOBMAP LAI, GLASS LAI, and GIMMS
LAI3g showed significant greening areas. The proportions of the greening area in
GLASS LAI (44%) and GIMMS LAI3g (43%) were close, both larger than that of
GLOBMAP LAI After 2000, GLOBMAP LAI showed a vast area of significant
browning (36%), except for Australia, India, and the eastern coastal region of China. In
GLASS LAI 14% area appeared browning and 15% of the terrestrial area in the
northern high latitudes, southern South America, South Africa, and western Australia
were significantly greening. The GIMMS LAI3g showed continuous significant global
greening in about 31% of the global area, mainly in the eastern Amazon, Congo Basin,

and Eurasia. The browning area was in north-central Russia, the middle eastern Amazon,
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and the Congo region.

For new versions, all long-term LAI products showed significant global greening
over a majority of the vegetated area and the browning area took only 7-15% during
1982—-2014 (Figure 7). GLOBMAP LAI had the largest browning area, mainly in Asia,
Europe, north-central North America, and southern South America. During 1982-1999,
only 19%—3% of the area was significantly browning for all long-term LAI products and
GIMMS LAI3g had the largest area of significant greening (59%). After 2000, the
browning area of the long-term LAI products increased, with the largest area in GLASS
LAI (21%). The significant greening area in MODIS LAI was about 58%, mainly in
the Amazon, Congo Basin, and eastern part of Eurasia.

The trends were compared between versions (Figure 8). During 19822014, the
new version of GLOBMAP LAI had a higher greening trend than the old version for
88% of the area concentrated in the tropics. For GIMMS LAI3g, the old version had a
higher trend for 65% of the area mainly in Asia, Europe, and South America but the
mean differences between versions were small (£ 0.005 m?m~2a™1). In GLASS LAI,
the new version had a higher LAI trend in about 62% of the area, mainly in the central
and eastern regions of Asia and Europe, the tropics, and the central-eastern part of North
America. During 1982—1999, the differences in the trend were more obvious for
GLASS LA, especially in the high northern latitudes and tropics. The spatial pattern
of trend differences between versions for 2000—2014 was significantly different from
1982-1999. For GIMMS LAI3g and GLASS LALI, their new versions had smaller LAI

growth rates at 68% and 57% of the global area, respectively. The new version of
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479  GLOBMAP LAI had a larger growth rate for about 91% of the global area, which were

480  similar to MODIS LAI (97%).

(a)

GIMMS(ov) from 1982 to 1999  [43%56% 1%)]

K.

\‘_‘,{

S

GLASS(ov) from 1982 t0 2014 [69%25% 6%] GLASS(ov) from 1982 to 1999  [44%55% 1%)] GLASS(ov) from 2000 t0 2014 [15%70% 14%)]

The trend of growing season mean LAl (mzm_zdecade_1)

<-0.15 -0.10 -0.05 0 005  0.10 =0.15

MODIS(ov) from 2000 to 2014  [13%72% 14%]|

482  FIGURE 6 The spatial pattern of LAI trends for the old version of global LAI products

483  in the growing season. The black point represents the p<0.05.
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GIMMS(nv) from 1982 to 2014 [52%62% 7%] GIMMS(nv) from 1982 to 1999 [59%41% 1%)] GIMMS(nv) from 2000 to 2014 [26%41% 10%]

GLASS(nv) from 1982 t0 2014 [63%29% 8%] GLASS(nv) from 1982 to 1999  [36%61%3%] GLASS(nv) from 2000 to 2014 [16%62% 21%]

The trend of growing season mean LAl (m’m 2decade™)
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485  FIGURE 7 The spatial pattern of global LAI trends for the new version of global LAI

486  products in the growing season. The black point represents the p<0.05.
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LAI products. Numbers in square brackets mean the proportional area that the LAI
product in the new version showed a faster (first number) or slower (second number)
growth rate than the old version.
3.2.2 Direct evaluation using the Landsat LAI validation dataset

(a) Overall accuracies

The comparison results between the Landsat LAI validation dataset and the new

version of long-term global LAI products showed a higher correlation for GIMMS
LAI3g (R=0.96—0.97) and GLASS LAI (R=0.95-0.96) than GLOBMAP LAI
(R=0.88—0.90) (Figure 9). The MAE and RMSE of GIMMS LAI3g (MAE=0.27-0.29
m?m~2, RMSE=0.47-0.49m?m™?) were also slightly lower than those of GLASS LAI
(MAE=0.31-0.32 m?*m~2 , RMSE=0.51-0.55 m?m~2 ) and GLOBMAP LAI
(MAE=0.52—-0.54 m?*m~2%, RMSE=0.91-0.98 m?m™~2). For the old versions, GLASS
LAI (R=0.95-0.97) had a higher correlation than GIMMS LAI3g (R=0.95) and
GLOBMAP LAI (R=0.89-0.90). The MAE and RMSE of the old version of GIMMS
LAI3g (MAE=0.33-0.35 m?m~2, RMSE=0.58—0.59 m?m~2) were significantly
larger than others. The deviation of GLOBMAP LAI before 2000 was larger in the new
version. In summary, the data quality from high to low followed the order of GIMMS
LAI3g, GLASS LAI, and GLOBMAP LAI

(b) In terms of vegetation biome type

From the perspective of vegetation biome type, the data quality of SHR was higher
than other vegetation types. GLOBMAP LAI improved the data quality of SHR in the

new version, with R of above 0.68 and MAE and RMSE of less than 0.27 m?m™2. For
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GRA with the largest amount of validation samples, GIMMS LAI3g and GLASS LAI
showed better quality (R=0.79—0.86; MAE=0.13-0.20 m?*m~2; RMSE=0.19—0.32
m?m~2) than GLOBMAP LAI whose MAE and RMSE were twice as high as others.
EBF presented the lowest LAI quality for all products mainly due to its distribution in
the tropics where remote sensing data suffered from frequent cloudiness. As for the
quality of EBF, the new version of GLASS LAI (R=0.37-0.48) had a higher correlation
with the LAI validation dataset than GIMMS LAI3g (R=0.25-0.27) and GLOBMAP
LAI (R=0.23—0.25); yet the new version of GIMMS LAI3g had lower MAE (0.58—0.60
m?m~2) and RMSE (0.76—0.80 m?m™2).

(¢) In terms of periods

To explore the data quality differences between 1984—1999 (p2) and 2000—2014
(p3) for the GIMMS LAI3g, GLOBMAP LAI and GLASS LAI products, we used the
correlation analysis method to quantify the consistency based on the validation
accuracies during 1984—1999 and that during 2000—2014. The mean correlation
coefficient for the consistency of the old and new versions of GIMMS LAI3g,
GLOBMAP LAI, and GLASS LAI were 0.99, 0.96, and 0.99, respectively. The
consistency of updated GLASS LAI was slightly improved, and other global LAI
products remained steady. The results showed that the data quality consistency of
GIMMS LAI3g and GLASS LAI was better than that of GLOBMAP LAL In terms of
different vegetation assessment accuracy, the correlation value in p3 phase was higher
than in p2 phase. GIMMSLAI 3g for the global area in p3 phase was slightly lower, but

it showed that the correlation value for all vegetation types in p3 phase were higher than
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533  in p2 phase, and the data quality of the period 2000—2014 was better than that of the

534  period 1984—1999.

535
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FIGURE 9 The data quality of long-term global LAI products (GIMMS LAI3g,

536 GLOBMAP LAI, and GLASS LAI) assessed by the Landsat LAI validation dataset.

537  pl-p3 represent the period of 1984—2016, 1984—1999, and 2000—2014, respectively.

538  The quality was assessed by indicators of R (a and b), MAE (c and d), and RMSE (e

539 and f). a, ¢, and e were for LAI products in the new versions. b, d and f were for LAI
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products in the old versions.
3.3 Annual maximum LAI trends
3.3.1 Global LAI products

During 1984-2016, global LAI products had mediocre consistencies with Landsat
LAIsamples in LAlmax trend, following descending order of GLOBMAP LAI, (R=0.29),
GIMMS LAI3g (R=0.22), and GLASS LAI (R=0.20) (Table 3). In GLOBMAP LAI,
LAlmax trends were negatively correlated with Landsat LAlmax for SHR (R=-0.05) and
DBF (R=-0.09) and relatively well correlated with GRA (R=0.44) and CRO (R=0.34).
GIMMS LAI3g also presented a higher correlation of LAlImax trends for CRO (R=0.52)
and GRA (R=0.33). In GLASS LALI, the high consistencies with Landsat LAlnax trend
appeared for CRO (R=0.55), ENF (R=0.49), and GRA (R=0.40).
TABLE 3 The correlations between annual maximum LAI (LAlnax) of the Landsat

validation dataset and long-term global LAI products for different vegetation biomes.

GRA SHR CRO SAV EBF DBF ENF GLOBAL

Landsat-GIMMS 033 0.18 0.52 0.17 0.09 0.18 0.10 0.22
Landsat-GLOBMAP 044 -0.05 0.34 021 0.01 -0.09 0.04 0.29
Landsat-GLASS 040 031 0.55 0.08 0.03 049 0.20 0.20

samples size 16020 6614 1021 14010 2701 40 92 40498

In terms of the spatial pattern, the Landsat LAImax showed a large-scale increasing
trend globally, especially in the Asian and European continental regions (Figure 10).
Three global LAI products had a similar spatial pattern of LAlmax trend with Landsat
LAI in most vegetated areas. In the northern region of Canada, however, the LAImnax of

Landsat LAI, GIMMS LAI3g, and GLASS LAI showed an increasing trend while
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GLOBMAP LAI showed a decreasing trend. In the eastern part of Asia and Europe, the
increasing trend of Landsat LAInax and GLOBMAP LAl exceeded 0.03 m?m™2a™1,

greater than that of GIMMS LAI3g and GLASS LAL

5) GIMMS LAI3g €.

. <003
o [-0.03-001]
[-0.01 0
[00.005)

[0.005 0.01)
© [0.010.03]
o >0.03

“{c) GLOBMAP LAIE. | ==

W INFE

FIGURE 10 The spatial pattern of trends in annual maximum LAI (LAlmax;
m?m~2a~1) for the Landsat estimated LAI validation dataset and the long-term global
LAI products during 1984—2016.
3.3.2 Ecosystem models

We compared the LAlnax trends from ten Dynamic Global Vegetation Models to
Landsat LAI at the global scale during 1984—2016 for different types of vegetation
(Figure 11). The quality of IBIS data was highest in the TRENDY model (STD<0.01,
RMS<0.02), while the uncertainty was larger in the LPX-Bern model data (STD=0.04)
and CLMS5.0 model data (STD=0.028). The LAI datasets simulated by TRENDY
models differed from each other both in values and uncertainties. We considered the
mean value of the model simulated LAI data (Multi-Model Ensemble Mean LAI or
MMEM LAI) a higher representation. The uncertainty differed significantly in
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vegetation types. Compared to the Landsat LAlnax trend, the MMEM LAlImax trend had
the highest similarity (R>0.5) and less uncertainty (STD<0.01, RMS<0.01) for SHR.
The LAlmax trend correlation between Landsat LAI and satellite-based LAI was higher
than the LAI dataset simulated by ten models whose dispersion was larger.

We characterized the uncertainty among ten global ecosystem models using the
standard deviation of TRENDY LALI at pixels (Figure 12). To avoid over-fitting, we
analyzed the spatial pattern of the MMEM LAI and found that the pattern agreed with
averaged satellite-based LAI products. The MMEM LAl.x showed a decreasing trend
in southern Australia, central Russia, and western North America where Landsat LAImax
had an increasing trend. MMEM LAln.x showed an increasing trend in the tropics, and
the growth rate exceeds 0.03 m?m~2a 1. In terms of the spatial pattern of uncertainties,
LAlmnax based on TRENDY simulation had larger uncertainties in the tropics
(>0.05 m*m~2a"1) and smaller uncertainties (<0.01 m*m~2a~1) in regions of

southern Australia, South America and high northern latitudes.
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FIGURE 11 Comparison of ten Dynamic Global Vegetation Models and long-term
global LAI products with the Landsat estimated LAI from 1984—2016 at the global
scale for different types of vegetation using Taylor diagrams. The standard deviation
represents the interannual variability of the Landsat LAlmax trend and LAlmax trend
derived from the model or satellite. The red line showed a centered root mean square
error (RMS) between the Landsat LAlmax trend and LAlnax trend derived from the

model or satellite.
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FIGURE 12 The trends (a) and uncertainties (b) of mean LAI simulated by TRENDY
Process-based Ecosystem Models.
4 DISCUSSION
4.1 Inconsistencies between current long-term global LAI products
Interinconsistencies were found between the long-term global LAI products in
trend, interannual variability, and spatial pattern for different product versions and
vegetation biome types. Old and new versions of GIMMS LAI3g presented temporally
consistent increasing trends in annual average LAI especially around 2000, primarily
due to the constant use of AVHRR data across periods despite the sensor turnover from
AVHRR-2 to AVHRR-3. In contrast, GLASS LAI and GLOBMAP LAI changed the
data source from NOAA/AVHRR to Terra/MODIS in 2001 and exhibited significant
discrepancies in linear trends between periods (pre-2000 and post-2000) (Figure 4), i.e.,

their post-2000 linear trends were subject to that of MODIS LAI. MODIS CS5 suffered
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from the effect of sensor degradation, leading to questionable LAI trends. The sensor
degradation was resolved in MODIS C6 and the LAI trend was corrected in the new
versions of GLOBMAP LAI and GLASS LAL The effects of sensor change were also
manifested in the adaptive detrends of GLOBMAP LAI and GLASS LAI, where
remarkably different annual anomaly oscillations existed before and after 2001 (Figure
5b). The annual anomaly oscillations shall not be explained by environmental factors
such as solar radiation, temperature, precipitation, and the CO; fertilization effect
(Keenan et al., 2016; Sanchez-Lorenzo et al., 2015; Yan et al., 2013), but rather by
changes in satellite platforms and sensors (Jiang et al., 2017).

The effect of NOAA satellite orbital drift and AVHRR sensor degradation led to
interannual variability in all long-term LAI products (Vermote et al., 2009). The effect
could explain the greater interannual variability in the period 1982—1999 over
2000—2014 and in GIMMS LAI3g over GLOBMAP LAI and GLASS LAI. This study
confirmed a better intraconsistency in GLOBMAP LAI, which has been attributed to
its LAI retrieval algorithm (Jiang et al., 2017). Aerosol and cloudiness were other
potential factors driving the interannual variability, especially for tropical evergreen
forests which contribute most to global LAI year-to-year variations (Samanta et al.,
2010).

4.2 Findings from the direct evaluation using Landsat LAI samples

The consistent radiometric performance and high resolution (30 m) make Landsat

data a potentially solid LAI reference; and the long archive since the 1970s and a global

coverage of observation make Landsat data the only and best choice to evaluate long-
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term global LAI products when other LAI reference was absent before the year 2000
(Wulder et al., 2019; Hermosilla et al., 2019). The massive high-quality Landsat LAI
validation samples generated in this study enabled a direct evaluation of current long-
term global LAI products namely, GIMMS LAI3g, GLASS LAI and GLOBMAP LAI
A large amount of pre-2000 Landsat validation samples (1,453,228) was created in this
study. To guarantee the quality of Landsat based LAI samples, individual random forest
models were built according to vegetation biomes and Landsat sensors (TM, ETM+,
OLI) so that the different radiative transfer mechanisms in vegetation biomes and
distinct spectral characteristics in Landsat sensors could be accounted for. With
sufficient LAI samples produced for all vegetation biome types, we were able to not
only identify the significant variations between LAI products at the regional scale
(Wang et al., 2022; Jiang et al., 2017) but also detect LAI data quality for different
biomes. Annual trends of LAI could also be directly validated using Landsat LAI
validation samples by calculating LAlma.x. As such, from different perspectives we
could determine the best LAI products rather than merely the relative differences
between them.

Based on the Landsat LAI samples, this study found the best data accuracy from
GIMMS LAI3g, followed by GLASS LAI and GLOBMAP LAI The quality of updated
GIMMS LALI after 2000 and GLOBMAP LAI before 2000 was relatively low. In the
EBF of Africa, for instance, the GIMMS LAI3g exhibited a decreasing trend from the
year 2000 while the MODIS LAI showed an increasing trend (Wang et al., 2022). We

developed annual estimates of maximum summer LAI from 1984 to 2016 to detect
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whether the vegetation was greening or browning. A significant finding was that all
current long-term global products potentially underestimate the greening area of the
Earth to different extents. This finding prompted a more solid evaluation of vegetation
responses and feedback under current environmental changes. The consistency with
Landsat LAlmax trends followed a descending order of GLOBMAP LAI, GIMMS
LAI3g, and GLASS LAI. This can be explained by GLOBMAP LAI better reflected
trends in SHR and GRA which dominate the global landscape and had higher data
qualities than other vegetation types. The low LAI quality of EBF was mainly due to
its distribution in the tropics where remote sensing data suffered from frequent
cloudiness. Vegetation in northern high latitudes with the polar night phenomenon and
low solar altitude angle also presented higher LAI uncertainties.
4.3 Potential uncertainties

Despite our efforts, uncertainties existed in the Landsat LAI validation dataset.
First, the data quality of training and predicting sample pairs could be lowered by the
geometric errors between Landsat and MODIS data and the heterogeneous nature of
land cover (Yan et al., 2016). This type of uncertainty was also presented in other studies
that employed multiple remote sensing data and can hardly be eliminated.
Misclassification in the MODIS Land Cover product was another source of
uncertainties that affected the sample quality (Fang et al., 2013; Fang et al., 2019).
Second, the size of Landsat LAI samples was limited in certain regions, e.g., the
northern high latitudes and tropical areas. Future work could involve other high-
resolution satellite images, e.g., Sentinel-2, to improve the availability of global cloud-
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free observation. Last, spatiotemporally continuous ground LAI measurements were
desired to optimize our Random Forest regression models. Deep learning methods of
higher complexity and stronger prediction power were also welcomed to improve the
accuracy of LAI estimation.
S CONCLUSION

In this study, we generated an LAI validation dataset of massive samples and used
the validation dataset to provide a direct evaluation of current long-term global LAI
products. The LAI validation dataset, with 4.9 million high-quality samples from 1984
to 2020, was derived from rigorously selected and refined Landsat samples with the
Random Forests regressor and MODIS LALI It addressed the lack of long-term globe-
wide LAI reference, especially before 2000. We used an ensemble empirical mode
decomposition method along with the classical linear model to detect the LAI trend of
long-term global LAI products (GIMMS LAI3g, GLOBMAP LAI, GLASS LAI and
MODIS LAI) in various versions. The temporal and spatial inconsistency of the LAI
products of different versions were explored. We also constructed a phenological curve
to develop annual estimates of the maximum summer LAI (LAlLnax) dataset to assess
the consistency of trends and interannual variability of the long-term global LAI
products and the LAI simulated by TRENDY ecosystem process models. The results
showed the best data quality of GIMMS LAI3g, followed by GLASS LAI, and
GLOBMAP LAI The data quality in the EBF was generally poor. The LAlImax trend of
GLOBMAP LAI best matched the Landsat LAlImax trend, followed by GIMMS LAI3g
and GLASS LAI The Landsat LAI validation dataset produced in this study can
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facilitate the development of long-term global LAI products. The evaluation results of
current global LAI products can provide a quantitative reference for the rational
application of LAI for global vegetation dynamic monitoring in the context of climate
change.
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1.1 Training sample pairs

The size of initial training sample pairs was over 20 million for GRA, SHR, and CRO,
over 10 million for SAV, DBF, ENF, DNF, and over 6 million for ENF (Table S1). After
outlier removal, saturation screening, quality controlling, and AOP index filtering,
approximately 16 % of all sample pairs were retained, which can be translated into a size
0f 19.32 million (Table S1). GRA and SHR samples had relatively high retention rates (20%
and 32%). The retention rate for DBF and ENF was only 11% and 6%, respectively, but
their sample size was more than 929,800 and 654,800, respectively. The retention rates of
other types of vegetation ranged from 10% to 16%, with sample sizes all exceeding 1

million. The vegetation biome with the smallest sample size was EBF before screening
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which suffered from extensive clouds in the tropics; and was ENF after screening primarily
due to a large number of samples of misclassified saturation state. For all vegetation biome
types, their final sample sizes were believed large enough for establishing robust Random
Forest regressors.

TABLE S1 The size of training sample pairs (in 10 thousand) and the retention rate (%)

after the screening. The values were summarized by vegetation biome type.

Size before screening Size after screening Ratio
GRA 2090.87 431.06 20.62
SHR 2149.39 695.95 32.38
CRO 2339.88 251.35 10.74
SVA 1098.17 128.68 11.72
EBF 601.67 92.98 15.45
DBF 1467.04 161.96 11.04
ENF 1115.69 65.48 5.87
DNF 1042.88 104.9 10.06
ALL 11905.6 1932.36 16.23

1.2 Random Forest Regressors

Based on the refined training sample pairs, we built biome-specific and Landsat
sensor-specific Random Forest regression models (Table S2). The R?of all models were
considered high (> 0.85). SHR had the highest model accuracy with R?of 0.87-0.95,
RMSE of 0.05-0.1, and MAE of 0.08—0.17. The RMSE and MAE values of forests,

ranging from 0.22 to 0.43 m?m ™2

, were higher than other types of vegetation; meanwhile,
their nRMSE values were smaller. The nRMSE of ENF was the lowest, with an average

value of 0.06 m?m™~2. This can be explained by the fact that evergreen forests were mainly
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distributed in areas with high cloudiness where good-quality data were scarce. Also,
evergreen forests always had a low seasonal variability in spectral characteristics and LAI,
making the prediction models more sensitive to potential uncertainties in model inputs.

TABLE S2 The prediction accuracies of Random Forest regression models for each

vegetation biome type.

MAE RMSE Bias
R?> nRMSE
(m?m~?) (m?m=?) (m?m=2)
Landsat5 0.13 0.07 0.91 0.26 -0.02
GRA Landsat7 0.12 0.07 0.91 0.25 0.00
Landsat8 0.12 0.06 0.92 0.25 0.02
Landsat5 0.07 0.04 0.94 0.21 0.01
SHR Landsat7 0.08 0.05 0.95 0.22 0.00
Landsat8 0.08 0.05 0.95 0.21 0.00
Landsat5 0.17 0.10 0.87 0.31 0.04
CRO Landsat7 0.16 0.09 0.87 0.29 -0.01
Landsat8 0.16 0.09 0.89 0.31 -0.01
Landsat5 0.29 0.19 0.87 0.22 0.19
SVA Landsat7 0.27 0.17 0.88 0.21 0.12
Landsat8 0.31 0.20 0.88 0.21 0.04
Landsat5 0.33 0.22 0.85 0.06 0.15
EBF Landsat7 0.34 0.23 0.87 0.06 0.20
Landsat8 0.35 0.24 0.88 0.06 -0.09
Landsat5 0.40 0.26 0.96 0.15 -0.11
DBF
Landsat7 0.38 0.24 0.96 0.15 -0.02
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Landsat8 0.45 0.31 0.95 0.13 0.21
Landsat5 0.54 0.39 0.86 0.20 0.14
ENF Landsat7 0.53 0.38 0.86 0.20 -0.01
Landsat8 0.57 0.43 0.85 0.19 -0.09
Landsat5 0.47 0.33 0.93 0.19 0.32
DNF Landsat7 0.46 0.32 0.93 0.19 0.24
Landsat8 0.51 0.37 0.92 0.17 0.17

GRA[431 0533] ; SHRIEEEBS‘} 1]

]7/'-—‘:
— )
i

"*5
;5.5 ga

i

3 *.‘.__ '
0
180" w 138" W on’ qﬁ«

DBF[1 619565]

,J
¥




43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

This is a non-peer reviewed EarthArXiv preprint (September 11, 2023)

FIGURE S1 Spatial distribution of the number of training samples for different vegetation
types. The numbers in square brackets represent the total number of training samples (in
500 m resolution) of this vegetation type.
1.3 The final LAI validation dataset

Table S3 shows the size of predicting samples before and after screening (section 2.2.4).
Before the screening, predicting sample size was more than 300 million. Grass has the
largest predicting sample size of more than 80 million, followed by ENF (63 million), ENF
(42 million), DNF (41 million), and SHR (32 million). The DBF had the fewest predicting
samples (13 million). After the screening, GRA still had the largest predicting sample size.
SHR with the highest retention rate of 49% had the second largest sample size (16 million).
The sample size of all forest types greatly decreased (2 million—8 million) with a very low
retention rate (7% to 15%). The overall retention rate was 22%, eventually producing 68
million predicting samples.
TABLE S3 The size of predicting samples (in 10 thousand) and the retention rate (%)

after screening. The values were summarized by vegetation biome type.

Size before screening Size after screening Ratio
GRA 8006.08 2737.03 34
SHR 3240.08 1590.62 49
CAO 1740.83 345.90 20
SAV 1786.96 316.17 18
EBF 6347.21 800.59 13
DBF 1392.36 205.94 15
ENF 4374.05 301.04 7
DNF 4102.09 556.95 14
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