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A B S T R A C T   

Land surface phenology that reflects periodical changes in terrestrial vegetation plays an important role in 
influencing the functioning and services of ecosystems. Satellite-derived metrics of land surface phenology have 
been widely used to assess the patterns in land cover dynamics. There are still limited satellite-based datasets of 
global land surface phenology available to date due to uneven qualities of satellite data. Here, we developed a 
global annual land surface phenology dataset based on Advanced Very High Resolution Radiometer (AVHRR) 
data from 1982 to 2018. The number of global vegetation growing seasons for each individual pixel was counted 
for each year from 1982 to 2018. We implemented four phenology retrieval methods, including the amplitude 
threshold method, the second-order derivative method, the third-order derivative method, and the curvature 
change rate method, to retrieve four key phenological metrics for each vegetation growth cycle, including the 
start of the growing season (SOS), maturity, senescence, and the end of the growing season (EOS). The results 
show that the phenological metrics retrieved using different phenology retrieval methods have similar patterns of 
global spatial distribution. From 1982 to 2018, the timing of both maturity and senescence within a year 
advanced in the Northern Hemisphere and the timing of SOS delayed in the Southern Hemisphere. The 
phenological metrics extracted from in-situ data such as the USA National Phenology Network (USA-NPN), the 
Pan European Phenology Database (PEP725), and flux tower measurements were positively correlated with 
satellite-derived phenological metrics. Despite the effects of mismatching spatial scales, the retrieved pheno
logical metrics based on 5 km AVHRR data were consistent with those based on 500 m Moderate-resolution 
Imaging Spectroradiometer (MODIS) data and 30 m fused satellite data at both site-scale and regional-scale. 
The developed dataset released for usages and applications on global land surface dynamics offers potential 
end users options for choosing desirable phenological metrics derived from different methods.   

1. Introduction 

Land surface phenology refers to the recurring cycle events of the 
land surface often triggered and driven by climate factors. Land surface 
phenology reflects the timing and duration of the growing season of 
terrestrial vegetation and its feedback to the climate system (Joiner 
et al., 2014). Land surface phenology controls ecosystem structures and 
functions and affects a wide range of land surface processes, such as 
ecosystem carbon sequestration and the energy balance between the 
land surface and the atmosphere (Seyednasrollah et al., 2019). An 
increasing number of studies assessed changes in vegetation phenology 

to quantify the impacts of climate changes on ecosystems (Chen et al., 
2019; Liu et al., 2017). High-quality land surface phenology products 
have become increasingly important to understand the behavior of 
ecosystems under a changing climate. 

Satellite observations that can capture the characteristics of land 
surface dynamics over a large geographic region have become popular 
for large-scale land surface phenology studies (Piao et al., 2019; White 
et al., 1997). For example, Piao et al. (2011) studied changes in vege
tation phenology for over 25 years in temperate and boreal Eurasia 
based on Global Inventory Modeling and Mapping Studies (GIMMS) 
Normalized Difference Vegetation Index (NDVI) data. Høgda et al. 
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(2013) used GIMMS NDVI data to extract vegetation phenology metrics 
and found that vegetation growth patterns in the Nordic region showed 
prominent north–south differences. Zeng et al. (2013) compared trends 
in land surface phenology retrieved using Advanced Very High Resolu
tion Radiometer (AVHRR), Moderate Resolution Imaging Spectroradi
ometer (MODIS), and Systeme Probatoire d’Observation de la Terre 
(SPOT) NDVI data, respectively, at high latitudes. Observational data 
acquired from various satellite sensors were used to retrieve land surface 
phenological metrics in a number of studies, delivering satellite-based 
land surface phenology dataset would be helpful to a wide range of 
applications (Hmimina et al., 2013; Soudani et al., 2008; Zhang et al., 
2003). 

Multiple methods have been developed to retrieve land surface 
phenology metrics from satellite-derived vegetation index time series. 
The main idea for most of these methods is to identify the turning points 
in the time series of satellite-derived vegetation index. For example, the 
thresholding methods apply thresholds for seasonal amplitudes (or ab
solute values) to time series of vegetation index to extract the timing of 
key phenological metrics (Fischer, 1994; Justice et al., 1985; White 
et al., 1997; Wu et al., 2017). The curve derivative methods identifies 
the timing of key phenological metrics based on the extreme values in 
the first or higher order derivatives of vegetation index time series 
(Sakamoto et al., 2005; Yu et al., 2003). The delayed moving average 
method extracts the timing of key phenological metrics by searching for 
the intersections of the vegetation index time series and their moving 
average curves (Reed et al., 1994). The function fitting methods fit the 
vegetation index time series with specific functions (e.g., Logistic and 
Gaussian functions) and identifies the timing of key phenological met
rics based on the turning points of the fitted curves (Elmore et al., 2012; 
Fisher et al., 2006; Jönsson and Eklundh, 2004; Klosterman et al., 2014; 
Zhang et al., 2003). Despite that studies have applied the developed 
methods to retrieve land surface phenology metrics from regional to 
global scales (Piao et al., 2011; Xie et al., 2022; Yan et al., 2019; Zhang 
et al., 2003), different phenology retrieval methods could produce 
varied results and there is a need to enhance the interpretation of 
phenology retrieval methods. 

Evaluation of satellite-retrieved phenological metrics based on 
ground-based observations is essential to the development and appli
cation of land surface phenology products (Donnelly et al., 2022). 
Traditional ground observations require observers visiting sites at reg
ular time steps and provide phenological records for individual stands 
(Menzel et al., 2006; Schwartz et al., 2006). Ground-based phenology 
observation networks have become available in countries, including the 
Pan European Phenology Project (PEP725) (Templ et al., 2018), the 
Chinese Phenological Observation Network (CPON) (Dai et al., 2014; Ge 
et al., 2015; Guo et al., 2015), the USA National Phenology Network 
(USA-NPN) (Glynn and Owen, 2015), and the PhenoCam network 
(Hufkens et al., 2018; Seyednasrollah et al., 2019). A few studies found 
that satellite-derived phenology metrics have low correlations with 
ground-based phenological records due to mismatched spatial scales and 
varied definitions of phenology metrics (Ding et al., 2016; Zhang et al., 
2003), and positive correlations between satellite-retrieved phenolog
ical metrics and ground-based observations were found in our previous 
studies (Wu et al., 2021; Xin et al., 2020). To understand the perfor
mance of satellite-based land surface phenology products, it is helpful to 
evaluate derived phenological metrics using ground-based observations 
while accounting for the effects of spatial scales. 

Despite that existing satellite-based phenology studies favor time 
series data from moderate/coarse resolution sensors such as AVHRR and 
MODIS, there is a need to promote the development of global land 
surface phenology products due to limitations in sensor and data quality. 
MODIS has higher spatial resolution and better data quality than 
AVHRR, whereas AVHRR has nearly 20 years longer time series data 
than MODIS. For example, global land surface phenology product 
derived from the MODIS data (MCD12Q2) applied the thresholding 
method to retrieve the timing of phenology metrics dating back to 2001. 

The product offers results obtained from an empirical method and has 
found to have considerable missing values in the Southern Hemisphere. 
A global land surface phenology dataset developed based on AVHRR 
data (Wu et al., 2021) contains phenological metrics extracted from six 
phenology retrieving methods dating back to 1982, and it delivers the 
timing of two key phenological metrics within a calendar year, i.e., the 
start of the growing season (SOS) and the end of the growing season 
(EOS). The developed dataset had drawbacks as it did not account for 
multiple growing seasons of vegetation. 

The main objectives of this study are to 1) develop a long-term global 
land surface phenology dataset based on the AVHRR data by applying 
multiple phenology retrieving algorithms, 2) improve phenology 
retrieving algorithms by accounting for multiple growing seasons and 
multiple seasonal phenological metrics in a year, and 3) assess satellite- 
retrieved phenological metrics using field data. We aim to improve the 
product previously developed (Wu et al., 2021; Xin et al., 2020) by 
applying different methods to retrieve the timing of phenological met
rics, including SOS, maturity, senescence and EOS, for the time period 
from 1982 to 2018, and account for multiple growing seasons of vege
tation. We attempt to assess the performance of different phenology 
retrieving algorithms by evaluating using ground-based observations 
and flux tower data, and analyze the scale effects when retrieving 
vegetation phenology from satellite data at both site and regional scales. 

2. Data collection 

2.1. Satellite data 

Land Long Term Data Record (LTDR) developed by National Aero
nautics and Space Administration (NASA) provides long-term data from 
multiple satellite platforms (https://landweb.modaps.eosdis.nasa.gov/c 
gi-bin/ltdr/ltdr/ltdrPage.cgi) (Pedelty et al., 2007). Version 5 LTDR 
daily land surface reflectance dataset (AVH09C1) was used to calculate 
time series of two-band enhanced vegetation index (EVI2) on a daily 
basis (Jiang et al., 2008). AVH09C1 derived from the AVHRR data im
plements processes such as orbital drift correction, sensor calibration, 
atmospheric correction, and bidirectional reflectance distribution 
function (BRDF) correction. It has a spatial resolution of 0.05◦ and dates 
back to July 1981. Note that some inconsistencies were observed at 
northern high latitudes (~60◦ N) in the AVHRR record, possibly due to 
calibration issues. 

Because AVH09C1 has considerable amount of missing data in the 
years of both 1994 and 1997, we downloaded global GIMMS Leaf Area 
Index third generation (LAI3g) data (Zhu et al., 2013) from the releasing 
website (ftp://crsftp.bu.edu/cliveg/) for both years. GIMMS LAI3g was 
generated based on GIMMS NDVI and MODIS LAI data using a neural 
network algorithm. GIMMS LAI3g had been widely used for studies and 
applications on the monitoring and modeling of global vegetation. The 
dataset has a spatial resolution of 1/12◦and a time step of 15 days. 
GIMMS LAI3g in 1994 and 1997 were used as substitution data to 
AVH09C1 for retrieving the timing of land surface phenology metrics. 

We also used remote sensing data from both MODIS and Landsat, 
which have higher spatial resolution than AVHRR, for assessing the 
performance of the algorithm used to extract phenological metrics. The 
MODIS data were downloaded from the website of National Aeronautics 
and Space Administration (https://ladsweb.modaps.eosdis.nasa.gov/), 
and the Landsat data were downloaded from the website of United States 
Geological Survey (https://earthexplorer.usgs.gov/). We used MODIS 
products to make comparisons with the results extracted using algo
rithms in this study. The MODIS land cover type product (MCD12Q1) 
provides global land cover types at 500 m spatial resolution at annual 
time steps and contains six different classification schemes. We selected 
the University of Maryland (UMD) classification schemes in MCD12Q1 
to extract vegetated areas (i.e., forests, shrublands, grasslands, and 
crops) on a global scale. MCD12Q2 delivers the timing of land surface 
phenology metrics on a global scale at 500 m spatial resolution. The 
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product contains the number of vegetation growing cycles per year and 
the dates of key phenological metrics for each vegetation growing cycle. 
We compared the phenological metrics extracted from AVHRR with 
those extracted from MCD12Q2 on a global scale. In addition, to further 
test and assess the phenology retrieval algorithms, we used both the 
MODIS land surface reflectance product (MOD09Q1) and the Landsat 
land surface reflectance data (Thematic Mapper (TM) and Operational 
Land Imager (OLI)) to fuse and generate time series of high-spatial- 
resolution satellite data (Chen et al., 2021). MOD09Q1 is an 8-day 
composite land surface reflectance product at a spatial resolution of 
250 m. Landsat TM and OLI include 30 m multispectral images with 16- 
day revisiting time intervals. We chose two regions of Landsat scene (i. 
e., Path 13 / Row 30 and Path 25 / Row 28) as the test and assessment 
areas, corresponding to MODIS tiles h12v04 and h11v04. There are two 
main reasons for selecting these two regions. Firstly, the dominant land 
cover type in both regions is deciduous broadleaved forest with 
distinctive phenological characteristics. Secondly, two flux tower sites 
used in this study are located in these areas (i.e., Harvard Forest at Path 
13/Row 30 and Willow Creek at Path 25/Row 28), enabling a com
parison of phenological metrics extracted from different satellite sensors 
at both the site and regional scales. 

2.2. Field observation data 

To assess satellite-derived phenological metrics, we used ground- 
based phenology records and flux tower observations. The USA Na
tional Phenology Network (USA-NPN) collects ground-based phenology 
records that contain 243 phenological metrics for more than 400 plant 
types at nearly 3,000 sites. When processing the USA-NPN data, we 
treated the phenology records in deciduous vegetation from 2007 to 
2017 that were described as “breaking leaf buds” as SOS, which included 
5493 records from 1419 observation sites. We also treated the 
phenology records from 2008 to 2013 that were described as “all leaves 
fallen (deciduous)” as EOS, which included 297 records from 81 
observation sites. Additionally, we treated the phenology records in 
deciduous vegetation from 2008 to 2013 that were described as 
“>=75% of full leaf size” as maturity, which included 481 records from 
211 observation sites. 

The Pan European Phenology Database (PEP725) contains nearly 12 
million ground phenology records that include 46 phenological metrics 
coming from 121 plant species (Templ et al., 2018). Phenology metrics 
in PEP725 are defined according to the Biologische Bundesanstalt, 
Bundessortenamt and Chemical industry (BBCH) code (Meier, 1997). 
We chose the Betula observation records from 2002 to 2016 in PEP725 
and processed the records described as “leaf unfolding with first visible 
leaf stalk” (BBCH code 11) as SOS, which included 24,517 records from 
5073 observation sites. The records of Betula described as “autumnal 
coloring of leaves” (BBCH code 94) were treated as EOS, which included 
22,742 records from 4001 observation sites. Additionally, we selected 
the Vaccinium observation records from 2000 to 2013 in PEP725 and 
treated the records described as “leaves beginning to discolor” (BBCH 
code 92) as senescence, which included 515 records from 91 observation 
sites. 

Researchers in Harvard Forest have recorded phenology metrics of 
woody plants since spring in 1990 (O’Keefe, 2021). All observed tree 
individuals are located within 1.5 km of the Harvard Forest 

headquarters (42.535◦N, 72.185◦W) at the elevations between 335 and 
365 m. We used the phenology observation records (1990–2018) ac
quired at Harvard Forest to evaluate satellite-derived phenological 
metrics. 

Given the differences between ground-based and satellite-based 
definitions of phenology metrics, we also used LAI time series data 
from flux tower observations to assess the performance of satellite- 
derived phenology metrics. Richardson et al. (2012) conducted field 
experiments at four deciduous broadleaf forest sites (Table 1) to provide 
daily LAI measurements. We applied 20% of the seasonal amplitude to 
annual time series curve of LAI for extracting the timing of both SOS and 
EOS, and applied 70% of the seasonal amplitude to annual time series 
curve of LAI for extracting the timing of maturity and senescence during 
vegetation growing seasons. 

2.3. Supplementary data 

We attempt to account for multiple vegetation growth cycles in the 
produced product, and thus used the Global Cropping Intensity (GCI) 
dataset and its validation samples in the work of Liu et al. (2021) to 
assess the accuracy of the derived number of vegetation growth cycles in 
a calendar year. The GCI dataset spans from 2001 to 2019 with a spatial 
resolution of 250 m. The validation sample sites are all arable land types 
obtained by valid manual interpretation of EVI time series curves of 
Finer Resolution Observation and Monitoring of Global Land Cover 
(FROM-GLC) products. There are 2492 sample sites for each year from 
2001 to 2019. Based on validation samples, GCI was assessed to have a 
mean overall accuracy of 89%. 

3. Methods 

We processed the AVHRR EVI2 time series as smoothed gap-filled 
time series of EVI2 data to reduce the impact of clouds and noise. We 
developed an algorithm to identify vegetation cycles from the smoothed 
EVI2 time series. We fitted the time series of EVI2 for each vegetation 
cycle using a logistic function and extracted four phenological metrics (i. 
e., SOS, maturity, senescence, and EOS) for each vegetation cycle using 
four phenology retrieval methods. Compared to our previously pub
lished study, the key improvements to our algorithms are to account for 
multiple growing seasons and include two more phenology metrics in 
the produced dataset. Details regarding to our algorithms to extract 
phenology metrics are explained as follows. 

3.1. Processing time series of EVI2 data 

Based on the quality assessment data for the AVH09C1 product, we 
replaced the data identified as snow with the closest snow-free data in 
the EVI2 time series and used the median of the 7-point moving window 
to replace outliers in the time series that differed from that median by 
more than three standard deviations. In addition, we used spline inter
polation to fill up the missing data in the EVI2 time series and Savitzky- 
Golay (SG) filtering (Savitzky et al., 1964) to smooth the EVI2 time 
series. 

3.2. Identifying vegetation growth cycles 

We identified vegetation growth cycles for each calendar year from 
the processed time series of EVI2 data. Because growing cycles in the 
Southern Hemisphere are different from those in the Northern Hemi
sphere, we processed two consecutive years of EVI2 time series from six 
months preceding to six months following a calendar year and identified 
vegetation growth cycles for the corresponding calendar year. 

A complete vegetation growth cycle consists of a vegetation green-up 
phase and a vegetation brown-down phase. The vegetation green-up (or 
brown-down) phase corresponds to a period of time when EVI2 in
creases (or decreases) in a monotonous manner. Specifically, the 

Table 1 
Site information.  

site name latitude longitude years elevation 

SSA Old Aspen 53.63◦ N 106.20◦ W 2001–2006 601 m 
Morgan Monroe State Forest 39.32◦ N 86.41◦ W 2001–2005 275 m 
Univ. of Mich. Biological 

Station 
45.56◦ N 84.71◦ W 2001–2007 234 m 

Willow Creek 45.81◦ N 90.08◦ W 2001–2005 515 m  

W. Wu et al.                                                                                                                                                                                                                                     
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vegetation green-up phase is identified as the sustained period of in
crease from local minimum to local maximum in EVI2 time series, while 
the vegetation brown-down phase is identified as the time period of 
sustained decrease from local maximum to local minimum in EVI2 time 
series. In order to eliminate slight increases (or decreases) in EVI2 un
related to vegetation growth in the two-year EVI2 time series and to 
identify valid vegetation growth cycles, we used the following heuris
tics: (1) the duration of any identified period of sustained increase or 
decrease in EVI2 should be greater than 45 days and no more than 260 
days; (2) the ratio of the local maximum EVI2 to the corresponding local 
minimum EVI2 should be not less than 1.5, or the difference between the 
local maximum EVI2 and the corresponding local minimum EVI2 should 
be at least 0.15; (3) if the start or end of the monotonic variation in EVI2 
is in a year adjacent to the target calendar year, the duration of the 
sustained increase or decrease in EVI2 in the target calendar year shall 
be greater than 50% of its total duration of sustained increase or 
decrease. This process is repeated and the two-year EVI2 time series is 
partitioned into valid vegetation growth cycles. 

The number of annual vegetation growing seasons can then be 
determined by simply counting the number of valid vegetation green-up 
and brown-down phases. Single growing season denotes areas with one 
and only one valid green-up phase and brown-down phase in the EVI2 
time series, double growing season denotes areas with two and only two 
valid green-up or brown-down phases in the EVI2 time series, and triple 
growing season denotes areas with three and only three valid green-up 
or brown-down phases in the EVI2 time series. Note that although we 
identified pixels with triple growing seasons, we extracted the pheno
logical metrics for up two vegetation growing seasons per year. In other 
words, if there are three growing seasons, the number of annual vege
tation growing seasons metric will reflect the correct number, but 
phenological metrics will not be retrieved for the third growing season. 
Furthermore, we identified vegetated areas that did not exhibit 

significant seasonal changes and had EVI2 values greater than 0.35 for 
more than 45 days of the year as single growing season. In summary, the 
number of annual vegetation growing seasons metric contains four 
values of 0, 1, 2, and 3, indicating no growing season, single growing 
season, double growing season, and triple growing season, respectively. 

3.3. Fitting time series of EVI2 data 

To flexibly simulate vegetation growth under various conditions, we 
used logistic curve fitting functions (Zhang et al., 2003) to fit the EVI2 
time series during the green-up phase (Eq. (1)) and the brown-down 
phase (Eq. (2)) for each vegetation growth cycle: 

EVI2green− up(t) =
c

1 + ea+b*t +m (1)  

EVI2brown− down(t) = −
c

1 + ea+b*t + n (2)  

where t represents the time in days, both a and b are fitting parameters, c 
is the difference between maximum and minimum EVI2 in a vegetation 
growth cycle, m is minimum EVI2 in the vegetation growth cycle, and n 
is maximum EVI2 in the vegetation growth cycle. 

3.4. Extracting phenological metrics 

Extraction of phenological metrics is performed on each identified 
vegetation growth cycle. We applied four methods (Fig. 1), including the 
amplitude threshold (AT) method (Fischer, 1994; Jönsson and Eklundh, 
2004), the second-order derivative (SOD) method (Sakamoto et al., 
2005), the third-order derivative (TOD) method (Tan et al., 2011) and 
the curvature change rate (CCR) method (Zhang et al., 2003), to identify 
key turning points in the fitted EVI2 time series and derive the timing of 
key phenological metrics. 

Fig. 1. Schematic diagrams of four phenology retrieval methods using AVHRR-EVI2 data, including a) AT, b) SOD, c) TOD, and d) CCR. The four vertical lines in the 
figure represent SOS, maturity, senescence and EOS from left to right. 

W. Wu et al.                                                                                                                                                                                                                                     
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AT identifies the timing of key phenological metrics by applying 
thresholds to the amplitude of the EVI2 time series (Fig. 1a). We used a 
20% amplitude threshold (Zhou et al., 2016) to extract the timing of SOS 
(or EOS), and a 90% amplitude threshold (Gray et al., 2019) to extract 
the timing of maturity (or senescence) in the vegetation growing season. 
SOD identifies the timing of phenological metrics according to local 
extreme points in the second-order derivative curve of the fitted EVI2 
time series (Fig. 1b). When applying the method of SOD, SOS is identi
fied as the date when the first local maximum occurs in the second-order 
derivative curve of vegetation green-up phase; maturity is identified as 
the date of when the first local minimum occurs in the second-order 
derivative curve of vegetation green-up phase; senescence is identified 
as the date when the first local minimum occurs in the second-order 
derivative curve of vegetation brown-down phase; and EOS is identi
fied as the date when the first local maximum occurs in the second-order 

derivative curve of vegetation brown-down phase. TOD retrieves the 
timing of phenological metrics based on local extreme points in the 
third-order derivative curve of the fitted EVI2 time series (Fig. 1c). When 
applying the method of TOD, SOS (or maturity) is identified as the date 
when the first (or the second) local maximum occurs in the third-order 
derivative curve of vegetation green-up phase, whereas EOS (or senes
cence) is identified as the date when the first (or the second) local 
minimum occurs in the third-order derivative curve of vegetation 
brown-down phase. CCR identifies the timing of phenological metrics 
based on the local maximum in the curvature changes of EVI2 curves 
(Fig. 1d). When applying the method of CCR, SOS (or maturity) is 
identified as the date when the first (or the second) local maximum 
occurs in the curvature change curve of vegetation green-up phase. EOS 
(or senescence) is identified as the date when the first (or the second) 
local maximum in the curvature change curve of vegetation brown- 
down phase. 

3.5. Assessing the derived phenological metrics 

We used in-situ and remote sensing data to assess the derived 
phenological metrics. The Pearson’s correlation coefficient (r) and Root 
Mean Square Error (RMSE) are used to quantify the performance of the 
phenology retrievals. Specifically, we first evaluated satellite-derived 
phenological metrics (i.e., SOS, maturity, senescence, and EOS) using 
ground-based phenology observations (i.e., USA-NPN and PEP725). Due 
to the different definitions of phenological metrics in the different 
datasets, maturity was assessed using USA-NPN data only and senes
cence was assessed using PEP725 data only. Then we evaluated SOS, 
maturity, senescence, and EOS using flux tower observations (i.e., 
Harvard Forest and relative LAI time series data). Next, we compared the 
phenological metrics extracted in this study with the MODIS pheno
logical metrics. Note that our previous study has found that SOS (or 
EOS) extracted based on AVHRR data was consistent with SOS (or EOS) 
extracted based on MODIS data in terms of global distribution (Wu et al., 
2021), therefore, this paper only focuses on the performance of two 
phenological metrics, maturity and senescence. Finally, we compared 
the phenological metrics extracted from different satellite data at the site 
scale and regional scale. 

4. Results 

4.1. Assessment 

Ground-based phenology network observations, flux tower data and 
the MODIS global land surface phenology dataset were used to assess the 
performance of the phenology metrics extracted in this study. The de
tails are as follows. 

Firstly, the performances of the satellite-retrieved phenological 
metrics (i.e., SOS, maturity, senescence and EOS) were assessed using 
PEP725 and USA-NPN data (Table 2). When assessed using PEP725 data, 
SOS derived using all four phenology retrieval methods were signifi
cantly correlated with ground-based SOS. Senescence metrics derived 
using AT (p < 0.05) and SOD (p < 0.05) were significantly correlated 
with ground-based senescence metrics. None of the EOS derived using 
four phenology retrieval methods correlated significantly with ground- 
based EOS. When assessed using USA-NPN data, SOS and maturity 
metrics derived using AT, SOD, TOD, and CCR were significantly 
correlated with ground-based SOS and maturity metrics. EOS derived 
using AT (p < 0.01) and SOD (p < 0.01) were significantly correlated 
with ground-based EOS. 

Secondly, observations from flux towers (i.e., Harvard Forest and 
relative LAI time series data) were used to assess the performances of 
satellite-retrieved SOS, maturity, senescence and EOS (Table 3). When 
assessed using Harvard Forest data, SOS, maturity, and senescence 
metrics derived using four phenology retrieval methods were signifi
cantly correlated with field SOS, maturity, and senescence metrics. 

Table 2 
Evaluation of phenological metrics using phenology observation networks.  

Phenological metrics Methods PEP725  USA-NPN 

r RMSE 
(days)  

r RMSE 
(days) 

SOS AT 0.43** 37.27  0.58** 29.36 
SOD 0.62** 41.27  0.57** 30.71 
TOD 0.74** 54.57  0.51** 40.51 
CCR 0.73** 54.42  0.52** 39.55  

maturity AT / /  0.62** 17.16 
SOD / /  0.74** 14.03 
TOD / /  0.62** 17.66 
CCR / /  0.62** 17.64  

senescence AT 0.44* 31.97  / / 
SOD 0.68* 24.06  / / 
TOD 0.49 32.32  / / 
CCR 0.46 32.77  / /  

EOS AT 0.43 25.32  0.59** 26.70 
SOD 0.61 28.78  0.58** 28.75 
TOD 0.66 39.18  0.01 55.70 
CCR 0.64 38.25  0.10 52.80  

* denotes p < 0.05, ** denotes p < 0.01. 

Table 3 
Evaluation of phenological metrics using flux tower field data.  

Phenological metrics Methods  Harvard Forest relative LAI  

r RMSE 
(days) 

r RMSE 
(days) 

SOS AT   0.68**  6.69  0.76**  26.83 
SOD   0.68**  6.56  0.69**  28.42 
TOD   0.63**  8.80  0.50**  49.43 
CCR   0.63**  8.89  0.50**  48.05  

maturity AT   0.54*  4.05  0.71**  15.25 
SOD   0.83**  2.61  0.85**  8.32 
TOD   0.50*  4.15  0.69**  17.21 
CCR   0.51*  4.23  0.69**  17.39  

senescence AT   0.50*  9.86  0.61**  15.97 
SOD   0.64**  6.17  0.68**  12.42 
TOD   0.49*  10.30  0.60**  16.51 
CCR   0.49*  10.34  0.59**  16.55  

EOS AT   0.41*  8.84  0.81**  10.52 
SOD   0.42*  8.64  0.81**  11.87 
TOD   0.36  13.03  0.69**  31.66 
CCR   0.35  13.23  0.83**  30.17  

* denotes p < 0.05, ** denotes p < 0.01. 
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Among them, SOD achieved the best performance with rSOS = 0.68 and 
RMSESOS = 6.56 days; rmaturity = 0.83 and RMSEmaturity = 2.61 days; and 
rsenescence = 0.64 and RMSEsenescence = 6.17 days. EOS derived using AT 
(p < 0.05) and SOD (p < 0.05) were significantly correlated with 
ground-based EOS. When assessed using relative LAI time series data, 
SOS, maturity, senescence, and EOS derived using all four phenology 
retrieval methods were significantly correlated with field SOS, maturity, 
senescence, and EOS. Specifically, AT performed best in the extraction 
results of SOS (r = 0.76 and RMSE = 26.83 days); SOD showed the best 
performance in both maturity (r = 0.85 and RMSE = 8.32 days) and 
senescence (r = 0.68 and RMSE = 12.42 days) extraction results; EOS 
extracted using CCR exhibited the highest r = 0.83 and EOS extracted 
using AT exhibited the smallest RMSE = 10.52 days. 

Finally, we used the phenological metrics from the MODIS land 
surface phenology dataset (MCD12Q2) to assess the phenological met
rics extracted in this study. Fig. 2 compares the maturity retrieved from 
the AVHRR data (hereafter written as AVHRR-maturity) with maturity 
from the MCD12Q2 product (hereafter written as MODIS-maturity) in 
2015. The spatial distribution of MODIS-maturity (Fig. 2a) and AVHRR- 
maturity (Fig. 2b) is generally consistent at the global scale, while they 
show obvious differences in the Eastern and Southeastern South Amer
ica and Southeastern Africa. The timing of AVHRR-maturity for these 
regions is distributed in the second half of the year, while the timing of 
MODIS-maturity is mostly distributed in the first half of the year. Fig. 2c 
shows that the AVHRR-maturity is highly consistent with the MODIS- 
maturity in the latitudinal direction with a correlation coefficient r of 
0.830. Fig. 2d shows the density scatter plot of AVHRR-maturity 

compared with MODIS-maturity, which exhibits a significant correla
tion with the r of 0.626 and the RMSE of 37.12 days. 

Fig. 3 compares the senescence retrieved from AVHRR data (here
after written as AVHRR-senescence) with senescence from the 
MCD12Q2 product (hereafter written as MODIS-senescence) in 2015. 
Overall, the spatial distribution of MODIS-senescence (Fig. 3a) and 
AVHRR-senescence (Fig. 3b) remain consistent at the global scale, while 
AVHRR-senescence is apparently earlier than MODIS-senescence in 
Indochina Peninsula of Southeast Asia and slightly later than MODIS- 
senescence in Eastern South America and Southern Africa. In the lat
itudinal direction, the variation of AVHRR-senescence remains consis
tent with MODIS-senescence with a correlation coefficient r of 0.826 
(Fig. 3c). Fig. 3d shows that AVHRR-senescence is significantly corre
lated with MODIS-senescence with r = 0.584 and RMSE = 49.65 days. In 
addition, compared with MCD12Q2, the algorithm in this study did not 
detect seasonal changes in vegetation growth in tropical rainforest re
gions such as the Amazon Plain in South America and the Malay Ar
chipelago in Southeast Asia. 

4.2. Spatial distributions 

We mapped the average distribution of the four phenological metrics 
(i.e., SOS, maturity, senescence and EOS) in the first growing season of 
each year extracted using SOD worldwide from 1982 to 2018 (Fig. 4a, 
4b, 4c, and 4d). The dates of mean SOS and maturity gradually advanced 
from Arctic to the equator in the Northern Hemisphere. But the dates of 
mean SOS and maturity in parts of South and Southeast Asia are much 

Fig. 2. Comparison of global AVHRR-maturity and MODIS-maturity in 2015.  
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later than in the neighboring regions. The trends of mean senescence and 
EOS are reversed, they are gradually delayed from north to south in most 
regions of the Northern Hemisphere. But the dates of mean senescence 
and EOS in parts of South and Southeast Asia are much earlier compared 
to neighboring regions. In the Southern Hemisphere, the dates of mean 
SOS and maturity are delayed with increasing latitude, but are earlier in 
the southern part of South America than in the surrounding regions. The 
dates of mean senescence and EOS are advanced with increasing 
latitude. 

We also mapped the global distribution of SOS, maturity, senescence 
and EOS in the second vegetation growing season retrieved using SOD in 
2015 (Fig. 4e, 4f, 4g, and 4h). The areas where the second vegetation 
green-up phase in a year was observed mainly include Northern China, 
Northern India, Central and Eastern Africa, Central United States, 
Southeastern South America, and Western Europe (Fig. 4e and 4f). As 
shown in Fig. 4g and 4h, the areas where the second vegetation brown- 
down phase in a year was observed mainly include Northern China, 
Northern India, Central and Eastern Africa, Central and Southeastern 
South America, Southeastern Asia and Western Europe. 

Additionally, we mapped the global distribution of the number of 
vegetation growing seasons (taking 2015 as an example, Fig. 4i). Single 
growing season is found in most regions of the world. Double growing 
season is mainly found in the North China Plain, Northern India, Central 
Africa, Central and Southeastern South America, Southern Russia, 
Western Europe, and parts of North America. Triple growing seasons is 
observed mainly in Northern India, the North China Plain and parts of 
South America. 

4.3. Temporal trends 

We mapped the temporal trends of annual mean SOS, maturity, 
senescence and EOS retrieved using the four phenology retrieval 
methods in the Northern and Southern Hemispheres from 1982 to 2018. 
Note that we only explored temporal trends in phenological metrics for 
the first growing season of each year. In the Northern Hemisphere, the 
dates of annual mean SOS extracted using AT, SOD, TOD and CCR did 
not show significant trends over the past 37 years (Fig. 5a). The SOS 
extracted using TOD and CCR were close and significantly earlier than 
those extracted using AT and SOD. From 1982 to 2018, the dates of 
annual mean maturity extracted using AT and TOD were significantly 
advanced at 0.07846 day/year (p < 0.05) and 0.07998 day/year (p <
0.05), respectively (Fig. 5b). The dates of annual mean senescence 
extracted using AT, TOD and CCR exhibited significantly advanced 
trends of 0.1386 days/year (p < 0.05), 0.1793 days/year (p < 0.01) and 
0.1801 days/year (p < 0.01), respectively, during the period 1986 to 
2018 (Fig. 5c). Note that the date of maturity extracted using SOD was 
earlier than other methods, while the date of senescence extracted using 
SOD was later than other methods. The dates of annual mean EOS 
extracted using AT, SOD, TOD and CCR changed insignificantly during 
1982–2018 (Fig. 5d). The EOS extracted using TOD and CCR were highly 
similar and significantly later than those extracted using AT and SOD. 

In the Southern Hemisphere, from 1982 to 2018, the dates of annual 
mean SOS extracted using AT, SOD, TOD and CCR showed significantly 
delayed trends of 0.1957 days/year (p < 0.05), 0.2102 days/year (p <
0.01), 0.2750 days/year (p < 0.01) and 0.2686 days/year (p < 0.01), 
respectively (Fig. 5e). The SOS extracted using TOD and CCR were very 

Fig. 3. Comparison of global AVHRR-senescence and MODIS-senescence in 2015.  
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Fig. 4. Global spatial distribution of phenological metrics in the first growing season (a-d), phenological metrics in the second growing season (e-h) and the number 
of vegetation growing seasons (i). 
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Fig. 5. Temporal trends (1982–2018) in SOS (a and e), maturity (b and f), senescence (c and g) and EOS (d and h) extracted using four methods (i.e., AT, SOD, TOD 
and CCR) in the Northern and Southern Hemispheres. The colored solid lines indicate the fitted trend lines and the colored bars indicate the 95% confidence intervals. 
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close and earlier than those extracted using AT and SOD. The dates of 
annual mean maturity extracted using AT, SOD, TOD and CCR showed 
insignificantly advanced trends from 1982 to 2018 (Fig. 5f). The dates of 
annual mean senescence extracted using AT, SOD, TOD and CCR 
exhibited insignificant changes during the period 1986 to 2018 (Fig. 5g). 
The date of senescence extracted using SOD was later than those using 

other methods. Over the past 37 years, no significant trends were 
observed in the dates of mean EOS extracted using AT, SOD, TOD and 
CCR (Fig. 5h). 

The trends of phenological metrics at each pixel were calculated at 
the 95% confidence level for the results retrieved by SOD (Fig. 6). Be
tween 1982 and 2018, approximately 11.97% of the total pixels 

Fig. 6. Trends in the phenological metrics retrieved from the AVHRR data using SOD from 1982 to 2018, where a) is SOS, b) is maturity, c) is senescence, and d) 
is EOS. 

Fig. 7. Site-scale EVI2 time series at different spatial resolutions. a) is Willow Creek flux tower site in 2003, and b) is Harvard Forest flux tower site in 2015.  

Table 4 
Comparison of site scale phenological metrics based on EVI2 time series with different spatial resolutions and field data from flux towers.  

Data source Willow Creek (Lat: 45.810, Long: − 90.080)  Harvard Forest (Lat: 42.535, Long: − 72.185) 

SOS 
(DOY) 

maturity 
(DOY) 

senescence 
(DOY) 

EOS 
(DOY)  

SOS 
(DOY) 

maturity 
(DOY) 

senescence 
(DOY) 

EOS 
(DOY) 

AVHRR data 114 175 266 332  101 162 259 324 
MODIS data 120 158 259 340  92 141 264 320 
Fused data 101 161 250 318  104 166 248 321 
Flux tower data 141 155 269 292  128 149 285 293  
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exhibited significant changes in SOS, of which 7.29% showed an 
advancement. The proportion of significantly changed pixels in maturity 
accounted for 10.37% of the total pixels from 1982 to 2018, of which 
7.42% exhibited advanced trends. Additionally, from 1982 to 2018, 
10.58% of the total pixels exhibited significant changes in senescence, of 
which 5.48% showed significantly advanced trends and 5.10% had 
significantly delayed trends. Over the period of 1982 to 2018, the pro
portion of pixels with significant trends in EOS was 12.34% of the total 
pixels, while pixels with delayed trends accounted for 7.40%. 

4.4. Spatial scale effects 

Although satellite data has been widely used to retrieve phenological 
metrics, there are non-negligible scale effects between the phenological 
metrics extracted based on the remote sensing data from different sen
sors. Fig. 7 shows the site-scale EVI2 time series calculated based on the 
5 km AVHRR, 500 m MODIS and 30 m Landsat-MODIS fusion data, 
respectively. At the site scale, both the specific values and the curve 
trajectories of the EVI2 time series extracted based on different sensors 
show significant differences. For example, the difference between 
MODIS-EVI2 and Fused-EVI2 peaks is 0.4 at the Willow Creek site. 
Comparison of the EVI2 time series between the two sites shows that the 
EVI2 time series extracted based on different sensors have no regular 
features in terms of the relative magnitude of the values and the tra
jectory changes of the curves. 

Table 4 presents a comparison of site-scale SOS, maturity, senes
cence, and EOS based on different satellite sensors as well as flux tower 
data. At Willow Creek site, the maximum difference between the 
phenological metrics extracted based on different satellite data was 22 
days and the minimum difference was 3 days. The timing of SOS and 
senescence derived from flux tower data were later than those derived 

from satellites, while the timing of maturity and EOS derived from flux 
tower data were earlier than the timing of satellite-derived maturity and 
EOS. At Harvard Forest site, the maximum difference between the 
phenological metrics extracted based on satellite data of different res
olutions was 25 days and the minimum difference was 1 day. The 
phenological metrics derived from the flux tower data showed similar 
characteristics to the Willow Creek site except that the timing of 
maturity derived from MODIS data was earlier than the timing of 
maturity derived from the flux tower data. 

Fig. 8 compares the regional-scale phenological metrics retrieved 
based on EVI2 time series data with different spatial resolutions. 
Although more spatial details are available in the high-resolution 
phenological metrics results for both regions, the 30 m, 500 m and 5 
km resolution phenological metrics results are highly consistent in terms 
of regional spatial distribution. 

Table 5 presents a comparison of the mean SOS, maturity, senescence 
and EOS at different spatial resolutions retrieved using the SOD method 
at the regional-scale. In Region 1, the dates of mean SOS, maturity and 
senescence derived from 500 m MODIS data were the earliest and those 
derived from 5 km AVHRR data were the latest, with the maximum 
differences of 14 days, 10 days and 22 days, respectively. The dates of 
mean SOS and senescence retrieved based on 500 m MODIS data were 
very close to those retrieved based on 30 m fused data, where the dif
ference in mean SOS was 1 day and the difference in mean senescence 
was 2 days. The earliest and latest mean EOS were extracted from the 30 
m fused data and 5 km AVHRR data, respectively, with a 17-day dif
ference. In Region 2, the date of mean SOS retrieved based on MODIS 
data was the earliest and the date of mean SOS retrieved based on 
AVHRR data was the latest, with a difference of 24 days. The earliest 
mean maturity was derived from MODIS data, and the latest mean 
maturity was derived from fused data, with a difference of 5 days. The 

Fig. 8. Comparison of regional-scale phenology information at different spatial resolutions (taking the SOD retrieval results in 2015 as an example). a) represents the 
region of Landsat scene: Path 13 / Row 30 and b) represents the region of Landsat scene: Path 25 / Row 28). 

Table 5 
Comparison of regional-scale mean SOS, maturity, senescence and EOS retrieved from EVI2 time series data at different spatial resolutions.  

Data source Region 1 (Landsat scene: Path 13 / Row 30)  Region 2 (Landsat scene: Path 25 / Row 28) 

Mean SOS 
(DOY) 

Mean maturity 
(DOY) 

Mean senescence 
(DOY) 

Mean EOS 
(DOY)  

Mean SOS 
(DOY) 

Mean maturity 
(DOY) 

Mean senescence 
(DOY) 

Mean EOS 
(DOY) 

AVHRR data 115 150 264 322  114 154 248 304 
MODIS data 101 140 242 311  90 152 244 329 
Fused data 102 145 244 305  97 157 236 301  
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difference between the earliest mean senescence derived based on the 
fused data and the latest derived based on the AVHRR data was 12 days. 
The earliest mean EOS retrieved from the fused data and the latest 
retrieved from the MODIS data are 28 days apart. 

5. Discussion 

Here, we develop a global land surface phenology dataset from 1982 
to 2018 based on AVHRR data using four phenology retrieving methods. 
The extracted dataset provides records of phenological information for 
up to two vegetation growing seasons, such as multi-cropping, precipi
tation-driven green-up events, and other phenological regimes that 
deviate from the common single annual green-up or brown-down event 
pattern, with specific phenological metrics including SOS, maturity, 
senescence, and EOS. The phenological metrics extracted by different 
methods remain largely consistent in terms of spatial distribution 
(Figs. 4, A1, and A2). Notably, we found that the quality of the LTDR 
land surface reflectance product (AVH09C1) was severely declined 
above 60◦ N. Due to some inconsistencies in AVH09C1 product at high 
latitudes (~60◦ N), the phenological metrics retrieved accordingly are 
also discontinuous in this region. For example, SOS exhibits significant 
discontinuities above 60◦ N due to declined data quality. Hence, AVHRR 
data should be used with caution above 60◦ N. 

As phenological metrics extracted using different methods vary 
greatly (Gan et al., 2020; Wu et al., 2021; Xin et al., 2020), it is necessary 
to evaluate the performances of different phenology retrieving methods 
using multiple field data. As shown in Tables 2 and 3, the four phenology 
retrieving methods used in this study, AT, SOD, TOD and CCR, have 
been proven to be effective in extracting SOS, maturity, senescence, and 

EOS by ground-based observations. Nevertheless, due to differences in 
spatial scales and definitions of phenological metrics, satellite-derived 
phenology products may not be fully consistent with those based on 
ground-based observations. The satellite-derived phenological metrics 
have different characteristics from those of ground-based observations, 
and reflect mainly the phenological changes of overall mixed type. The 
ground-based observations tend to select vegetation that is more sensi
tive to climate, and therefore, the satellite-derived phenological metrics 
are generally later than the ground-based phenological metrics. For the 
phenology dataset generated in this study, users can flexibly choose the 
phenological metrics derived by different methods according to the 
actual situation. For example, if the users need to acquire phenological 
metrics that are the closest with ground-based observations, it is rec
ommended using the SOS and EOS extracted by AT and maturity and 
senescence extracted by SOD. 

In addition to the site-scale assessment, we also compared the dataset 
extracted in this study and MCD12Q2 at the global scale. Fig. 2 shows 
that the spatial distribution of MODIS-maturity and AVHRR-maturity 
remains largely consistent at the global scale, but there are significant 
differences in eastern and southeastern South America and southeastern 
Africa. In these regions, the timing of maturity extracted in this study is 
concentrated in the second half of the year, while the timing of maturity 
extracted in MCD12Q2 is concentrated in the beginning of the year. As 
we know, the vegetation growing season in the Southern Hemisphere is 
reversed to that of the Northern Hemisphere. Therefore, one possible 
reason is that the MCD12Q2 product extracted the phenological metrics 
from the previous year’s vegetation growth cycle. Similarly, the senes
cence extracted in this study and MCD12Q2 are consistent in their global 
spatial distribution. However, in Indochina Peninsula of Southeast Asia, 

Fig. 9. Comparison of the number of vegetation growing seasons extracted by the three algorithms across the five MODIS tiles (i.e., h10v05, h13v12, h18v03, 
h25v06, and h27v05) in 2012. 
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Fig. A1. Distribution of global mean SOS, maturity, senescence and EOS (during the first vegetation growing season of each year) over 37 years (1982–2018) 
retrieved using AT, TOD and CCR. 
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Fig. A2. Distribution of global SOS, maturity, senescence and EOS retrieved using AT, TOD and CCR in the second vegetation growing season of 2015.  
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Fig. A3. Trends in the phenological metrics (i.e., SOS, maturity, senescence and EOS) retrieved from the AVHRR data using AT, TOD and CCR from 1982 to 2018.  
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the timing of AVHRR-senescence is concentrated in the first half of the 
year, while the timing of MODIS-senescence is concentrated in the sec
ond half of the year (Fig. 3). As vegetation growth in Indochina Penin
sula is driven by precipitation and the rainy season of the year is 
concentrated from May to November (Suepa et al., 2016), vegetation 
brown-down phase generally lasts from the end of the previous year to 
the beginning of the rainy season in the current year. According to the 
statistical principle of vegetation growing season in this study, we 
identified the vegetation brown-down phase in the region from the end 
of the previous year as the growth cycle in the current year. In contrast, 
the brown-down phase extracted by MCD12Q2 in the region started in 
the winter of the current year and lasted until the next year. Therefore, 
there is still a large uncertainty in how to identified the vegetation 
growth cycle of the precipitation-driven vegetation growth regions in 
the target year. 

To effectively assess the number of vegetation growing seasons 
extracted in this study, we extracted the number of vegetation growing 
seasons across the five MODIS tiles (i.e., h10v05, h13v12, h18v03, 
h25v06, and h27v05) in 2012 based on the 250 m MOD09Q1 product, 
where the tile of h10v05 is located in the Southeastern United States, the 

tile of h13v12 is located in Southeastern South America, the tile of 
h18v03 is located in Northwestern Europe, the tile of h25v06 is mostly 
located in Northern India, and the tile of h27v05 is located in Northern 
China. The number of vegetation growing seasons extracted in this study 
is consistent with MCD12Q2 and Global Cropping Intensity (GCI) 
(Fig. 9). In h10v05 and h13v12, the double growing season region was 
the most abundant in GCI, followed by this study, and the least in 
MCD12Q2. In h18v03 and h25v06, the double growing season regions 
extracted in this study remained consistent with GCI, and were slightly 
less MCD12Q2. In h27v05, the three products extracted approximately 
the same double growing season regions, but GCI identified larger triple 
growing season regions. One possible reason is that the GCI data used an 
18-month EVI time series (e.g., the 2012 GCI was extracted from 
continuous EVI time series from October 2011 to March 2013) to 
identify the number of vegetation growth cycles per year. Moreover, 
Fig. A5 shows the annual overall accuracy of the number of global 
vegetation growing season assessed using the annual worldwide crop
ping intensity validation samples (Fig. A4) from 2001 to 2018, with the 
highest overall accuracy of 0.7599 in 2011. Meanwhile, the average 
overall accuracy from 2001 to 2018 is 0.7381 with a standard deviation 
of 0.0152. Note that higher accuracy for higher spatial resolution 
products based on the same validation data. For example, Liu et al. 
(2021) found that the cropping intensity dataset (250 m) from 2001 to 
2019 had a good overall accuracy performance, with an average OA of 
88.97% and a maximum precision of 89.97%. 

Long-term trends in phenological metrics can reflect the character
istics of climate change. As shown in Fig. 5, in the Northern Hemisphere, 
both mean SOS and EOS extracted using the four methods (i.e., AT, SOD, 
TOD, and CCR) did not change significantly from 1982 to 2018; mean 
maturity extracted using AT and TOD showed significantly advanced 
trends over the past 37 years; mean senescence extracted using AT, TOD 
and CCR showed significantly advanced trends between 1982 and 2018. 
In the Southern Hemisphere, mean SOS extracted using all four methods 
showed significantly delayed trends from 1982 to 2018, while other 
phenological metrics exhibited insignificant changes. In other words, 
this study found that from the 1980 to 2018, summer and autumn were 
significantly advanced in the Northern Hemisphere and spring was 
significantly delayed in the Southern Hemisphere. Additionally, the 
spatial distribution characteristics of the temporal trends extracted 
using various methods were similar at the pixel scale (Figs. 6 and A3). 

The data from different satellite sensors are inherently different, and 
there are non-negligible spatial scale effects in the phenological metrics 

Fig. A4. Global cropping intensity validation sample sites in 2001, for example.  

Fig. A5. Overall accuracy of the annual number of vegetation growing season 
from 2001 to 2018. 
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extracted based on different satellite data. At the site-scale, despite that 
the overall intra-annual trends of the AVHRR-EVI2, MODIS-EVI2, and 
Fused-EVI2 time series curves are consistent, the time series trajectories 
from different sensors and the relative magnitude of the EVI2 values are 
uncertain (Fig. 7). The phenological metrics derived based on the site- 
scale AVHRR-EVI2, MODIS-EVI2 and Fused-EVI2 time series are rela
tively close to each other, with a minimum difference of 1 day and a 
maximum difference of 25 days. Nevertheless, there are significant 
differences between ground-based and satellite-based phenological 
metrics, and phenological metrics based on higher spatial resolution 
satellite data are not necessarily closer to those based on field obser
vations. Taking the Willow Creek site as an example, SOS retrieved from 
MODIS data, maturity retrieved from MODIS data, senescence retrieved 
from AVHRR data, and EOS retrieved from Fused data are the closest to 
the corresponding metrics extracted from field observations, respec
tively (Table 4). At the regional-scale, the phenological metrics (i.e., 
SOS, maturity, senescence and EOS) retrieved based on AVHRR-EVI2, 
MODIS-EVI2, and Fused-EVI2 time series, respectively, remained 
consistent in spatial distribution (Fig. 8). Nevertheless, the regional- 
scale mean phenological metrics results (Table 5) indicate that there 
are large differences in the satellite-based phenological metrics results at 
different spatial resolutions, which may affect the analysis of the tem
poral trends of phenological metrics at regional-scale. It is necessary to 
further develop land surface phenology datasets with different resolu
tions and to assess their potential for application in different scenarios. 

6. Conclusion 

We retrieved the global SOS, maturity, senescence, and EOS from 
1982 to 2018 using four common phenology retrieving methods (i.e., 
AT, SOD, TOD, and CCR) based on long time series of AVHRR obser
vations, and accounting for multiple vegetation growing seasons in a 
year. From 1982 to 2018, summer and autumn were significantly 
advanced in the Northern Hemisphere and spring was significantly 
delayed in the Southern Hemisphere. Phenological metrics retrieved 
using the four methods are positively correlated with those derived from 
phenology observation networks and flux tower observations. Despite 
that the differences in satellite sensors have a significant impact on the 
phenology retrieval, the phenological metrics retrieved based on 
AVHRR in this study are consistent with those retrieved based on higher 
spatial resolution, such as MODIS (500 m) and Landsat-MODIS fusion 
(30 m) time series, at both site-scale and regional-scale. In summary, the 
developed dataset includes global SOS, maturity, senescence and EOS of 
two vegetation growing seasons per year extracted by four methods, 
aiming to provide a reference for the researches and applications of land 
surface phenology. The global annual land surface phenology data are 
available at https://doi.org/10.6084/m9.figshare.20375394.v2. 
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