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10 Abstract: Leaf Area Index (LAI) with an explicit biophysical meaning is a critical variable to characterize terrestrial
ecosystems. Long-term global datasets of LAI have served as fundamental data support for monitoring vegetation dynamics
and exploring its interactions with other Earth components. However, current LAI products face several limitations associated
with spatiotemporal consistency. In this study, we employed the Back Propagation Neural Network (BPNN) and a data
consolidation method to generate a new version of the half-month 1/12° Global Inventory Modeling and Mapping Studies

15 (GIMMS) LAI product, i.e., GIMMS LAI4g, for the period 1982—2020. The significance of the GIMMS LAl4g was the use
of the latest PKU GIMMS NDVI product and 3.6 million high-quality global Landsat LAI samples to remove the effects of
satellite orbital drift and sensor degradation and to develop spatiotemporally consistent BPNN models. The results showed that
the GIMMS LAI4g exhibited higher accuracy than its predecessor (GIMMS LAI3g) and two mainstream LAI products (Global
LAnd Surface Satellite [GLASS] LAI and Long-term Global Mapping [GLOBMAP] LAI), with an R? of 0.95, mean absolute

20 error of 0.18 m?/m?, and mean absolute percentage error of 15% which meet the accuracy target proposed by the Global Climate
Observation System. It outperformed other LAI products for most vegetation biomes in a majority area of the land. It efficiently
eliminated the effects of satellite orbital drift and sensor degradation and presented a better temporal consistency before and
after the year 2000 and a more reasonable global vegetation trend. The GIMMS LAl4g product could potentially facilitate
mitigating the disagreements between studies of the long-term global vegetation changes and could also benefit the model

25 development in Earth and environmental sciences.
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1. Introduction

Leaf Area Index (LAI), defined as half of the total green leaf area per unit of horizontal surface, is a key variable in
vegetation change monitoring (Piao et al., 2015; Valderrama-Landeros et al., 2016; Zhu et al., 2016), land surface modeling
30 (Boussetta et al., 2013; Boussetta et al., 2015; Chen et al., 2015), crop yield estimation (De Wit et al., 2012; Dente et al., 2008),
etc. It is one of the basic terrestrial climate variables selected by the Global Climate Observation System (GCOS) (Gcos, 2011).
Remote sensing observation has been the only reliable means of obtaining spatiotemporally continuous LAI products at the
global scale (Ma and Liang, 2022). The common practice is to relate remote sensing data with ground LAI measurements or
other remote sensing products of higher reliability (as LAI reference), using methods including statistical modeling (Liu et al.,
35 2012; Kimura et al., 2004; Broge and Leblanc, 2001), physical modeling (Myneni et al., 2002), and machine learning (Xiao et
al.,2014; Zhu et al., 2013; Ma and Liang, 2022; Kang et al., 2021). Over past years, a number of long-term global LAI products,
such as the third generation Global Inventory Modeling and Mapping Studies (GIMMS) LAI (GIMMS LAI3g) (Zhu et al.,
2013), the Global LAnd Surface Satellite (GLASS) LAI (Xiao et al., 2016), the Long-term Global Mapping (GLOBMAP) LAI
(Liu et al., 2012), and the Terrestrial Climate Data Record (TCDR) LAI (Claverie et al., 2016), have been released. These
40  products have provided many in-depth insights into how global vegetation responds to human disturbances and global warming
(Zhu et al., 2016; Piao et al., 2015; Chen et al., 2019a). Specifically, the GIMMS LAI3g has been one of core data reference

in IPCC Sixth Assessment Report for the assessment of global vegetation changes (Eyring et al., 2021).
However, the accuracies of the current LAI products have been limited by uncertainties primarily in the remote sensing
data and the LAI reference data (Fang et al., 2019). First, remote sensing data being used have some common issues. For
45 example, false gradual signals and mutations have been widely observed in the LAI time series prior to the late 1990s for
mainstream long-term LAI products, as most of them utilized data from the Advanced Very High Resolution Radiometer
(AVHRR) (Wang et al., 2022). The AVHRR sensors onboard National Oceanic and Atmospheric Administration (NOAA)
satellites were the only remote sensing data sources before the late 1990s that provided spatiotemporally continuous
observations over the globe. Nevertheless, they suffered from issues of NOAA satellite orbital drift and AVHRR sensor
50 degradation, particularly in the tropical area of evergreen broadleaf forests (Pinzon and Tucker, 2014). Second, the LAI
reference data used to build LAI models have been scarce, particularly before the late 1990s. After the year of 2000, global
LAI products became increasingly available from advanced sensors such as the Moderate Resolution Imaging
Spectroradiometer (MODIS) (Myneni et al., 2002), the Systéme Pour 1’Observation de la Terre (SPOT) (Baret et al., 2007),
and the Visible Infrared Imaging Radiometer Suite (VIIRS) (Yan et al., 2018). These LAI products have been elaborately and
55 collaboratively validated despite with a short time span. Current studies employed them as LAI reference to build post-2000
AVHRR-LAI models and extrapolated the models onto pre-2000 AVHRR data so that long-term LAI product could be
produced (Chen et al., 2019a). Nonetheless, the legality of the extrapolation remains questioned since the AVHRR—LAI

relationship could change with time.
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The uncertainties in the remote sensing and LAI reference data, together with the differences in modeling algorithms,

60 have led the performance of long-term global LAI products to vary from one to another. Inconsistencies were continually found
between LAI products regardless of the remote sensing data source used (Jiang et al., 2017). For example, four popular global
data sets of LAI (1982—-2010s), namely the GLASS LAI, GLOBMAP LAI, GIMMS LAI3g, and TCDR LAI, showed
significant differences in LAI trends, interannual variabilities, and uncertainty variations (Jiang et al., 2017; Xiao et al., 2017).
In tropical areas, the average LAI difference can be up to one unit (Yan et al., 2016). These differences between LAI products

65 have raised many concerns about the robustness of existing vegetation change analysis and land surface modeling (Alkama et
al., 2022; Jiang et al., 2017; Piao et al., 2015).

Recent advances in land data products have provided pathways to address the uncertainties. In particular, the PKU
GIMMS Normalized Difference Vegetation Index (NDVI) product (1982—2020) by Li et al. (in review) efficiently eliminated
the evident NOAA orbital drift and AVHRR sensor degradation effects. It demonstrates higher accuracy than the predecessor

70 (GIMMS NDVI3g) and shows a high temporal consistency with MODIS NDVI. Zha et al. (in preparation) compiled a set of
global reference LAI (before the year 2000) and created over 6 million high-quality Landsat LAI samples over the globe from
1984 to 2020 (also see Zha, 2022). The validation against LAl field measurements showed an R? of 0.76. Although these
Landsat LAI samples can hardly be used to characterize the global vegetation change because they are not spatiotemporally
continuous, they can serve as reliable LAI references.

75 In this context, the objective of this study is to derive a new generation of GIMMS LAI products (GIMMS LAl4g,
1982—2020) using machine learning models based on the PKU GIMMS NDVI product and massive high-quality Landsat LAI
samples and a data consolidation method based on the Reprocessed MODIS LAI product. We employ the PKU GIMMS NDVI
and the Landsat LAI samples to address the uncertainties in remote sensing and LAI reference data. With these data, biome-
specific Back Propagation Neural Network (BPNN) models are developed with additional explanatory variables (the longitude

80 and latitude, the NDVI month, and the NOAA number and years since launch). The GIMMS LAlI4g product is then generated
from the BPNN models. Finally, the GIMMS LAI4g is consolidated with the Reprocessed MODIS NDVI product via a pixel-
wise linear fusion method to extend the temporal coverage to the year 2020. We evaluate the GIMMS LAI4g’s accuracy by a
direct validation method and compare its accuracy to those of three other global LAI products, i.e., GIMMS LAI3g, GLASS
LAI and GLOBMAP LAI. The temporal consistency of the global LAI products and their LAI trends are also analyzed.

85 2. Data

A total of seven global datasets were used in this study, namely, the PKU GIMMS NDVI, Landsat LAI sample dataset,
MODIS Land-Cover Type, Reprocessed MODIS LAI, GLASS LAI, GLOBMAP LAI, and GIMMS LAI3g. The PKU GIMMS
NDVI was the primary data source from which the GIMMS LAI4g was generated. The Landsat LAI sample dataset was used

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2023-68
Preprint. Discussion started: 24 February 2023
(© Author(s) 2023. CC BY 4.0 License.

Open Access

as the LAI reference in machine learning model establishment and product evaluation. The MODIS Land-Cover Type product
90  provided vegetation biome types in the LAl modeling. The Reprocessed MODIS LAI was used to extend the temporal coverage
of the GIMMS LAI4g. The GLASS LAIL, GLOBMAP LAI, and GIMMS LAI3g are three mainstream global LAI products that

were included for an inter-comparison purpose.

2.1 PKU GIMMS NDVI

The PKU version of the GIMMS NDVI product (PKU GIMMS NDVI) was employed in this study (Li et al., in review).
95 It has a spatial resolution of 1/12° and a temporal resolution of half-month. The PKU GIMMS NDVI was generated from the
GIMMS NDVI3g by machine learning models that employed massive high-quality and global-wide Landsat NDVI samples
and a data consolidation method that employed the MODIS NDVI product. The major improvement of PKU GIMMS NDVI
over its counterparts is that it well removed the NOAA orbital drift and AVHRR sensor degradation effects. Its overall R?,
Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) is 0.97, 0.03 m?/m?, and 9%, respectively. PKU
100 GIMMS NDVI inherited the quality control (QC) information from the GIMMS NDVI3g. A QC value of 0, 1, and 2 indicates
NDVI of good quality, NDVI retrieved from spline interpolation, and NDVI retrieved from average seasonal profile,
respectively. The PKU GIMMS NDVI record during AVHRR missions from 1982 to 2015 was used in this study. It is available

at https://zenodo.org/record/7441559#.Y7)7y3ZByCo.

2.2 Landsat LAI sample dataset

105 The Landsat LAI sample dataset provides approximately 6 million high-quality samples with a spatial resolution of
1/12 © and a temporal resolution of half a month. It covers the global vegetated area with all vegetation biome types defined in
the MODIS land cover product (the third classification scheme; see section 2.4) and a long-time span from 1984 to 2020. The
samples were derived by relating carefully refined Landsat 5/7/8 reflectance to MODIS LAI via the Random Forests algorithm
(Zha, in preparation). Its validation at the BEnchmark Land Multisite ANalysis and Intercomparison of Products (BELMANIP)

110 sites and inter-comparison with MODIS LAI showed a high accuracy of estimation (R?> = 0.76, MAE = 0.45 m?/m’, Root Mean
Square Error (RMSE) = 0.66 m?/m?) and a high temporal consistency. This study selected 3.6 million of Landsat LAI samples
between 1984 and 2015.

2.3 Reprocessed MODIS LAI product

The latest version of the Reprocessed MODIS LAI product (version 6) has a time span of 2000—2020, a temporal
115 resolution of 8-day or one-month, and a spatial resolution ranging from 500 m to 0.5°. The product was derived from the
MODIS LAI Version 6 products (Myneni, 2015b, a) and MODIS Land Cover Type product (Friedl, 2019) using an integrated
two-step method (Yuan et al., 2011). Compared to the original MODIS LAI products, it is more spatiotemporally continuous

4

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2023-68
Preprint. Discussion started: 24 February 2023
(© Author(s) 2023. CC BY 4.0 License.

Open Access

and consistent as verified by 44 LAI reference maps which contain true LAI values collected over a subset of 26 ground sites.
We downloaded the 8-day 0.05° data from http://globalchange.bnu.edu.cn/research/laiv6#download, and resampled the data
120 to have the same spatial resolution (1/12°) and temporal resolution (half a month) as the GIMMS LAI4g. The temporal subset
of 2004-2020 was used in this study because the LAI data in the evergreen broadleaf forest were found exceptional low

between 2000 and 2003 than other years (Figure A1).

2.4 MODIS Land-Cover Type product (MCD12Q1)

The MODIS Land Cover Type Product (MCD12Q1, version 6) supplies global maps of annual land cover with a spatial

125 resolution of 500 m between 2001 and 2019 (Friedl et al., 2002; Friedl, 2019). It includes five legacy classification schemes.
This study selected the third classification scheme (Annual LAI classification). The Annual LAI classification scheme includes

eight natural vegetation types (Evergreen Needleleaf Forests [ENF], Evergreen Broadleaf Forests [EBF], Deciduous
Needleleaf Forests [DNF], Deciduous Broadleaf Forests [DBF], SHRublands [SHR], SAVannas [SAV], GRAsslands [GRA],
CROplands [CRO]), and three non-vegetated lands (WATer bodies [WAT], Non-VeGetated lands [NVG], and URban and

130 Built-up lands [URB]). This study also used [GLO] in data analysis to represent the global vegetation biome (the ensemble of
the eight vegetation types). The spatial resolution of MCD12Q1 was spatially aggregated to 1/12° in this study to match that

of PKU GIMMS NDVI. For each 1/12° grid, the aggregation was conducted by calculating frequencies of each biome type
between 2001 and 2019 and identifying the most frequent one. This generated a global land cover map that was considered

static from 1982 through 2020 in this study (Figure B1). With potential errors, this strategy could be the best option at the time.

135 2.5 GLASS LAI

The GLASS LAI (version 5) with a temporal resolution of 8§ days was generated from the 0.05° resolution
NOAA/AVHRR surface reflectance dataset provided by NASA's Long Term Data Record (LTDR) project (1982—-2000) and
the 1 km resolution Terra/MODIS surface reflectance dataset (MODO09) (2000—2018) (Xiao et al., 2016). In the algorithm,
biome-specific general regression neural networks were built between the surface reflectance data and LAI reference data

140 which were created by fusing Terra/MODIS LAI (MOD15) with clump-corrected CYCLOPES LAI over BELMANIP sites
(Xiao et al., 2016). The neural networks were then used to predict global LAI (Xiao et al., 2014). The GLASS LAI (V5)
product was acquired from ftp://ftp.glcf.umd.edu/. It should be noted that version 6 of the GLASS LAI product (250-m
resolution) is currently available, but only for years after 2000 (Ma and Liang, 2022).

2.6 GLOBMAP LAI

145 The latest GLOBMAP LAI product (version 3) with a spatial resolution of 1/13.75° and temporal resolutions of half-
month (1982-2000) or 8-day (2001—now) was generated based on GIMMS NDVI product (1982—-2000) (Tucker et al., 2005)
5
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and Terra/MODIS surface reflectance (MODO09A1 C6) (2001—now). The algorithm established relationships between MODIS

LAI and GIMMS NDVI in a pixel-wised manner during their overlapping period of 2000—2006. The relationships were then

applied to GIMMS NDVI before 2000 (Liu et al., 2012). The GLOBMAP LAI (V3) product was acquired from
150 https://zenodo.org/ record/4700264#.YH6QD-gzbOk.

2.7 GIMMS LAI3g

The GIMMS LAI3g product (version 4) (1982—2016) was generated biweekly in a 1/12° spatial resolution (Zhu et al.,
2013). It is available at https://drive.google.com/drive/folders/OBwL88nwumpqYaFJmR2poS0d1ZDQ?resourcekey=0-
9IRE9s-0tFGfwB5qTpLjZw&usp=sharing/. The algorithm related the GIMMS' third-generation NDVI (NDVI3g) to MODIS
155 LAI of Beijing Normal University (BNU) version via feed-forward neural networks (Yuan et al., 2011). Twelve neural
networks, one for each month, were built using monthly averaged LAI and NDVI data between 2000 and 2009. The GIMMS

LAI3g was then produced from GIMMS NDVI3g by applying the neural networks to the period of 1982 to 2016.

3. Methodology

The methodology includes three key steps:1) generating the GIMMS LAl4g product from biome-specific Back

160 Propagation Neural Network (BPNN) models based on PKU GIMMS NDVI, Landsat LAI sample, and other explanatory

variables; 2) consolidating the GIMMS LAl4g product with the MODIS LAI product using a pixel-wise linear fusion method

in their overlapping timespan (2004-2015); and 3) evaluating the GIMMS LAl4g product using Landsat LAI samples and
comparing it with other global LAI products.

3.1 Generation of GIMMS LAI4g using Back Propagation Neural Network (BPNN)

165 The artificial neural network (ANN) is a machine-learning algorithm inspired by the structure and function of biological
neural networks (Basheer and Hajmeer, 2000; Zhang et al., 1998). It has been frequently used in ecological studies and the
generation of global LAI products (Panda et al., 2010; Jahan and Gan, 2011; Zhu et al., 2013; Xiao et al., 2014; Claverie et al.,
2016). For example, a typical ANN, general regression neural network, and Back Propagation Neural Network (BPNN) was
employed in the production of TCDR LAI (version 5) (Claverie et al., 2016), GLASS LAI (version 5) (Xiao et al., 2014), and

170 GIMMS LAI3g (Zhu et al., 2013), respectively. A typical ANN comprises input, output, and hidden layers, with each
containing several artificial neurons. During the model training process, signals flowed from the input layer to the output layer,
after likely passing through several hidden layers. Errors in the output layer propagate backward to the previous layers until
they satisfy the user-defined threshold, and the network attempts to minimize the discrepancies between observations and

predictions (Basheer and Hajmeer, 2000; Zhang et al., 1998).
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175 This study used the BPNN model to predict LAI values from the PKU GIMMS NDVI (1982-2015). Individual BPNN
models were developed for each vegetation biome. The target variable in BPNN models was mainly from the Landsat LAI
samples (1984—2015) but also included a small number of MODIS LAI values in regions where Landsat LAI samples were
lacking. These regions were mostly located in northern high latitudes that suffer from polar night phenomena and low solar
altitude angles in the winter. Corresponding PKU GIMMS NDVI values of the same time and at the same locations with the

180 LAI samples were extracted as the explanatory variable. The LAI samples and associated PKU GIMMS NDVI were further
refined. Locations with negative NDVI values (e.g., contaminated by snow and inland water bodies) and non-zero QC values
in the PKU GIMMS NDVI product were removed. After the refinement, the samples were randomly divided into two groups,
i.e., the dataset for BPNN construction (80%) and the dataset for LAI product evaluation (20%).

In the BPNN models, we also incorporated spatial information (the longitude and latitude at the sample location),

185 temporal information (the NDVI month), and NOAA satellite information (NOAA satellite number and years since launch;
not applicable for MODIS LAI) as additional explanatory variables. A stepwise method was employed to determine the best
combination of explanatory variables for each vegetation biome. The PKU GIMMS NDVI data were first included and
evaluated in the BPNN models (Scenario 1 or S1). Then, the spatial information that accounts for spatial autocorrelation (S2),
temporal information that accounts for vegetation dynamic (S3), NOAA satellite number (S4), and years since NOAA launch

190 (S5) that accounts for potential satellite and sensor issues were added one by one. In model establishment, we repeatedly (50
times) selected 50,000 random samples with replacement for each vegetation biome. The 50,000 samples were split into 90%
for model training and 10% for model evaluation, in which three error metrics of R?, MAE, and MAPE, were calculated. The
error metrics determined the optimum combination of explanatory variables and the optimum parameters for the final BNPP

model of each biome.

195 3.2 Consolidation of GIMMS LAI4g and MODIS LAI

The GIMMS LAI4g product derived from the PKU GIMMS NDVI (1982—-2015) which was based on AVHRR data did
not include LAI data since 2015. As such, it can hardly be used to characterize recent vegetation dynamics. A couple of global
products have provided up-to-date LAI data using satellite sensors available since the late 1990s (Baret et al., 2007). A common
practice to generate the long-term LAI product is to consolidate the AVHRR-based LAI product with the post-2000 LAI

200  product. For example, both GLASS LAI and GLOBMAP LAI consolidated LAI products from AVHRR and MODIS. MODIS
has been one of the most popular and verified data sources for LAI production. In this study, the Reprocessed MODIS LAI
product (2001-2020) was employed to extend the time span of the GIMMS LAI4g.

The consolidation adopted the pixel-wise linear fusion method proposed by Mao et al. (2012). In the method, LAI
values in the overlapping period of 2004—2015 were extracted from the GIMMS LAI4g and the MODIS LAI. Then, the most

205 appropriate linear regression equation was determined from the LAI values at each pixel location, with GIMMS LAl4g data

as the explanatory variable and MODIS LAI data as the target variable. Compared to the global or biome-specific regression
7
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models, this pixel-wise method has demonstrated excellent accuracies, especially in regulating the temporal consistency
between datasets (Mao et al., 2012). The final LAI product comprised the GIMMS LAl4g (after consolidation) (1982-2003)
and the Reprocessed MODIS LAI (2004—-2020).

210 3.3 Evaluation of the GIMMS LAI4g product

In this study, the LAI reference samples were evaluated in terms of their number, spatial distribution, and temporal
distribution under different vegetation biome types. To assess the representativeness of the samples, we also compared LAI
reference values at the sample locations to those from the GIMMS LAI3g, GLASS LAIL and GLOBMAP LAI using a
frequency histogram.

215 The performance of our GIMMS LAl4g product was evaluated and compared with three other global long-term LAI
products (i.e., the GIMMS LAI3g, GLASS LAI, and GLOBMAP LAI) using Landsat LAI samples. The evaluation was
conducted for each vegetation biome using the remaining 20% Landsat sample points (with a spatial resolution of 1/12°).
Three measures of error were used: R%, MAE (m?/m?), and MAPE (%). R? measures the percentage of variations that models
can explain; and MAE and MAPE measure absolute and relative error values at the sample level. For inter-comparison between

220 the GIMMS LAl4g and other LAI products, the spatial resolution and temporal resolution of all LAI products have been
unified to 1/12° and half a month, respectively. We used a dominance map to demonstrate the global distribution of products
with higher accuracy. The map was drawn with 2° x 2° grids using MAE values from the GIMMS LAI4g, GIMMS LAI3g,
and GLASS LAI The color of each grid was composed of reciprocal MAE averages of the LAI products, i.e., a lower MAE
average can lead to a higher weight in the composite. The GLOBMAP LAI was not included because of its much higher MAE

225 than other products. We also showcased the spatial consistencies between the four global LAI products by their spatial average
along latitude (at an interval of 1°) in January and July of the years 1990, 2000, and 2010.

The temporal consistency of the GIMMS LAl4g was evaluated from three perspectives. First, LAI bias was used to
examine whether the NOAA orbital drift and AVHRR sensor degradation effects were alleviated in the tropical area of EBF.
The bias was calculated as the mean value of LAI deviation relative to Landsat LAI in percentage (Helder et al., 2013). If there

230 is orbital drift or sensor degradation, the bias will drastically fluctuate; otherwise, it remains constant. Seasonal fluctuations in
the time series of NDVI bias were first removed via the multi-year averaging method. Then, inter-annual trends of the bias
were extracted via the Ensemble Empirical Mode Decomposition (EEMD) approach (Huang et al., 1998). Second, the
efficiency of data consolidation between the GIMMS LAI4g and MODIS LAI was reported. We also checked whether the data
consolidation altered the self-consistency of the GIMMS LAI4g product over time. Third, we used the Landsat LAI samples

235 as the reference to evaluate the consistency of the GIMMS NDVI4g between different periods (p1: 1984—2015; p2: 1984—2000;
and p3: 2001-2015) and compared the consistency with other three LAI products. The consistency was quantified by temporal
changes in R?, MAE, and MAPE.
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The LAI trends between 1982 and 2015 were derived and compared between the four global LAI products. Linear

regression analysis was performed on the LAT time series at the pixel level. The trend was calculated as the slope of the fitting

240 line, which shows the vegetation trend of greening (positive slope) or browning (negative slope). This produced a global map
of LAI trending. We also analyzed annual LAI variations and calculated annual LAI trends for all vegetation biome types. The

annual LAI value is an area-weighted average based on the vegetation biome type.

4. Results

4.1 Examination of LAI reference data

245 The spatial and temporal distributions of the LAI reference data were determined mostly by the availability of Landsat
images but also by the occurrence of cloud cover, aerosol, and other factors. Figure 1 shows the spatial distribution of the 3.6
million LAI samples primarily from the Landsat LAI dataset. The sample size for each vegetation biome, ranging from 116,873
(ENF) to 1,503,768 (GRA) is also listed. The sample locations spanned all latitudes of the vegetated area (Figure 1a), and no
samples were selected from non-vegetation regions. The sample count per biome was approximately proportionate to the biome

250 area (Figure 1b). In northern high latitudes, Landsat images were scarce throughout the winter due to the polar night
phenomenon and the low solar altitude angle; and in the tropical area, Landsat images were frequently contaminated by
precipitation and clouds. As a result, the number of available samples was limited in these two areas (Figure 1a). We addressed
this issue by introducing 40,000 samples from the Reprocessed MODIS LAI at locations and months that Landsat LAI samples
were scarce.

255 To evaluate the representativeness of the Landsat LAI samples, we calculated a frequency histogram based on all
Landsat LAI sample values between 1984-2015 and compared it to those based on GIMMS LAI3g, GLASS LAI, and
GLOBMAP LAI (Figure 1c). During 1984-2015, the LAI value distribution in the Landsat samples was similar to those in the
other three products at global vegetation pixels (Fig. 1¢), indicating that the Landsat LAI samples used in this study have good

representativeness.
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Figure 1. Spatial and temporal distribution of the LAI reference data. (a) The global distribution of LAI samples in 2° grids. The LAI sample

size for each vegetation is listed. (b) The temporal distribution of LAI samples for the eight vegetation biome types. (c¢) The distribution of
LAI values in percentage (bin width = 0.1) for Landsat LAI samples, GIMMS LAI3g, GLASS LAI, and GLOBMAP LAL It should be noted

that 40,000 Reprocessed MODIS LAI samples were introduced at locations and months that Landsat LAI samples were scarce.

265 4.2 The optimum BPNN models

For each vegetation biome, different combinations of explanatory variables (S1 to S5, see section 3.1) were tested in

BNPP models. The variations in accuracy are shown in Figure 2 and Table 1. The inclusion of spatial information and temporal

information has significantly improved the model performance with much higher R?, lower MAE, and lower MAPE for most

vegetation biomes (Figure 2). The improvement from spatial information was slight for DNF, probably because of its relative
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concentration in certain middle- and high-latitudes of Eurasia (Figure B1). The inclusion of NOAA satellite number and years

since its launch brought subtle but discernible improvements towards the accuracy of BPNN models.
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Figure 2. Performance of different combinations of explanatory variables (S1 to S5) in BPNN models for each vegetation biome. (a), (b)
and (c) shows the R?, MAE, and MAPE, respectively, calculated based on Landsat LAI samples. GLO represents the global vegetation biome.
275 The combinations of explanatory variables are (S1) NDVI alone; (S2) NDVI and spatial information (longitude and latitude); (S3) NDVI,
spatial information, and temporal information (month); (S4) NDVI, spatial information, temporal information, and NOAA satellite number;

and (S5) NDVI, spatial information, temporal information, NOAA satellite number and years since its launch.

Using all explanatory variables in the BPNN model (S5) has resulted in R? values > 0.80 for most biome types except
280 EBF (0.52) and ENF (0.72) and MAPE values <20% (Table 1). MAPE of EBF was as low as 3.30%. For the global vegetation
biome as a whole, accuracies of the BPNN model in S5 were R? of 0.96, MAE of 0.25 m’/m?, and MAPE of 11.35% (Table 1).
As such, the BPNN models adopted the combination of all explanatory variables, including NDVI, longitude, latitude, month,
NOAA satellite number, and NOAA satellite in orbit duration.

285 Table 1 Error metric values for different combinations of explanatory variables (S1 to S5) in BPNN of each vegetation biome. Values in this
table correspond to Figure 2. The combinations of explanatory variables are (S1) NDVI alone; (S2) NDVI and spatial information (longitude
and latitude); (S3) NDVI, spatial information, and temporal information (month); (S4) NDVI, spatial information, temporal information,
and NOAA satellite number; and (S5) NDVI, spatial information, temporal information, NOAA satellite number and years since its launch.

GLO represents the global vegetation biome.

Metrics Combinations Bioue type
GRA SHR CRO SVA EBF DBF ENF DNF GLO
S1 076 086  0.68 0.66 009 064 049  0.63 0.91
S2 079 088 077 073 036 074 056  0.65  0.92
R? S3 0.83 0.91 0.83 0.81 052 087 065 078  0.95
S4 0.83 0.91 0.84  0.81 053 087 068 079  0.95
S5 0.83 0.91 084 082 053 087 068 080 095
S1 0.11 0.05  0.13 0.33 030 083 066 070  0.39
S2 0.10  0.05 010 029 026 065 0.60 0.68 034
(sz‘/?fz) S3 0.09  0.05 0.09 024 021 045 0.3 0.53 0.27
S4 0.09 005 009 024 020 044 051 0.51 0.27
S5 0.09 005 009 024 020 045 050  0.51 0.27
S1 24.36 16.75  28.06  23.09 5.06 24.60 23.16 24.33 17.61
S2 22,18 1595 2259 19.82 433 1929 21.16 23.40 15.40
MAPE
%) S3 19.85 1455 19.17 1650 3.51  13.15 18.64 1826 12.27
S4 19.88 1436 19.11 1645 344  13.09 17.94 17.73  12.02
S5 19.88 1445 19.03 1646 343 13.16 17.79 17.56 11.98

290
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4.3 Validation of the GIMMS LAI4g and other LAI products

Figure 3 shows the validation results for the four global LAI products (our GIMMS LAlI4g, GIMMS LAI3g, GLASS
LAIL and GLOBMAP LAI) using the remaining 20% Landsat sample points. In general, GIMMS LAl4g (R? = 0.95, MAE =
0.18 m?/m?, MAPE = 15%) had the highest accuracy, followed by GIMMS LAI3g (R?= 0.92, MAE = 0.26 m’/m’, MAPE =
295 22%) and GLASS LAI (R? = 0.91, MAE = 0.29 m?/m’, MAPE = 24%). GLOBMAP LAI (R? = 0.77, MAE = 0.46 m*/m’,
MAPE = 39%) had the lowest accuracy. The MAPE value of 15% in GIMMS LAI4g achieves the LAI accuracy target proposed

by GCOS.
Regarding individual vegetation biome types, the GIMMS LAI4g product outperformed the other three except for DBF.
In DBF, the GLASS LAI (R?=0.75, MAE = 0.70 m*/m?, MAPE = 21%) has slightly higher accuracies than the GIMMS LAl4g
300 (R?*=0.67, MAE = 0.74 m’/m’, MAPE = 22%). The most accurate vegetation biome varied with error metrics for all LAI
products. In the GIMMS LAI4g, GIMMS LAI3g, and GLOBMAP LAI products, SHR had the highest accuracies in R? and
MAE (R?=0.90, 0.74, and 0.57, respectively; MAE = 0.06 m?/m?, 0.09 m?/m?, and 0.20 m?/m?, respectively); meanwhile, DBF
had the highest accuracies in MAPE (MAPE = 4%, 10%, and 24%, respectively). The most accurate vegetation biome in
GLASS LAI could be DBF, SHR, or EBF, determined by R%, MAE, or MAPE, respectively. This discrepancy was attributed
305 to the nature of the error metrics. For instance, EBF with higher absolute LAI values generally produced the lowest MAPE.
However, the R? and MAE proposed that EBF could be the most inaccurate vegetation biome (R? = 0.59, 0.07, 0.20, and 0.05,
respectively; MAE = 0.22 m?/m?, 0.61 m*/m?, 0.77 m*/m?, and 1.4 m?/m?, respectively). The LAI accuracy in EBF was low
because it is primarily distributed in tropical areas where the quality of remote sensing data is poor owing to frequent clouds

and rains.
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Figure 3. Validation of the (a) GIMMS LAI4g, (b) GIMMS LAI3g, (c) GLASS LAI, and (d) GLOBMAP LAI products in different vegetation
biomes using Landsat LAI samples from 1984 to 2015. The error metrics are R%, MAE, and MAPE. GLO represents the global vegetation

biome. The color of the dots represents LAI value frequencies in a 0.5 (m%/m?) interval.

Figure 4 shows the dominance map of global LAI products composited by reciprocal averages of MAE from

GIMMS LAI4g (green), GIMMS LAI3g (red), and GLASS LAI (blue). Within each 2° x 2° grid, the color was

determined by the LAI products with a lower MAE, i.e., a higher absolute LAI accuracy. An immediate observation from

Figure 4 is that the absolute LAI accuracy of GIMMS LAl4g was significantly higher than others in most parts of the

world. However, this advantage was relatively weak in the northern latitudes of the Eurasian continent (40°-60°). The
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320  GIMMS LAI3g and GLASS LAI could show higher accuracy at rather random locations. We acknowledged that the

number of Landsat LAI samples in certain 2° x 2° grids might not be sufficient for robust accuracy assessment, but that

would not alter the overall outperformance of the GIMMS LAI4g.

80°N =

40°N —

40°s = ) \ ‘
\ _ )

GIMMS4g  GIMMS 3g

e L
80°s | — I

Iy

5 e

==
=

T
150°W 20°W 30°W 30°E

Figure 4. Dominance map of the GIMMS LAI3g, GIMMS LAl4g, and GLASS LAI based on their MAE. The map was drawn in 2° x 2°
325 grids whose colors were composed of reciprocal averages of MAE from the GIMMS LAI4g (green), GIMMS LAI3g (red), and GLASS LAI

(blue). A greener grid, for example, indicates that the GIMMS LAI4g has a lower MAE (or a higher absolute LAI accuracy).

Figure 5 showcases the spatially averaged LAI along latitude in January and July of the years 1990, 2000, and 2010 for

GIMMS LAl4g, GIMMS LAI3g, GLASS LAI, and GLOBMAP LAI, respectively. The four LAI products were overall

330 consistent. The GIMMS LAI4g and GIMMS LAI3g had lower values at northern middle latitudes (35°N — 65°N) in July
(Figure 5b; Figure 5d; Figure 5f). Also in July, the GLOBMAP LAI and GLASS LAI in the Northern Hemisphere maintained

good consistency for the years 1990 and 2010 (Figure 5b; Figure 5f), but the GLOBMAP LAI was systematically lower than

GLASS LALI for the year 2000 (Figure 5d).
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335 Figure 5. Inter-comparison of spatially averaged LAI along latitude between the GIMMS LAI4g, GIMMS LAI3g, GLASS LAI, and
GLOBMAP LAI in January and July of the years 1990, 2000, and 2010. The spatial average was calculated at an interval of 1°.

4.4 Temporal consistency analysis

Figure 6 shows the variations of LAI bias in EBF for the GIMMS LAI4g and other three LAI products. The LAI bias

during different NOAA satellite missions was distinguished. The GIMMS LAI4g demonstrated an outstanding temporal

340 consistency with minimum bias variations (Figure 6a), indicating an efficient removal of satellite orbital drift and sensor
degradation effects. LAI bias significantly fluctuated in the GIMMS LAI3g, GLASS LAI, and GLOBMAP LAI with different
patterns. The GIMMS LAI3g relied on AVHRR data only and its bias varied with NOAA missions. The evident AVHRR
degradation after the year 2012, as argued by Wang et al. (2022) can be also observed in our results (Figure 6b). The GLASS

LAI and GLOBMAP LAI used different data sources before (AVHRR) and after (MODIS) the year 2000. For the GLASS LAI,

345  bias variations before 2000 were much larger than those after 2000 (Figure 6¢). The reason is likely that the data quality from
MODIS is better than AVHRR. For the GLOBMAP LAI, however, bias variations remained large for all periods of NOAA

missions (Figure 6d).

suoIssnosIq



https://doi.org/10.5194/essd-2023-68
Preprint. Discussion started: 24 February 2023
(© Author(s) 2023. CC BY 4.0 License.

Deseasoned bias (%)

Deseasoned bias (%)

Deseasoned bias (%)

Deseasoned bias (%)

(a) GIMMS LAl4g
T

200§
15.0 ‘
10.0 J‘
5.0 ‘ i 1 ‘\ |
TP
00/ ol - 1L PP B -»—WWWWW-&MH #LMMW
5.0 -
10.0 — -
-15.0 -
| TNomas —nNoaatt NOAA 14 ——NOAA 16 ——NOAA 17 ——NOAA 18 ——NOAA 19
L Il 1 || 1
-20.0
1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015
Year
(b) GIMMS LAI3g
20 T T T T T T T T T
15.0 -
100 — hd l -
) | |
5.0 — N I -
- - [ YT ' |‘| N}U “
00 g AT T =
NG Y
5.0 ~ [0 [ 1
0.0
5.0
——NOAA9 ——NOAA 11 NOAA 14 16 17 18 19
200 I L L 1 h I | I I I
1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015
Year
(c) GLASS LAI
2. T T T
15.0
| |
100~ ’ ‘ -
5.0 b 3 ‘ || m
sl L A
oolbn= - P Y A W RUWILE VY,
) [dPURATEATE g U ¥
5.0
10.0
15.0
——NOAA9 ——NOAA 11 NOAA 14 ——NOAA 16 —— NOAA 17 NOAA 18 ——NOAA 19
I | I 1 I 1 I | | I I
-20.0
1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015
Year
(d) GLOBMAP LAI
2007 T T T
15.0 ‘ <
10.0
50 b
Mk s
0.0 AL L L AL e
RN 4 W 4 " M,
i sk
50 ~ (" “ i
-10.0 / ‘ I
Il
-15.0 ‘ 1 &
NOAA 9 JOAA 11 NOAA 14 ~———NOAA 16 —— NOAA 17 IOAA 18 'NOM 19
L I | I 1 h I L I I I
-20.0
1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015
Year

Open Access

Earth System
Science

Data

Figure 6. Temporal variations of LAI bias% in EBF for (a) the GIMMS LAI4g, (b) GIMMS LAI3g, (c) GLASS LAI and (d) GLOBMAP
350 LAI The black dash line represents the interannual trend extracted by the EEMD method. Values from different NOAA satellite missions

were distinguished with colors.

Figure 7 shows the GIMMS LAI4g time series before (thin black line) and after (bold colored line) data consolidation
from 1982 to 2020 for different vegetation biome types. The GIMMS LAI4g shared the same footprint with MODIS LAI after
355 the year 2004. Before consolidation, there was a systematic deviation between the GIMMS LAI4g and MODIS LAI products

for all vegetation biomes. The pixel-wise linear fusion method has successfully matched the GIMMS LAI4g time series with
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MODIS LAI, eliminating abnormal shifts in vegetation phonologies. The temporal variations of the GIMMS LAl4g after
consolidation were self-consistent in all periods. All these results demonstrated that the consolidation of GIMMS LAI4g and

MODIS LAI products was reliable.
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Figure 7. Temporal variations of the GIMMS LAI4g for different vegetation biome types during 1982—-2020. GLO represents the global

o ~n & o

vegetation biome. The bold colored line represents the LAI average of GIMMSLAI4g after data consolidation, with shadow covering the
value range between 10% and 90% quantiles. The thin black line represents the LAI average of GIMMSLAI4g before consolidation. It
should be noted that the GIMMS LAI4g after consolidation shared the same footprint with the Reprocessed MODIS LAI after the year 2004.

365
Figure 8 shows the LAI accuracies in three periods, i.e., 1984-2015 (pl), 1984-2000 (p2), and 2001-2015 (p3), for
the four global LAI products. The results show good temporal consistency for the GIMMS LAI4g and GIMMS LAI3g. Their
accuracy differences between p2 and p3 (i.e., 1984—2000 and 2001-2015) were minimum for most vegetation biomes. In
particular, the global vegetation biome shows constant R? values (GIMMS LAlI4g: 0.96 (p2) vs. 0.95 (p3); GIMMS LAI3g:
370 0.92 vs. 0.92) (Figure 7a) and a small difference in MAE (GIMMS LAl4g: 0.17 m?/m? vs. 0.19 m?/m?; GIMMS LAI3g: 0.25
m?/m? vs. 0.27 m*/m?) and MAPE (GIMMS LAI4g: 14.99% vs. 14.82%; GIMMS LAI3g: 22.62% vs. 21.79%). The temporal
consistency of GLOBMAP LAI in different periods was relatively low. For the GLASS LAI and GLOBMAP LAI that used
different data sources before (AVHRR) and after (MODIS) the year 2000, data quality after 2000 was higher than that before
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2000 because of the improvement in satellite sensors. The GIMMS LAI4g product used Landsat LAI samples that covered the

375 whole period from 1984 to 2015. This consistency in LAI reference data resulted in a minimum difference between periods.
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Figure 8. Temporal consistencies between different periods for the global LAI products. The global LAI products include GIMMS LAI4g,
GIMMS LAI3g, GLASS LAI, and GLOBMAP LAI). The periods are 1984-2015 (pl), 1984—2000 (p2), and 2001-2015 (p3). The
consistencies were evaluated at the biome level using R? (a), MAE (b), and MAPE (c) calculated based on Landsat LAI samples. GLO

380 represents the global vegetation biome.

4.5 LAI trend analysis

Figure 9a to Figure 9d show the slope maps of the LAI time series from the GIMMS LAI4g, GIMMS LAI3g, GLASS
LAI, and GLOBMAP in the period of 1982-2015. Figure 9e to Figure 9g shows the slope differences between the GIMMS
LAI4g and the other three LAI products. In general, the GIMMS LAI4g, GIMMS LAI3g, and GLASS LAI showed a similar
385 spatial pattern that agreed on the greening trend in global hotspot areas such as China and India. The GIMMS LAl4g
demonstrated a more significant greening trend in the high-latitude regions of northern Europe and Asia.
Figure 10a shows the annual average LAI trends for different vegetation biomes in the four LAI products. The GIMMS
LAI3g, GIMMSLAI4g, and GLASS LAI products presented a similar greening trend for the global vegetation biome, with a
slope value of 2.06 X102 m’m2yr!, 1.22 X102 m’m?yr!, and 3.81 X102 m’m?yr!, respectively. The greening trend in the
390  GLOBMAP LAI product was significantly lower, with a value of 0.05X 10”2 m’m?yr~. Except for ENF and DNF, the slope
values of most biomes in the GIMMS LAI4g were in-between the maximum and minimum values of the other three LAI
products.
Figure 10b shows the annual LAI variations of the four LAI products for different vegetation biomes. The GIMMS
LAI3g and GLASS LAI showed remarkable differences in trend before and after the year 2000. Their LAI values significantly
395 increased before 2000 but turned stagnant after 2000. The GIMMS LAI4g demonstrated continuous greening trends around
the year 2000. This phenomenon was also observed in EBF. The GIMMS LAI3g had opposite trends to the GIMMS LAl4g
after the year 2000, which may be caused by AVHRR sensor degradation (Wang et al., 2022), as MODIS LAI also showed a
greening trend (Wang et al., 2022; Jiang et al., 2017) in this period.
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Figure 9. Global maps of LAI trends and their differences between the global LAI products during 1982-2015. The LAI products include
GIMMS LAI4g (a), GIMMS LAI3g (b), GLASS LAI (c), and GLOBMAP LAI (d). The trend was calculated as the slope of linearly fitted

LAI time series. (¢) to (g) show the slope differences between the GIMMS LAI4g and the other three LAI products.
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Figure 10. Variations of annual LAI anomaly of different vegetation biomes in the global LAI products during 1982—2015. The LAI products
include GIMMS LAI4g, GIMMS LAI3g, GLASS LAI, and GLOBMAP LAL (a) shows the slope values of the annual LAI and (b) shows

the annual LAI time series. GLO represents the global vegetation biome.

5. Discussion

410 5.1 Improvements over other long-term global LAI products

The remote sensing data source and LAI reference data are critical inputs for the accurate derivation of long-term and

large-scale LAI products. The first improvement in this study was the use of a more reliable remote sensing product, i.e., the

PKU GIMMS NDVI product. Some global LAI products (e.g., GLASS LAl and GLOBMAP LAI) directly used remote sensing

surface reflectance as the data source (Ma and Liang, 2022; Kang et al., 2021; Xiao et al., 2016), but some others (e.g., GIMMS

415 LAI3g) argued that NDVI could be more robust against the terrain, atmospheric conditions, and BRDF effects (Zhu et al.,
2013; Pinzon and Tucker, 2014; Zeng et al., 2022). More importantly, the PKU GIMMS NDVI product essentially addresses

the issue related to the NOAA satellite orbital drift and AVHRR sensor degradation (Li et al., in review), which had widely

existed in current long-term global LAI products (Zhu et al., 2013) (Figure 6) since the AHVRR data were the only data source

before the late 1990s that provided spatiotemporal observations over the globe. Our GIMMS LAl4g thereby was also free from

420 this issue (Figure 6). The second improvement in our LAI product was the use of massive and high-quality Landsat LAI
samples. In current long-term global LAI products (e.g., GLASS LAI, GLOBMAP LAI, and GIMMS LAI3g), the LAI
reference data were either ground measurements which were spatially and temporally insufficient or LAI values derived from
advanced sensors unavailable before the year 2000 (Zhu et al., 2013; Chen et al., 2019a). In the LAI model generalization,

uncertainties could be hard to determine over locations and dates when the LAI reference data were basically absent. The
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425 Landsat LAI samples used in this study had a large number (3.6 million), a long time series (1984—2015), and global coverage
(Figure 1). These two improvements in this study guaranteed that our GIMMS LAl4g product is more spatiotemporally
consistent, as demonstrated in our results (sections 4.3 and 4.4).

Besides, incorporating other explanatory variables, including spatial, temporal, and satellite-based information, further
improved the robustness of LAI models. Specifically, the role of spatial information (longitude and latitude) and temporal

430 information (month) has been underscored in explaining global LAI variations (Figure 2 and Table 1). In this study, individual
BNPP models were developed for vegetation biomes. We chose not to include the vegetation biome type as an explanatory
variable (GIMMS LAI3g did) because the values of the vegetation biome type are deterministic rather than continuous (like
month).

Compared to its predecessor (GIMMS LAI3g; 1982-2016) which relied on AVHRR data only, our GIMMS LAl4g

435 (1982-2020) provides up-to-date LAI data by consolidating with the MODIS LAI (the Reprocessed MODIS LAI product).
This extension of temporal coverage could help interpret recent global vegetation dynamics. Two other LAI products, namely
the GLASS LAI (1982—2018) and GLOBMAP LAI (1982-2020), also incorporated MODIS data (reflectance). However, they
did not explicitly calibrate systematic deviations between AVHRR and MODIS data (Liu et al., 2012; Xiao et al., 2014). Our
study employed a pixel-wise linear fusion method (Mao et al., 2012) to match the GIMMS LAl4g with the MODIS LAI

440  product. The results showed an excellent consistency between the GIMMS LAI4g (after consolidation) and MODIS LAL

5.2 Potential applications of the GIMMS LAI4g product

With an explicit physical meaning, LAI was proposed to be more accurate in characterizing vegetation dynamics than
spectral indices such as NDVI and Enhanced Vegetation Index (EVI) (Zhang et al., 2004; Verger et al., 2016). Our results
demonstrated that the GIMMS LAI4g product could be more spatiotemporally consistent and reliable than other long-term

445 global LAI products. One important role of the GIMMS LAI4g is to mitigate the disagreements between current global LAI
products and gain robust knowledge about long-term vegetation changes. For the past 40 years, the long-term analysis based
on the global LAI products has shown an overall greening trend in most vegetated areas. However, significant variations
existed between different LAI products at the regional scale (Wang et al., 2022; Jiang et al., 2017). In the evergreen broadleaf
forests of Africa, for instance, the GIMMS LAI3g exhibited a decreasing trend from the year 2000 while the MODIS LAI

450 exhibited an increasing trend (Wang et al., 2022). The GIMMS LAI4g provides an opportunity to better understand the spatial
pattern of vegetation greening (or browning) and its drivers (Zhu et al., 2016; Piao et al., 2015; Chen et al., 2019a).

LAl is also a popular proxy for many important ecosystem attributes and functions, such as carbon stock and sink (Chen
et al., 2019b), nutrition cycle (Pierce et al., 1994), and evapotranspiration (Wang et al., 2014). It serves as a fundamental
parameter in many ecosystem models (Boussetta et al., 2013; Boussetta et al., 2015; Chen et al., 2015), earth system models

455 (Mahowald et al., 2016), and climate models (Boussetta et al., 2013; Boussetta et al., 2015). The GIMMS LAIl4g is expected
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to benefit the development of these models and provide a powerful data basis for a more accurate and reliable land surface

characterization.

5.3 Uncertainty source of GIMMS LAI4g product

The PKU GIMMS NDVI product and the Landsat LAI samples comprise this study's primary sources of uncertainty.

460 Despite the efforts by Zha et al. (in preparation), the number of Landsat LAI samples was small in certain regions, e.g., the

northern high latitudes and tropical areas. This was attributed to the low solar altitude angle, polar night phenomenon, and

climate conditions such as frequent clouds and rains at the time of Landsat observation. The PKU GIMMS NDVI product

suffers from the same issues as it was also derived from Landsat samples (Li et al., in review). Although both Li et al. (in

review) and the current study have used MODIS data as compensation, the relative lack of Landsat samples in the northern

465 high latitudes and tropical areas may still lower the robustness of models in the generation of GIMMS LAI4g to a certain
extent.

Other sources of uncertainty could be from the BPNN model structure in which more explanatory variables such as

temperature and precipitation could be incorporated, the static vegetation biome map which could be replaced by annual maps

if available, and the Reprocessed MODIS LAI product. It should be noted that, however, these uncertainties also existed in

470 other LAI products and this study has tried its best to mitigate their influence on the GIMMS LAl4g.

6. Conclusions

This study developed a new generation of the GIMMS LAI product (GIMMS LAI4g, 1982-2020) based on Back
Propagation Neural Network (BPNN) models and a pixel-wise consolidation method. The GIMMS LAI4g was featured by the
use of the PKU GIMMS NDVI product and the massive high-quality Landsat LAI samples. The recently published PKU
475 GIMMS NDVI efficiently removed the effects of NOAA orbital drift and AVHRR sensor degradation, which has been a critical
issue in existing LAI products. The high-quality global Landsat LAI samples, with a total number of 3.6 million and temporal
coverage of 1984—2015, facilitated the creation of spatiotemporally consistent BPNN models. The spatiotemporally consistent
GIMMS LAI4g product covers a time span of 1982 to 2020, with a spatial resolution of 1/12° and a temporal resolution of
half-month. It can potentially provide strong data support for long-term vegetation monitoring and model development with

480 high accuracy and reliability, as shown below:
e Evaluated by the Landsat LAI samples, the GIMMS LAl4g product (R?>=0.95, MAE=0.18 m?/m’, MAPE=15%) was
overall more accurate than the mainstream global LAI products, including the GIMMS LAI3g (R?>=0.92, MAE=0.26
m’/m?, MAPE=22%), GLASS LAI (R?=0.91, MAE=0.29 m?/m’, MAPE=24%), and GLOBMAP LAI (R*=0.77,
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MAE=0.46 m?/m?, MAPE=39%). Its accuracy meets the target proposed by the Global Climate Observation System
(GCOS).

e The GIMMS LAI4g outperformed the other LAI products in most regions of the globe and most vegetation biomes (R*:
0.59 to 0.90; MAE: 0.06 m?/m? to 0.74 m?/m?; MAPE: 4% to 23%) except the deciduous broadleaf forests.

e The GIMMS LAI4g product removed the effects of NOAA orbital drift and AVHRR sensor degradation, which can be
observed in other LAI products.

e The GIMMS LAI4g after consolidation with the Reprocessed MODIS LAI was more temporally consistent between
the three periods of 1984—2015, 1984—2000, and 20012015 than other LAI products. It could also more reasonably

depict global vegetation trends (greening or browning).
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Figure Al. Annual LAl averages from the Reprocessed MODIS LAI product (version 6) for different vegetation biome types. The vegetation
biome types use the third classification scheme in the MODIS Land-Cover Type product (MCD12Q1, version 6) (see section 2.4). GLO

represents the global vegetation biome. This figure demonstrates unexpected low LAI values for evergreen broadleaf forests (EBF) between
2000 and 2003.
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Appendix B

Biome Type
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Figure B1. The global land cover map derived from the MODIS Land-Cover Type product (MCD12Q]1, version 6). The third classification
scheme in MCD12Q1 was adopted. Each grid (1/12°) in the map was labeled as the most frequent land cover type between 2001 and 2019.
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The spatiotemporally consistent global dataset of the GIMMS Leaf Area Index (GIMMS LAI4g) generated in this study is
505 openly available at https://doi.org/10.5281/zenodo.7649108 (Cao et al., 2023). It covers the whole global vegetation area at
half-month temporal resolution and 1/12° spatial resolution from 1982 to 2020. It is available in Geographic Lat/Lon projection

and TIFF format.
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