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A B S T R A C T   

Land surface phenology (LSP) is beneficial to understand ecosystem response to climate change, vegetation and 
crop type discrimination, and ecological modeling. However, the existing efforts based on coarse resolution data 
(≥500 m) cannot perform well in regions with higher spatial heterogeneity and multi-cropping system, such as 
China. Given that the majority of 10 m/30 m-based phenological research has focused on North America and 
Europe, developing spatiotemporally explicit LSP data in China is imperative. More importantly, the existing 30 
m LSP products are mainly suitable for vegetation types with a single vegetation cycle, but cannot work well for 
biomes with complex seasonality (e.g., multiple growth cycles). Here we first harmonized three vegetation 
indices, i.e., the normalized difference vegetation index (NDVI), two-band enhanced vegetation index (EVI2), 
and land surface water index (LSWI) from Landsat-7/8 and Sentinel-2 imagery on the Google Earth Engine (GEE) 
platform. We then developed a new 30 m LSP algorithm that unified different phenological cycle-seeking pro-
cesses per vegetation type and improved the existing algorithm. Furthermore, we used the algorithm to estimate 
the LSP product (LSP30CHN) for 2016–2019 across China, suitable for all vegetation types. The validation results 
showed a reasonably high accuracy (R2 

> 0.6, RMSE < 15 days, mostly) of the LSP30CHN data against multi- 
sources in-situ observational (e.g., PhenoCam) and satellite-retrieved vegetation phenology data. Moreover, 
LSP30CHN data showed a consistent pattern but finer spatial details with the 500 m Moderate Resolution Im-
aging Spectroradiometer (MODIS) phenology product (MCD12Q2) at the homogenous area. We also found that 
phenological differences between LSP30CHN and MCD12Q2 increased with surface fragmentation, suggesting 
the potential of LSP30CHN to delineate phenological information on more fragmented landscapes. In contrast, 
the 500 m LSP data cannot provide such details in the regions with mixed cropping structures (e.g., corn, rice, 
and soybean) and multiple cropping index (e.g., single- and double-cropping systems). This study offers high 
accuracy of the LSP map for China, valuable for finer phenology-based services such as field-level crop man-
agement and agricultural phenology monitoring. It opens up new insights about exploring large-scale refined 
agricultural management and ecological assessment for other regions with complicated, fragmented landscapes 
and vegetation seasonality.  
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1. Introduction 

The phenological shifts of vegetation in a changing climate affect the 
seasonal carbon cycle (Richardson et al., 2013), agricultural production 
(Gao and Zhang, 2021), hydrologic processes (Zeng et al., 2017), and 
even bring feedback on climate change (Piao et al., 2019). Therefore, 
accurate phenological information is crucial for quantifying terrestrial 
response to climate change, agricultural production, implementing zero 
carbon targets (carbon neutrality) (Chen, 2021), and also contributing 
to land cover and land use mapping (Dong et al., 2016). The spatially 
and temporally continuous satellite-retrieved land surface phenology 
(LSP) data provide unprecedented opportunities for understanding 
phenological dynamics at global and regional scales. The key LSP met-
rics usually include the timing of the phenological events related to 
vegetation photosynthesis, such as the start (SOS), end (EOS), and length 
(GSL) of the growing season (Keenan et al., 2014; Piao et al., 2019), as 
well as the peak (POS) of the growing season (Yang et al., 2019). 

In recent decades, the increasing archive of satellite data has greatly 
benefited LSP retrievals. Several LSP data products with coarse spatial 
resolutions have been generated and widely used by leveraging high 
temporal time series from multi-sensors satellite observations such as 
the Advanced Very High Resolution Radiometer (AVHRR, ~8km), 
Moderate Resolution Imaging Spectrometer (MODIS, 500 m) (Gray 
et al., 2019), and Visible Infrared Imager Radiometer Suite (VIIRS, 500 
m) (Zhang et al., 2020a). However, those coarse resolution LSP products 
frequently contain a mixture of multiple vegetation types due to the 
limitation of their moderate spatial resolution, and thus cannot fully 
characterize the spatial patterns of phenological variations relevant to 
ecologically important processes (crop growth, forest disturbance, 
topography, land use, and microclimates) at the landscape scale (Bolton 
et al., 2020; Zhang et al., 2020b). Local-scale phenological events, 
especially in landscapes that are topographically complex, fragmented, 
or affected by human management, have not been resolved in coarse- 
resolution LSP products (Montgomery et al., 2020; Richardson et al., 
2013). For instance, the MODIS Global Vegetation Phenology product 
(MCD12Q2 Version 6; MCD12Q2 hereafter) demonstrated its reliability 
over large regions, especially in temperate deciduous vegetation. 
However, the MCD12Q2 algorithm could result in failed LSP retrievals 
for those arid and semi-arid areas with high spatial heterogeneity and 
low vegetation due to its globally conservative approach (vegetation 
growth amplitude rule) that did not produce LSP results if the amplitude 
of input vegetation indices was very low (Xie et al., 2022). Therefore, 
new LSP data with 30 m spatial resolutions capable of resolving 
landscape-scale features and processes are needed (Zhang et al., 2017; 
Zhang et al., 2020b), which is still not clear if it is good for phenology 
detection. 

To monitor finer LSP for the relatively heterogeneous land cover 
landscapes (e.g., urban areas) (Li et al., 2019) and guide fine agricultural 
management (e.g., smallholder farms) and assist land use mapping, the 
remote sensing community has increasingly focused on Landsat 30 m 
remote sensing imagery (Claverie et al., 2018; Melaas et al., 2013a). 
Various studies generated interannual variation of Landsat-retrieved 
LSP metrics for a given pixel by comparing annual phenological 
timing shifts relative to the long-term vegetation seasonality (or 
phenology) that was obtained from multiple-year average observations 
(Fisher et al., 2006; Li et al., 2019; Melaas et al., 2013b; Melaas et al., 
2018; Melaas et al., 2016). This assumption of static seasonal vegetation 
growth amplitude and leaf expansion rate was made to suppress the 
limitation that Landsat time series have a few usable/valid annual ob-
servations per year which are not dense enough for function-fitting 
methods (Li et al., 2019; Melaas et al., 2016). There is no doubt that 
this approach is one of the only viable methods of retrieving moderate 
resolution LSP prior to the availability of abundant Sentinel-2 time se-
ries, which is of great value given the temporal depth of the existing 
Landsat archive. However, reliable phenological retrieval should avoid 
relying on time scales where surface changes are likely to occur (e.g., 

decades) and should be based on satellite observations in the target year 
to the extent possible (Bolton et al., 2020; Zhang et al., 2020b). One 
study retrieved a 30 m long-term (1984–2019) Landsat-based annual 
LSP product using the double-logistic function (DBL) fitting method and 
Bayesian hierarchical model (Gao et al., 2021). This product may 
approximately retrieve multi-year averages and yearly LSP metrics 
which greatly benefited phenological dynamics at 30 m spatial resolu-
tion and over the past three decades. However, it is more applicable to 
single-season vegetation such as deciduous forests, and may not perform 
well for the multi-cropping system with complex seasonality and sparse 
vegetation types, that result from the design of the phenology extraction 
model (Gao et al., 2021). 

Recently, annual LSP retrieved from Sentinel-2 has proven to be 
feasible, thus overcoming the limitations imposed by Landsat’s longer 
temporal resolution. The Sentinel-2 satellites at 10 m spatial and with a 
revisit time of 5 days aid continental-scale high-resolution LSP mapping 
(Drusch et al., 2012) and have been applied at local scales (d’Andrimont 
et al., 2020; Vrieling et al., 2018) and Europe (High-Resolution Vege-
tation Phenology and Productivity dataset; HR-VPP) (Copernicus, 2020; 
Salinero-Delgado et al., 2021; Tian et al., 2021). The core of the HR-VPP 
algorithm is the identification of single or double growing seasons, and 
then the seasonality was determined by a spline fitting to the original 
data before the DBL fitting (Jönsson et al., 2018; Tian et al., 2021), 
which is still unable to accurately fit the growth trajectory of multi- 
season vegetation due to the inherent limitations of the DBL on the 
pre-defined fitting parameters and curve shapes. Not to mention the fact 
that it has been pointed out that the DBL is not well suited to the EOS 
estimate of the crop due to time series do not closely resemble logistic 
growth in those in systems (Gray et al., 2019). 

Sentinel-2 data provide spectral information and spatial resolution 
similar to Landsat data. There is a large-scale 30 m Harmonized Landsat 
Sentinel-2 (HLS) data product that can be used for LSP mapping, which 
integrates Landsat-8 (NASA) and Sentinel-2 (ESA) measurements into 
global observations of the land every 2–3 days at 30 m spatial resolution 
(Bolton et al., 2020; Claverie et al., 2018; Zhang et al., 2020b). Bolton 
et al. (2020) generated an HLS-based LSP data product (MSLSP30NA) 
for North America using the MCD12Q2-like phenological retrieval 
methods (i.e., smoothing spline and seasonal amplitude threshold 
approach). MSLSP30NA is currently only a 30 m continental-scale LSP 
product available from 2016 to 2019. In addition to the HLS data 
alternative, Zhang et al. (2020b) produced a 30 m LSP product in eight 
HLS tiles in the United States from a synthesized time series by fusing 
HLS-VIIRS data combined with the hybrid piecewise logistic model. The 
complicated data fusion depends on the cloud-free Landsat-MODIS 
image pairs available for a given region, and thus the method is still 
limited to the local scale (Gao et al., 2017). Technically, these annual 
LSP products mentioned above have been derived based on a valid 
vegetation cycle detection procedure that is prone to ambiguity. They all 
underperform more or less in multi-season vegetation patterns. For 
example, MCD12Q2 and MSLSP30NA products have a considerable 
misestimate on the identification of the leaf emergence/senescence 
stage of winter crops such as winter wheat (Liu et al., 2020). These al-
gorithms often identify the leaf emergence stage as the green-up stage 
due to their limited robustness (Fig. S1; see Section 2.4.2). That is, if the 
amplitude ratio of a vegetation cycle during the overwintering period is 
>35% in many winter wheat, the cycle will be misidentified by these 
LSP algorithms as true, resulting in the wrong SOS or EOS (Fig. S1). On 
the other hand, although several 30 m LSP products have been pro-
duced, large-scale multi-source efforts are rare because the procedures 
are data-demanding and computationally intensive (Claverie et al., 
2018). Fortunately, cloud-based distributed data/processing platforms, 
such as the Google Earth Engine (GEE), a planetary-scale geospatial 
analysis platform, have provided an unprecedented opportunity to 
address the contradiction between the demand for fine phenological 
applications and the inadequate supply of fine LSP products (Descals 
et al., 2021; Gorelick et al., 2017; Salinero-Delgado et al., 2021). 

J. Yang et al.                                                                                                                                                                                                                                    



ISPRS Journal of Photogrammetry and Remote Sensing 202 (2023) 610–636

612

Researchers and policymakers in every country or region want to get 
a better understanding of accurate LSP information and its spatial 
variation. At present, such information is either unavailable or available 
in a very coarse spatial detail. Given that the majority of phenological 
research has focused on North America and Europe, this is important to 
develop spatiotemporally explicit 30 m LSP data in China related to 
spatial patterns of local variability. Mapping LSP at 30 m resolution is an 
opportunity that can be addressed by 30 m rather than 500 m data in 
China. The land surface in China is characterized by an intricate 
patchwork of fragmented landscapes (e.g., crop fields with asynchron-
ized phenology) with highly fragmented land use and dramatic land-use 
change, and great human influence (Li et al., 2019; Qiu et al., 2020b). 
On the other hand, the production of 30 m LSP is also challenging in 
China. The Chinese terrestrial surface has more extensive, complex, and 
diverse vegetation cycles and cropping systems (e.g., single and double 
cropping) (Liu et al., 2014), unlike areas (e.g., North America) with 30 m 
LSP data products where single cropping system are almost uniform and 
double cropping crops are rare (Fig. S2) (Bolton et al., 2020; Friedl et al., 
2019). There are multiple attempts to retrieve the 30 m LSP in local 
areas of China. The multiple vegetation cycles of crop vegetation were 
portrayed by using a single vegetation index (Niu et al., 2022; Pan et al., 
2015; Qiu et al., 2020a) or combining multiple vegetation indices that 
work together to characterize the state of the land surface (Liu et al., 
2020), which were carried out at small-scale and for a single vegetation 
type. For example, Pan et al. (2015) mapped crop LSP using 30 m HJ-1 
A/B remote sensing imagery derived from China Environment Satellite 

in Guanzhong Plain in Shaanxi Province, China. One major drawback is 
that the large-scale production and application of LSP products based on 
Chinese high-resolution satellites, such as HJ and GF, is very difficult 
due to the lack of unified standardized preprocessing (topographic and 
atmospheric correction, etc.) and data sharing. Furthermore, it is diffi-
cult to design an algorithm to be applicable to multiple vegetation types 
over large areas. The current phenological algorithms for the 30 m 
landscape-scale proposed in previous studies are applicable to either a 
single-cycle vegetation type (Liu et al., 2020; Pastick et al., 2020; Wang 
et al., 2020; Zhang et al., 2022) or multiple-cycle systems at local scales 
(Liu et al., 2020; Wang et al., 2020; Zhang et al., 2020b). Despite existing 
efforts in multiple cycles in the coarse resolution image-based analyses 
(Gray et al., 2019; Zhang et al., 2020a), it is still unclear whether those 
are good for phenology detection in China, and a unified algorithm for 
the 30 m LSP retrieval algorithm for different vegetation, including 
diverse vegetation cycles, is unavailable. 

To close these knowledge gaps, we aim to develop and evaluate a 
new unified algorithm for vegetation phenological retrieval across bi-
omes, designed to fill the above gaps and generate a 30 m LSP product at 
broad scales by integrating Landsat-7/8 and Sentinel-2 time series 
(Fig. 1). The main objectives of this study are: (1) To present a new al-
gorithm embedded in the GEE platform for estimating landscape-scale 
LSP metrics from Landsat-7/8 and Sentinel-2 satellite imagery in 
China; (2) To describe and characterize an LSP data product 
(LSP30CHN) based on the proposed algorithm; and (3) To validate the 
LSP30CHN product using multi-source in-situ measurements of 

Fig. 1. Flowchart illustrating production and validation of our new algorithm for generating 30 m land surface phenology from combined Landsat-7/8 and Sentinel-2 
time series. Please see Table 1 for more data specifications. In order to ensure the scalability and robustness of our algorithm, although MSLSP30NA data product was 
only for North America, we still used it to make a comparison with our product in North America (see Section 2.5.2 for details). TOA: top-of-atmosphere reflectance. 
S-G: Savitzky–Golay filter, a data smoothing method. 
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phenology and to implement comparisons with frequently-used satel-
lite-retrieved LSP data products. 

2. Materials and methods 

2.1. Overview of the phenological metrics retrieval 

We used a two-band enhanced vegetation index (EVI2) time series 
from the integrated Landsat-7/8 and Sentinel-2 imagery for LSP 
retrieval in China at 30 m resolution, due to its ability to eliminate the 
background and atmosphere noises and its non-saturation, a typical 
NDVI problem (Huete et al., 2002; Zhang et al., 2020b). Here we tar-
geted a unified algorithm across biomes with diverse vegetation cycles 
(Fig. 1), including 1) integration of EVI2 time series in 2016–2021 from 
Landsat-7/8 and Sentinel-2 datasets, 2) gap-filling and smoothing the 
noisy EVI2 time series, 3) identifying valid vegetation cycles in EVI2 
time series, 4) estimation of phenological metrics (i.e., SOS, EOS, GSL, 
and POS), and 5) validation/comparison of phenological retrievals. The 
detailed processing description was as follows. 

2.2. Data and preprocessing 

2.2.1. Landsat and Sentinel-2 data 
We used the integrated Landsat-7/8 and Sentinel-2 imagery for LSP 

retrieval in China at 30 m resolution. The Collection 2 calibrated top-of- 
atmospheric (TOA) reflectance data during 2016–2021, hosted on the 
GEE platform, were used in this study (Fig. S3). TOA reflectance data 
were obtained from Landsat-7 Enhanced Thematic Mapper Plus 
(ETM+), Landsat-8 Operational Land Imager (OLI), and the Sentinel- 
2A/2B MultiSpectral Instrument (MSI) orthorectified TOA reflectance 
(Level-1C) (Table 1). The winter crops (e.g., winter wheat and winter 
rapeseed) whose vegetation cycles are always across calendar bound-
aries, are widely distributed in China (Dong et al., 2020; Liu et al., 
2020). To reduce uncertainty due to land cover land use change, the 
computation period is shrunk in our algorithm while ensuring that we 
included all the growth characteristics of the vegetation as much as 
possible. For each target year, 6 months of the preceding year, 12 
months of the target year plus 3 months of the subsequent year, a total of 
21 months were selected for phenological estimation. In this study, we 
chose to study the period from July 2015 to March 2022 for 2016–2021. 
For example, considering 2019 as the target year, we selected data from 
July 2018 to March 2020. All poor-quality observations that were un-
related to vegetation signals were identified, including cloud, cloud 
shadows, cirrus, and snow/ice, as well as Landsat-7 ETM + scan line 
corrector (SLC)-off gaps (Arvidson et al., 2006; Chen et al., 2011). These 

invalid observations were identified by the quality assurance (QA) flags, 
which used the FMask algorithm (Foga et al., 2017; Zhu et al., 2015), 
and were reduced for individual sensors (ETM+, OLI, and MSI). 

We calculated the spatial and frequency distributions of all obser-
vations and valid (i.e., good-quality) observations, respectively. Fig. 2 
showed the spatial distributions of the number of valid observations in 
the study period across China from the combined Landsat-7/8 and 
Sentinel-2 TOA datasets. The combined Landsat/Sentinel data can 
guarantee at least one valid observation per month for implementing our 
phenological algorithm (Fig. 2 d-f). 

2.2.2. Land cover datasets 
The Global Land Cover with Fine Classification System at 30 m res-

olution in 2020 (GLC_FCS30-2020) data product (hereafter 30 m-LC) 
was used to determine the scaling effect in this study. The 30 m-LC is 
developed on the GEE platform by integrating the 2019–2020 Landsat 
surface reflectance (SR) data, Sentinel-1 SAR data, DEM terrain eleva-
tion data, global thematic auxiliary dataset, prior knowledge dataset, 
and local adaptive random forest model (https://zenodo. 
org/record/4280923#.YQ-mfOgzap0). The 30 m-LC data provide the 
classification scheme of 30 classes similar to the Climate Change 
Initiative Land Cover (CCI-LC) data. The overall accuracy of 30 m-LC 
was >68% with a kappa coefficient of about 0.67 (Zhang et al., 2021b). 
Six land cover classes were merged from the original classes into forests, 
shrublands, grasslands, savannas, croplands, and non-vegetation. The 
croplands class contains 4 subclasses, i.e., rainfed cropland, herbaceous 
cover, tree or shrub cover (orchard), and irrigated cropland. 

In addition to 30 m-LC data for natural vegetation, to assist in the 
correction of in-situ observation sites, we used multiple published 
vegetation type data products at 10 m/30 m resolution in China, 
including winter wheat (Dong et al., 2020), summer maize (Niu et al., 
2022; You et al., 2021), single- and double-cropping rice (He et al., 
2021; You et al., 2021; Zhang et al., 2021a). 

2.2.3. 500 m MCD12Q2 LSP data product 
The LSP metrics for 2016–2019 were obtained from the MODIS Land 

Cover Dynamics (MCD12Q2 Collection 6) product (Gray et al., 2019). 
MCD12Q2 data were produced at 500 m from EVI2 time series calcu-
lated from daily normalized MODIS Nadir BRDF-Adjusted reflectance 
data (version 6) (https://lpdaac.usgs.gov/products/mcd12q2v006) 
(Gray et al., 2019) and MCD12Q2 is only available through 2019. The 
SOS and EOS dates (i.e., ‘Greenup’, and ‘Dormancy’ layers in the 
product) used in this study are defined as the dates when EVI2 first and 
last crossed 15% of the EVI2 amplitude in the growing cycle, respec-
tively (Gray et al., 2019). 

Table 1 
Input and validation datasets used in this study and their specifications.  

Dataset Derived 
Variables 

Spatial 
Resolution 

Temporal 
Duration 

Temporal 
Resolution 

Reference URL 

Landsat-7 
TOA 

EVI2 NDVI LSWI 30 m 2015.07.01–2022.03.31 16-day https://www.usgs.gov/core-science-systems/nli/landsat/la 
ndsat-surface-reflectance 

Landsat-8 
TOA 

EVI2 NDVI LSWI 30 m 2015.07.01–2022.03.31 16-day https://www.usgs.gov/core-science-systems/nli/landsat/la 
ndsat-surface-reflectance 

Sentinel-2 
TOA 

EVI2 NDVI LSWI 10 m/20 m 2015.07.01–2022.03.31 5-day/ combined 
constellation 

https://earth.esa.int/web/sentinel/user-guides/sentinel-2-msi/ 
product-types/level-2a 

GLC_FCS30-2020 Major land cover 
type 

30 m 2020 yearly https://zenodo.org/record/4280923#.YQ-mfOgzap0 

PhenOBN Manually 
observed LSP 

In-situ 2019 yearly Upon reasonable request 

PhenoCam GCC-based LSP In-situ 2016–2018 yearly https://doi.org/10.3334/ORNLDAAC/1674 
MCD12Q2v6 EVI2-based LSP 500 m 2016–2019 yearly https://lpdaac.usgs.gov/products/mcd12q2v006/ 
MSLSP30NAv001 EVI2-based LSP 30 m 2016–2019 yearly https://lpdaac.usgs.gov/products/mslsp30nav001 

Note: TOA: top-of-atmosphere reflectance. NDVI: the normalized difference vegetation index, EVI2: 2-band enhanced vegetation index, LSWI: land surface water 
index. PhenOBN: In-situ phenological observation datasets for China collected in this study (see Section 2.2.5). GCC: green chromatic coordinate index. MCD12Q2 
phenology data is derived from daily MODIS normalized BRDF-adjusted reflectance data (version 6) and provided by NASA LP DAAC at the USGS EROS Center at a 500 
m spatial resolution (see Section 2.2.3). 
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2.2.4. 30 m MSLSP30NA LSP data product 
The MSLSP30NA (version v011) phenology data product provides 

yearly LSP phenological metrics from 2016 to 2019 at 30 m resolution 
for North America (Bolton et al., 2020; Friedl, 2020). It was generated 
from the HLS EVI2 time series using a smoothing spline (Migliavacca 
et al., 2011) and seasonal amplitude threshold approach (Friedl, 2020). 
All poor-quality pixels of the MSLSP30NA product were excluded using 

its QA bands. We then compared the SOS and EOS in our LSP30CHN 
product with the OGI (date of 15% greenness increase) and OGD (date of 
10% greenness decrease) layers in the MSLSP30NA product, 
respectively. 

2.2.5. Field phenological observations data 
The in-situ phenological observations data were collected from three 

Fig. 2. Valid observations numbers for three sensors for a total of 21 months from July 2018 to March 2020. Landsat-7 (a), Landsat-8 (b), Sentinel-2 (c), and a total of 
three sensors (d), as well as monthly total valid observations along latitude (e) and longitude (f) gradients, respectively. 

Fig. 3. Spatial distributions of 411 and 170 in-situ phenological observation stations in China (a) and North America (b), respectively. It should be noted that the 
phenological data are different between China (dates of phenological events) and the North America (PhenoCam). 
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phenological observation networks (hereinafter, PhenOBN) in China 
that were only available for 2019 in this study, including the Chinese 
Forest Ecosystem Research Network (CFERN), Chinese Phenological 
Observation Network (CPON), and Chinese Agricultural Meteorological 
Monitoring System (CAMMS) based on local agro-metrological obser-
vation stations. A total of 411 stations were collected for 2019 across 
China after strict data quality control, including 49 forest stations (de-
ciduous broadleaf forests) and 362 croplands stations (Fig. 3 a). In this 
study, considering the typicality of growth curve characteristics, crop 
types such as winter wheat, summer maize and rice were selected for 
validation (see Text S1 for more information of dominant cropland in 
China). 

Well-trained technicians in the experimental fields observed and 
recorded all phenological records and then checked and managed 
following the uniform regulations on these above operations for indi-
vidual observation networks (Ge et al., 2015). Each station of the Phe-
nOBN database contains several plant species and their growth stages, 
and the phenological metrics (SOS or EOS) across all individual species 
were averaged for each station. It should be pointed out that we 
manually corrected the coordinates of all PhenOBN observation stations 
one by one as their locations were not always precise for individual 
records. Specifically, we created a 5 km buffer around each station and 
overlaid high-resolution vegetation cover data (Section 2.2.2), which 
marked the target vegetation types involved in this study. We then found 
a window of pixels (pixel window) closest to the station within this 
buffer on high-resolution vegetation cover data. The pixel window was 
required to have at least 12 × 12 pixels of the target vegetation types at 
30 m resolution distributed continuously which corresponds to 3/4 of a 
500 m MODIS pixel. Finally, the final coordinate of the station was 
updated as the centroid of the pixel window (Fig. S4). 

It should be noted that to achieve a consistent definition of vegeta-
tion phenology at a national scale, the definition of SOS of our product is 
the same as those of both MODIS and MSLSP30NA datasets. That is, the 
SOS of the overwintering vegetation designated for the three products is 
the emergence date, all of which are in the previous year. For example, 
the SOS of winter wheat was the leaf emergence of the previous year (e. 
g., 2018 autumn) to make it clear that the SOS of all vegetation types is 
at the beginning of a complete vegetation cycle (Table 2). Therefore, in 
this study, as for SOS dates, we used the leaf emergence dates for the 
forest, winter wheat, and summer maize while the tillering dates were 
for single rice and double rice. In terms of EOS dates, we used the leaf 
senescence dates for the forest and maturity dates for all of the above 
four crops, respectively (Table 2). 

2.2.6. PhenoCam data 
The PhenoCam Dataset v2.0 covering the period 2016–2018 was 

used in this study to validate our proposed algorithm. The PhenoCam 
Network collects high-frequency automated visible-wavelength (red, 
green, blue) digital camera imagery at each site across North America 
and Europe from 2000 to 2018 (Seyednasrollah et al., 2019b). The 
phenology data were derived from the time series of the green chromatic 
coordinate index (GCC = Green/(Blue + Red + Green)) over 1- and 3- 
day temporal intervals. The GCC characterized vegetation color and 
canopy greenness and was calculated for a region-of-interest (ROI) that 
delineates an area of specific vegetation type. 

We first selected PhenoCam sites covering North America, and then 
conducted GCC quality checks site by site according to the field of view 
(FOV) of the region of interest (ROI) and manually adjusted the site 
locations to ensure that they aligned with the vegetation type being 
observed (Fig. S5). For those sites whose location does not match phe-
noCam FOV, we corrected this by moving the site location appropriately 
according to FOV and ROI (Fig. S5 a-d). For those sites whose GCC 
curves were not of good quality (Fig. S5 e-f) or whose camera observa-
tions were not canopy information (Fig. S5 g-h), we excluded them. In 
total, 170 PhenoCam stations with a total of 384 site-years were 
included in the validation (Fig. 3 b; Table 3). The definitions of transi-
tion_25 and transition_25 date when GCC series data crossed 25% and 
25% of the GCC were used to determine the SOS and EOS from Pheno-
Cam, respectively (Richardson et al., 2018a). We chose North America 
because no satisfactory PhenoCam data are available in China. The same 
phenological approach adopted in China for various vegetation types 
was used in North America where PhenoCam data are accessible. Thus, 
this compromise method can be used as a supplementary validation of 
our algorithm, because it can reduce the imbalance of the proportion of 
various vegetation types of sites used in China. Meanwhile, the feasi-
bility of our approach can be evaluated through this method. 

2.2.7. Chinese ecosystem research network 
In this study, we only used the coordinate locations of the 6 Chinese 

Ecosystem Research Network (CERN) sites to extract the results of 
LSP30CHN and MCD12Q2 products. These sites were carried out under 
the CERN framework following uniform standards and were related to 
six vegetation types, such as deciduous broadleaf forests, evergreen 
broadleaf forests, grasslands, winter wheat, summer maize, and single 
rice. Moreover, the landscape of these locations was spatially homoge-
neous and their location was constant over time, to confirm the temporal 
consistency of our algorithm and MODIS products, as well as the 
robustness of inter-annual variations of phenological metrics (refer to 
Fig. S6 for details). 

2.3. EVI2 and LSWI time series from harmonization of Landsat and 
Sentinel-2 data 

2.3.1. Harmonization of Landsat and Sentinel-2 data 
Due to the differences in spectral bandwidth among ETM+ (Landsat- Table 2 

Summary of in-situ phenological data in China investigated in the study.  

Vegetation types SOS record 
field/year 

EOS record 
field/year 

stations/No. of 
records 

winter wheat emergence/2018 maturity/2019 127/127 
summer maize emergence/2019 maturity/2019 84/84 
single rice tillering/2019 maturity/2019 107/107 
double rice tillering/2019 maturity/2019 44/44 
deciduous broadleaf 

forests 
emergence/2019 senescence/2019 49/1556 

Note: The ‘record field’ denotes the phenological metrics records of 411 in-situ 
station-based observations used in this study. SOS/EOS denotes the start/end of 
the growing season. In general, the leaf emergence of winter wheat occurs in the 
autumn of the previous year, and the green-up occurs in the spring of the 
following year. To match phenological metrics with all LSP data products, we 
use the emergence date as SOS for winter wheat in this study. The single- 
cropping rice (i.e., single rice) refers to early rice, middle rice, or late rice, 
while double-cropping rice (i.e., double rice) represents an early rice-late rice 
rotation, a cropping-rotation system. 

Table 3 
Description of in-situ PhenoCam data used in this study.  

Vegetation 
Types 

Description SOS/year EOS/year No. of 
Sites/ 
Site- 
years 

DB deciduous broadleaf 
forests 

emergence/ 
2019 

maturity/ 
2019 

69/174 

EN evergreen 
needleleaf forests 

emergence/ 
2019 

maturity/ 
2019 

10/27 

GR grasslands emergence/ 
2019 

maturity/ 
2019 

31/64 

AG agriculture emergence/ 
2018, 
2019 

maturity/ 
2019 

54/106 

WT wetlands emergence/ 
2019 

maturity/ 
2019 

6/13  
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7), OLI (Landsat-8), and MSI (Sentinel-2) sensors, remote sensing data 
should be harmonized to obtain comparable reflectance values to 
improve the consistency of the Landsat and Sentinel-2 TOA reflectance 
(Liu et al., 2020; Zhang et al., 2018a). Given NASA-based HLS data was 
not hosted on GEE, so it is not used in this study. Instead,we harmonized 
and combined Landsat ETM+, OLI, and Sentinel MSI imagery by 
adjusting the spectral bands of ETM+ and MSI to match those of OLI 
data (as a reference) using a linear regression approach which has been 
widely used to reduce the reflectance difference between the two similar 
satellite observations (Claverie et al., 2018; Roy et al., 2016; Zhang 
et al., 2018a). Specifically, for Landsat-7 data, bands 3 (Red), 4 (near 
infrared, NIR), and 5 (shortwave infrared, SWIR) were transformed 
using correction coefficients derived from the ordinary least squares 
regression (Table 4). For Sentinel-2 data, as the wavelength (NIR) of 
band 8A matched that of OLI better, the bands 4 (Red), 8A (NIR), and 11 
(SWIR) were thus selected and transformed (Zhang et al., 2018a) 
(Table 4). Moreover, Sentinel-2 data were resampled to 30 m × 30 m 
using bicubic resampling to ensure consistent spatial resolution with 
Landsat-7/8 data, reducing the differences generated by spatial resolu-
tion. Then we merged these three datasets by their acquisition time and 
constructed a comparable TOA time series (see Fig. S7 for their matching 
performance and Fig. S8 for seasonal comparison between NASA-based 
HLS and HLS used in this study). 

2.3.2. Calculation of three vegetation indices 
Three vegetation indices (VIs), i.e., the normalized difference vege-

tation index (NDVI), EVI2 (Huete et al., 2002; Jiang et al., 2008), and 
land surface water index (LSWI) (Xiao et al., 2005), were calculated for 
each sensor, respectively. In our new algorithm, the EVI2 time series was 
used to extract the phenological metrics, while NDVI and LSWI time 
series were used to eliminate invalid EVI2 values. In addition, LSWI also 
was used to determine the valid vegetation cycles by identifying the false 
peaks (Liu et al., 2020; Xiao et al., 2006). Detailed operations were 
described below. We used the EVI2 time series to develop the pheno-
logical algorithm due to its ability to eliminate the background and at-
mosphere noises and its non-saturation, a typical NDVI problem (Huete 
et al., 2002; Zhang et al., 2020b). NDVI and LSWI were used to further 
eliminate invalid EVI2 values. In this study, the corresponding NDVI 
values were collected to identify those observations with LSWI > NDVI 
as flooding/snow-contaminated observations that need to be removed 
(Zhang et al., 2018b). LSWI of these contaminated observations usually 
will be high and larger than NDVI because the reduction in SWIR is 
much higher than that in the NIR band (Fig. S9 a-c). On the other hand, 
high anomalous EVI2 values in time series may arise from spuriously low 
red band values caused by multiple influencing factors (Zhang et al., 
2018b), which we effectively eliminate by comparing with NDVI values 

(Wang et al., 2015; Zhang et al., 2018b). Specifically, EVI2 values >90% 
of the co-occurring NDVI values are identified as anomalous ones (Zhang 
et al., 2018b) (Fig. S9 d-e). 

Furthermore, to focus on the areas with vegetation seasonality, a 
pixel was excluded if the mean (and maximum) EVI2 value during the 
growing season (from May to September) was lower than 0.1 (and 0.12) 
considered low vegetation (Huete et al., 2002; Jeong et al., 2011; Piao 
et al., 2006). The growing season here was a broad concept based on the 
average growing season of vegetation in the Northern Hemisphere 
although the length of a growing season varies from place to place (Xu 
et al., 2016). An additional filtering condition was added in this study, 
which would further effectively exclude non-vegetation and low/sparse 
vegetation. If the maximum value of EVI2 corresponding to LSWI >
0 was < 0.1, then this pixel should also be discarded. Moreover, to 
reduce the impact of the bad quality of Sentinel-2, those Sentinel-2 data 
would be eliminated if the granule-specific cloudy pixel percentage is >
80% and the mean solar zenith angle was > 85◦. 

NDVI =
NIR − Red
NIR + Red

(1)  

LSWI =
NIR − SWIR
NIR + SWIR

(2)  

EVI2 = 2.5 ×
NIR − Red

NIR + 2.4 × Red + 1
(3)  

where Red, NIR, and SWIR are the TOA reflectance values from the Red, 
NIR, and SWIR spectral bands, respectively (Table 4). 

2.3.3. Composition of vegetation indices data and outlier removal 
Even though the EVI2 values filtered by the quality assurance (QA) 

flags are supposedly high quality, the EVI2 time series still contain 
negatively biased values due to abiotic contamination such as cloudy 
and atmospheric effects (Shen et al., 2015). Besides, due to swath 
overlap (or sidelap) from each sensor and/or among sensors (Fig. 2), the 
VIs values in one pixel across sensors or overpass time usually vary. 
Therefore, we further composited EVI2 with a 9-day interval by calcu-
lating the maximum (and average) of all possible observed EVI2 (and 
LSWI) values, respectively, to reduce the influence of cloud/snow and 
generated EVI2 and LSWI time-series data at a regular interval for the 
next step of fitting operation (Liu et al., 2020). 

Since the EVI2 value was often lower, while the LSWI may be slightly 
higher when clouds or aerosols are present, we used different strategies 
to gap-fill these two VIs. Specifically, the maximum EVI2 value is 
adopted in the 9-day composition, not only to eliminate the negative 
bias effect of cloud and cloud shadow on EVI2 but also to avoid these 
effects caused by the mismatch between different sensor data during 
harmonization (i.e., one sensor may have the lowest EVI2 data that 
needs to be eliminated). On the other hand, in some cloudy/rainy areas 
and two-season cropping systems, combined with the limited number of 
valid observations, the LSWI signal may be masked by the maximum 
and/or mean of the 9-day time window. To ensure that the bare soil can 
be captured as much as possible, we adopt the LSWI value of the mini-
mum value within the 9-day composition window (window_size). 

Moreover, a modified outlier identification/removal procedure 
based on a moving window was applied to remove the outliers in the 
EVI2 time series after the composition. We set the moving window size 
to 5. If the EVI2 value of the center point within the window was higher 
than three times the standard deviation of the mean value of the other 
four data points around it, then the EVI2 value of the center point would 
be replaced with the mean of the other data points. EVI2 values at data 
center points were not recognized as outliers and were not replaced in 
three situations as followed (Fig. S9 f). 

(1) If the EVI2 value of the center point is higher than the 35% 
quantile of the entire EVI2 time series of the target year, then the EVI2 of 
the center point is not updated. This step was mainly to avoid the peak 

Table 4 
The top-of-atmosphere (TOA) reflectance sensor transformation relations 
(ETM+ / MSI to OLI) are derived by ordinary least squares (OLS) regression of 
the data.  

Bands 
# 

Landsat-7 Bands # Sentinel-2 

Blue OLI = 0.0173 + 0.8707 ×
ETM+

Blue OLI = 0.0154 + 0.8729 
× MSI 

Red OLI = 0.0107 + 0.9175 ×
ETM+

Red OLI = 0.0066 + 0.9103 
× MSI 

NIR OLI = 0.0374 + 0.9281 ×
ETM+

NIR (Band 
8A) 

OLI = 0.0056 + 0.9701 
× MSI 

SWIR OLI = 0.0260 + 0.9414 ×
ETM+

SWIR OLI = 0.0019 + 0.9668 
× MSI 

Note: Bandwidths (nm) for each sensor are as follows. Landsat-7: Blue 
(450–520), Red (630–690), NIR (770–900), and SWIR (1550–1750) bands. 
Landsat-8: Blue (452–512), Red (636–673), NIR (851–879), and SWIR 
(1566–1651) bands. Sentinel-2: Blue (496.6 (S2A)/492.1 (S2B)), Red (664.5 
(S2A)/665 (S2B)), NIR (864.8 (S2A)/864 (S2B)), and SWIR (1613.7 (S2A)/ 
1610.4 (S2B)) bands. S2A denotes Sentinel-2A while S2B denotes Sentinel-2B. 
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being replaced. 
(2) If there is no data for the center point or if at least one point to the 

left and right of the center point has no data, then no update. 
(3) The first two and last two data points of the entire time series of 

the target year didn’t need to be updated. 

2.3.4. Gap-filling and smoothing the EVI2 time series data 
Good-quality observations are often not available in some regions 

and times due to the effect of clouds/shadows, aerosols, snow, and/or 
sensor degradation or failure, resulting in some gaps in the EVI2 time 
series. The linear interpolation based on high-quality data before and 
after the time step was used to fill these gaps. The EVI2 curve, in theory, 
should be continuous and smooth due to the narrow range of plant 
growth in the 9-day interval (Zhang et al., 2018b), however, residual 
noise can persist in the dataset even after compositing images and the 
elimination of bad-quality observations, and thus leads to the non- 
negligible fluctuations in the EVI2 curve. We adopted the Savitz-
ky–Golay (S-G) filter to reconstruct the EVI time series using a moving 
window with an original size of 9 observations and a polynomial order 
of 2, based on the trade-off between fitting accuracy and smoothness 
(Chen et al., 2004; Yang et al., 2019). The window size was selected 
referred on the literature (Liu et al., 2020; Zhang et al., 2022). It should 
be noted that we did not smooth the LSWI time series since LSWI varies 

dramatically during the dry-wet transition, and the smoothing operation 
is not appropriate (Liu et al., 2020). The original EVI2 and LSWI time 
series and the fitted EVI2 and gap-filled LSWI datasets were prepared for 
further phenological retrieval. 

Fig. 4 showed the reconstruction of EVI2 seasonal trajectories 
harmonized from Landsat and Sentinel-2 EVI2 time series for eight 
randomly selected ecosystems: deciduous broadleaf forest, evergreen 
broadleaf forest, grasslands, wetlands, winter wheat, single rice, double 
rice, and winter rapeseed. The harmonized Landsat and Sentinel-2 EVI2 
time series for these eight examples effectively delineated the seasonal 
dynamics of vegetation growth regardless of the number of vegetation 
cycles, demonstrating the ability of reconstructed EVI2 time series to 
identify a range of different phenological dynamics. Overall, with the 
above guarantee, the S-G fitted curves can effectively capture the sea-
sonal variances of different vegetation types, especially for multiple 
growing seasons. 

2.4. Land surface phenology algorithm based on a refined vegetation 
cycle-seeking process 

Previous studies have shown that depending solely on the temporal 
duration and amplitude of the vegetation index is insufficient for the 
identification of the vegetation cycle for all vegetation types (Bolton 

Fig. 4. Examples of harmonized 30 m EVI2 time series for the eight randomly selected forests, grasslands, and cropland sites. Each subplot shows the original time 
series of EVI2 with different quality levels (QA = clear, cloud, and snow) across three sensors (SENSOR = Landsat-7, Landsat-8, and Sentinel-2), respectively. The 
start and end of the target year (in 2019, for example) are marked by two vertical dashed gray lines. The black dashed curve indicates a fitted curve using the S-G 
filter method. 
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et al., 2020; Liu et al., 2020) (Figs. 5, 6). Because it tends to increase the 
risk of omission (Fig. 6 e, h) and commission (Fig. 6 a, i) for the deter-
mination of valid vegetation cycles. Therefore, it is necessary to identify 
the true cycles more accurately by combining multiple vegetation 
indices and their correlations (Liu et al., 2020) (Figs. 5, 6). As indicated 
in the workflow chart, we refined the valid cycle identification pro-
cedure and proposed a robust phenological metrics extraction algorithm 
applicable to all vegetation types, such as forests, shrublands, grass-
lands, and croplands (Figs. 1, 5). The core of our algorithm focused on 
identifying valid vegetation cycles through the analysis of EVI2 and 
LSWI time series. 

2.4.1. Identification of valid vegetation cycles 
A valid vegetation cycle (i.e., phenological cycle) is identified as a 

period in which the EVI2 curve exhibits specific patterns. These patterns 
include the rise starts rising from the leaf emergence (SOS) until it 
reaches the maximum during the peak growth (POS) and declines in the 
senescence (EOS) until it enters the dormant stage (Fig. 5 a, b). A valid 
vegetation cycle is characterized by a single peak and two troughs, 
referred to as the left and right troughs. These troughs determine the 
scope of vegetation phenology (Gray et al., 2019; Zhang et al., 2018c). 
Therefore, growing seasons dividing is a crucial prerequisite for un-
derpinning accurate extraction of phenology, particularly inmulti- 
season cropping systems. To accommodate diverse vegetation types 
with varying growing seasons, such as single/double cropping crops and 
annual/deciduous vegetation, we proposed a unified peak-seeking- 
based method to identify all valid vegetation cycles for a given pixel, 
regardless of the vegetation type (Fig. 5 c). The identification process 
comprises following five steps. 

(1) All peaks (and troughs) in the S-G fitted EVI2 curves were iden-
tified as the day of year (DOY) where the local slope of EVI2 time-series 
changed sign from positive to negative (or vice versa). These identified 
points were considered as candidate peaks (peakCan) and candidate 
troughs (troughleft,Can, and troughright,Can). These identified cycles were 
designated as the candidate cycles corresponding to each candidate 
peak. The timings of the peakCan, troughleft,Can, and troughright,Can were 
marked as DOYpeak,Can, DOYLtrough,Can, and DOYRtrough,Can, respectively 
(Fig. 5 a, b). 

(2) Technically, within a vegetation cycle, the smoothed EVI2 tem-
poral profile often retained pseudo peaks and/or their corresponding 
troughs due to minor abiotic or biotic-induced fluctuations. As a result, 
multiple EVI2 waves may occur within a single vegetation cycle. Hence, 
it is imperative to remove these spurious cycles associated with non- 
vegetation growth from the candidate cycles mentioned above (Fig. 5 
a). To determine the valid vegetation cycles for individual pixels, irre-
spective of vegetation type, we employed the following conditions for 
chronological iteration of each candidate cycle (Fig. 5 c). The MCD12Q2 
algorithm necessitates that the amplitude of the true peak exceeds 0.1. 
However, several studies have indicated that this threshold may lead to 
the exclusion of a substantial number of pixels in semi/arid areas where 
the amplitude variation does not surpass 0.1 (Xie et al., 2022) (Fig. 6 d). 
On the other hand, in certain multiple cropping systems found in 
Southern China, such as the double-cropping rice system with a suc-
cession of early and late rice crops, there can be a very brief time interval 
of as little as two weeks between harvesting the early rice in the pre-
ceding season and transplanting the late rice in the subsequent season 
(Fig. 6 g, h, July in 2019). During the short time period, if satellite ob-
servations were not avaliable, the corresponding EVI2 values may not 
accurately capture the signals from bare ground or soil. As a result, the 
EVI2 amplitude ratio can be ≤ 35%, leading to an incorrect classification 
of the early rice cycle as a false cycle in the MCD12Q2 algorithm (Bolton 
et al., 2020). Therefore, to address the limitations of existing LSP algo-
rithms, we have developed and implemented three parallel criteria 
(ConT1, ConT2, and ConT3) for accurately determining true peaks. 
These refined criteria are specifically designed to adapt to various 
complex scenarios and overcome the shortcomings of the existing 

methods. Specifically, 
True peak condition (1) (ConT1): To identify the true peak within a 

cycle, the following conditions are considered: 
a) The ratio (RAright) of the EVI2 amplitude (ARight) of the right 

trough to the maximum amplitude of the target year (AMax) should 
begreater than 35%. 

b) The EVI2 value (EVI2Right) of the right trough should be lowerthan 
the EVI threshold (EVI2thld), or the LSWI value of theright trough 
(LSWIRight) should be<0. 

If these conditions are met the peak is classified as the true peak, and 
consequently, the right trough is considered the true trough. This con-
dition is effective in identifying the true peak in most cases for peaks 
occurring in the target year (Fig. 6 a-f, S1). 

In this condition, the MCD12Q2 algorithm was utilized, which con-
siders an amplitude ratio rule (RAright ≥ 35%) to identify true peaks. 
However, in practice, peak occurring during the overwintering period, 
such as winter wheat, may have an amplitude ratio higher than 35%, 
even up to 50%. It should be noted that not all peaks with high ampli-
tude ratios can be considered as true peaks. Therefore, it is evident that 
false cycles cannot be completely eliminated by solely relying on the 
EVI2 amplitude criterion(Fig. 6 a). Regarding winter crops with 
vernalization periods, such as winter wheat and winter rapeseed, a 
decrease in the EVI2-induced peak can be considered a a false peak and 
should be excluded from the analysis (Fig. 5 c, 6 a, b, f). The initiation 
and termination of a valid crop cycle correspond to the sowing and 
harvesting periods, respectively, duringwhich the surface was exposed 
to bare soils. In the transition period between consecutive growing 
seasons, the bare soils, sometimes covered with crop residues, exhibited 
very low very low EVI2/LSWI values (Low EVI2 and/or LSWI = 0). 
These low EVI2/LSWI values can serve as indicators of bare ground/soil 
signals, which can be identified by the EVI2/LSWI values associated 
with all troughs in each candidate cycle (Liu et al., 2020; Zhang et al., 
2022). Therefore, a new condition known as the “bare soil rule” was 
proposed. This rule effectively tackles the commission of incorrectly 
identifying false cycles and peak in the overwintering period in the 
MCD12Q2 algorithm (Fig. 5 c, 6 a). 

Low EVI2 referred to the EVI2 related to the right trough (EVI2Right) 
was less than a specified EVI2 threshold (EVI2thld). The EVI2thld was 
determined using Eq. (4), which takes into account various factors. The 
SWIR band is sensitive to both leaf water content and soil moisture. It is 
commonly utilized in the development of water-related vegetation 
indices such as LSWI (Xiao et al., 2002a; Xiao et al., 2002b). Green 
leaves havehigher NIR reflectance than SWIR reflectance, resulting in a 
positive LSWI value (>0). In contrast, senescent or dead leaves and soils 
have lower NIR reflectance than SWIR reflectance, leading to a negative 
LSWI value (<0). Consequently, the LSWI can be employed to identify 
the presence of bare soil at the end of a growing season (Zhang et al., 
2022). This additional true peak criterion (EVI2Right < EVI2thld or 
LSWIRight < 0) becomes crucial when the amplitude ratio rule fails and is 
essential for the accurately identifying the periodicity in multi-season 
crops. It is important to note that the threshold of LSWIRight < 0 is 
suitable for the majority of land cover types. Previous studies have 
demonstrated that the LSWI tends to be higher (usually not exceeding 
0.2) in areas with high soil moisture (Liu et al., 2020). Although this 
threshold may not be met in wet soil conditions, the cycle/peak can still 
be identified usingother following parallel conditions (ConT2 or ConT3). 

EVI2thld = EVI2min + (EVI2max − EVI2min) × 0.15 (4)  

where EVI2thld is the EVI2 threshold, EVI2min and EVI2max are the 
minimum EVI2 and maximum EVI2, respectively. 

True peak condition (2) (ConT2): If a cycle fails to satisfy ConT1 
(amplitude ratio rule) but has an amplitude ratio (RAright) lowerthan 
35% and an EVI2Right lower than EVI2thld according to the bare soil rule, 
it is still possible for both the cycle and its corresponding peak/right 
trough to be considered true. This is contingent upon the fulfillment of 
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Fig. 5. Illustration of identification of valid cycle from combined Landsat/Sentinel vegetation indices (EVI2 and LSWI). The blue and purple hollow circles represent 
the original quality-control EVI2 and LSWI time series, and the red and orange curves represent the fitted EVI2 and LSWI curves, respectively. The horizontal blue and 
black dashed lines represent the EVI2 threshold and LSWI = 0 respectively, both of which are used to identify the bare soil, thus determining the true vegetation 
cycle. Red arrows represent SOS, while blue arrows represent EOS. The letter T denotes a real peak while F represents a false peak. The green dashed rectangle 
indicates the overwintering period (November of the previous year–February of the target year), while the red one indicates the senescence period (September- 
November of the target year). VIdiff_winter and VIcorr_winter denote the difference and correlation coefficient between EVI2 and LSWI time series during the 
overwintering period, respectively. VIdiff_senes denotes the difference between EVI2 and LSWI time series during the senescence. LSWI_harvest indicates the lowest 
value of LSWI during the vegetation harvesting or dormant period (gray shadow). AMax denotes the maximum amplitude of all cycles in the target year. ARight denotes 
the amplitude for the right trough related to a vegetation cycle. RAright denotes the ratio (ARight/AMax) of ARight to AMax while RAleft denotes the ratio (ALeft/AMax) of 
ALeft to AMax. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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the following combination of sub-conditions (a-c). 
A peak with an amplitude ratio (RAright) of ≤ 35% does not neces-

sarily indicate a false peak. This is particularly true for certain winter 
rapeseed crops (Fig. 6 e). The reasons for this can becomplex. One 
common factor is that the right trough of the fitted EVI2 curve may be 
stretched to a higher value due to fewer valid observations, resulting in a 
lower amplitude. However, the right trough is still a true trough. 
Additionally, in some regions like Hebei Province in China, winter 
wheat meets the first two conditions (amplitude ratio rule and bare soil 
rule) due to dry soil conditions, despite the presence of wheat growth 
during the overwintering period (Fig. 6 f, S1 c-f). After conducting 
numerous experiments, we have utilized the relationship between EVI2 
and LSWI to effectively compensate for the omission of true peaks in 
algorithms similar to MCD12Q2. 

a) The occurrence of the peak is expected during the overwintering 
period, which typically spans from between November of the preceding 
year toApril of the target year. This criterion specifically applies to 
certain overwintering vegetation types during their overwintering 
phase, such as winter rapeseed (Fig. 6 e, true peak) and winter wheat 
(Fig. 6 f, false peak). 

b) The mean difference (referred to as VIdiff_winter) between the 
original EVI2 and LSWI time series, after applying QA-based quality 
control, during the overwintering period should be<0.08; and their 
correlation coefficient (referred to as VIcorr_winter) should be greater 
than or equal to 0.5 (Fig. 5 c, 6 e, f). These rules highlight the favorable 
performance of winter rapeseed in meeting these criteria compared to 
other vegetation types, including natural vegetation (Fig. 6 e, f). 

c) The difference in time length (referred to as DOYRange) between 
left trough (troughleft,Can) and right trough (troughright,Can) of the current 
cycle should be >150 days (Fig. 5 c, 6 e, f). These conditions, namely b) 
and c) can eliminate false cycles related to winter wheat during the 
overwintering period. This is because the DOYRange of winter wheat is 
typically <5 months, or the VIdiff_winter exceeds 0.08 and VIcorr is 
below 0.5. 

All of three sub-conditions (a, b, c) must be satisfied for the deter-
mination of a true peak. These thresholds have been established based 
on a previous study (Liu et al., 2020) and our extensive experiments. 
These sub-conditions are primarily designed to capture the growth 
characteristics of winter rapeseed, which typically exhibits a low peak 
during the overwintering period (Fig. 6 e). These sub-conditions are 
primarily designed to capture the growth characteristics of winter 
rapeseed, which typically exhibits a low peak during the overwintering 
period. 

True peak condition (3) (ConT3): If a cycle does not meet the 
criteria of ConT1 nor ConT2, but instead has an EVI2Right greater than 
EVI2thld and the max amplitude ratio (i.e., MAX(RAleft, RAright)) asso-
ciated with the left (troughleft,Can) and right (troughright,Can) troughs 
exceeding 35%, it is still possible for both the cycle and its peak/right 
trough to be considered true. This is the case as long as the following 
combination of sub-conditions (a-c) are satisfied. 

The condition ConT3 primarily applies to various types of vegeta-
tion, including natural vegetation such as deciduous forest, grassland, 
and shrubs, as well as single-cropping crops like rice, and multiple- 
cropping crops like double-cropping rice. In practice, a peak with 
EVI2Right greater than or equal to EVI2thld during seasonal transition 
does not necessarily indicate a false peak (Figs. 5, 6 h). In certain multi- 
cropping systems, such as double-cropping rice in southern China, the 
seasonal transition from early rice to late rice can be relatively short. 
During this transition period, farmers typically face time constraints as 
they rush to harvest the early rice and prepare the fields for planting late 
rice. As a result, the satellite may have a limited timeframe to capture 
bare soil, leading to a relatively high EVI2 value (EVI2Right ≥ EVI2thld) 
associated with the right trough of the vegetation cycle. Additionally, 
frequency cloud cover can impede the availability of high-quality ob-
servations, further complicating the accurate identification of the right 
trough in the vegetation cycle (Fig. 6 g, h, July 2019) (Liu et al., 2020). 

Alternatively, the summer EVI2 of natural vegetation, such as forests, 
can experience significant decreases a lot due to various factors like 
cloud cover or drought. This can result in the ratio being >35% (Fig. 6 i) 
or <35% (Fig. 6 j). Consequently, the conventional 35% amplitude ratio 
rule in the MCD12Q2 algorithm may fail in such cases (Fig. 6 i). In other 
words, the application of the ConT3 condition, which requires requires 
EVI2Right ≥ EVI2thld, remains valid regardless of the amplitude ratio of 
theright trough in the vegetation cycle. 

Following extensive experimentation, a novel combination known as 
ConT3 was derived by incorporating the original EVI2, and LSWI and 
their relationship. ConT3 effectively addresses the challenge of omitting 
the true peak during short harvesting and transplanting period in certain 
multiple cropping systems., Additionally, it resolves the issue of 
mistakenly identifying the decline in forest EVI2 during summer as a 
true peak. 

a) The peak in vegetation should fall within the period between 
March and October of the target year. This criterion primarily applies to 
natural vegetation and multi-cropping systems that involve a 
harvesting-transplanting period. 

b) The lowest value of the original LSWI (referred to asLSWI_harvest) 
after QA-based quality control, during the vegetation harvest and/or 
dormant period (November-December) should be below 0 (Fig. 5 c). This 
criterion effectively differentiates between multi-season crops (LSWI_-
harvest < 0; Fig. 6 g, h) and natural vegetation characterized bywet soil 
and warm temperature duringthe dormancy phase (LSWI_harvest > 0; 
Fig. 6 i). For instance, in the case of double-cropping rice, although the 
LSWI is likely to be above 0 during the seasonal transition period, it will 
decrease below 0 for approximately 1–2 months after the late rice har-
vest (Fig. 6 g, h). Conversely, forests in humid areas typically exhibit 
LSWI values > 0 in November and December (Fig. 6 i). 

c) The mean difference (referred to as VIdiff_senes) between the 
original EVI2 and LSWI time series after QA-based quality control, 
during the senescence period (September-November) should be below 
0.08 (Fig. 5 c). In addition to the LSWI_harvest < 0 condition, which 
applies to natural vegetation in arid/semi-arid areas, we introduce 
another criterion to effectively distinguish between multi-season crops 
(VIdiff_senes < 0.08; Fig. 6 g, h) and natural vegetation characterized by 
dry soil and warm temperature during the dormancy phase (VIdiff_senes 
> 0.08; Fig. 6 j). For instance, when analyzing the senescence period of 
double-cropping rice, a good correlation between EVI2 and LSWI is 
observed (Fig. 6 g, h). However, in the case of forests of arid area, the 
correlation between EVI2 and LSWI is considerablyweaker (Fig. 6 j). 

(3) If none of the true peaks were identified in the target year ac-
cording to the previously mentioned rules, then the highest peak in the 
target year was considered the true peak. 

(4) In cases where the peak and troughs do not meet the aforemen-
tioned rules, they should be removed. 

(5) If consecutive two peaks or troughs occur are observed, only the 
maximum peak or minimum trough is retained. By following the 
aforementioned procedures, all valid peaks accompanied by their cor-
responding troughs (troughleft and troughright) for the target year were 
successfully identified. The timing of the peak, troughleft and troughright 
was labeled as DOYpeak, DOYLtrough, and DOYRtrough, respectively (Fig. 5 
a, b). 

2.4.2. Detection of LSP metrics (SOS, EOS, GSL, and POS) 
In this study, a dynamic threshold-based method was employed to 

retrieve the phenological metrics for each valid cycle. The method 
involved calculating the ratio of EVI2 amplitude in the smoothed EVI2 
time series. Based on this ratio, several key phenological metrics were 
retrieved, including the start of the growing season (SOS), the end of the 
growing season (EOS), the length of the growing season (GSL), and the 
peak growing season (POS). Additionally, the number of valid cycles 
was determined as part of the analysis (Bolton et al., 2020; Gray et al., 
2019). All phenological metrics in this study depend on the troughleft, 
troughright, and peak of the valid cycles identified in Section 2.4.1. 
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Specifically, we first updated the dates (DOYs) corresponding to the 
timing of troughleft (DOYLtrough), troughright (DOYRtrough), and peak 
(DOYpeak) for all cycles one by one, respectively (Fig. 5 a, b, 6). 

(1) For POS, the DOYpeak was sought as the date corresponding to the 
maximum EVI2 value between the DOYLtrough and the minimum of 

DOYRtrough, or November 31st of the target year. The Subsequently, the 
POS was identified as the DOYpeak plus the mid-point of the window 
(POS = DOYpeak + window_size /2) (Yang et al., 2019). The window_size 
means the size (9 days) of composition window. 

Furthermore, we set threshold values on the green-up phase and 

Fig. 6. Illustration of identification of the valid vegetation cycles by the temporal profile of vegetation indices (EVI2 and LSWI) from combined Landsat-Sentinel 
imagery covering the target year 2019 at ten sample sites. The cyan and purple hollow circles represent the original quality-control EVI2 and LSWI time series, 
and the red and orange curves represent the fitted EVI2 and LSWI curves, respectively. The horizontal blue and black dashed lines represent the EVI2 threshold and 
LSWI = 0 respectively, both of which are used to identify the bare soil, thus determining the true vegetation cycle. Red arrows represent SOS, while blue arrows 
represent EOS. The letter T denotes a real peak while F represents a false peak. The green dashed rectangle indicates the overwintering period (November of the 
previous year–February of the target year), while the red one indicates the senescence period (September-November of the target year). The gray vertical dotted line 
represents the range of the target year (e.g., 2019). VIdiff_winter and VIcorr_winter denote the difference and correlation coefficient between EVI2 and LSWI time 
series during the overwintering period, respectively. VIdiff_senes denotes the difference between EVI2 and LSWI time series during the senescence. LSWI_harvest 
indicates the lowest value of LSWI during the vegetation harvesting or dormant period (gray shadow). RAright denotes the ratio of amplitude for the right trough to 
the maximum amplitude of all cycles in the target year. RAright ≤ 35% is marked in black, and ＜35% is marked in gray. (For interpretation of the references to color 
in this figure legend, the reader is referred to the web version of this article.) 

J. Yang et al.                                                                                                                                                                                                                                    



ISPRS Journal of Photogrammetry and Remote Sensing 202 (2023) 610–636

622

green-down phase to estimate SOS and EOS dates, respectively. Since 
EOS was used for SOS extraction of overwintering vegetation, EOS was 
determined first and then SOS. 

(2) For the EOS, the updated DOYRtrough should be the minimum 
value between DOYpeak and DOYRtrough. To extract the EOS, apre- 
specified threshold of 15% was was applied during green-down phase. 
The EOS was identifiedas the first day (day of year, DOY) when the 
reconstructed daily EVI2 curve crossed this 15% threshold for each pixel 
in the target year (Bolton et al., 2020; Shen et al., 2014; Yang et al., 
2022). Ultimately, the EOS was identified as EOS plus the mid-point of 
the window (EOS = EOS + window_size /2). 

(3) For SOS, to ensure that the SOS of overwintering vegetation 
occurred in the preceding year, a strategy was proposed to dynamically 
update the threshold for extracting the SOS value. This approach aimed 
to avoid situations where a high threshold would cause the SOS to occur 
in the target year, which is not consistent with the definition of SOS as 
the start of the growing season, or leaf emergence. It’s important to 
highlight that that the mismatch mentioned has not been effectively 
addressed by commonly used phenological algorithms, including 
MCD12Q2 and MSLSP30NA. These algorithms have not provided a 
satisfactory solution to the issue of inconsistent SOS retrieval, where 
some pixels indicate emergence dates (e.g., in autumn 2018) while 
others indicate green-up dates (e.g., in spring 2019) (Fig. S1). To ensure 
consistency and adherence to a unified definition,the retrieval of SOS 
should strictly adhere to the principle that SOS represents the emergence 
date of vegetation. Particularly for a large-region products, it is crucial 
to achieve a unified results of SOS, where all pixels consistently indicate 
the emergence of vegetation. After conducting numerous experiments, 
we discovered a simple and effective method to extract the SOS for 
overwintering vegetation. We observed that the EOS occurring before 
September of the target year served as a reliable indicator for extracting 
the SOS of overwintering vegetation. For overwintering vegetation in 
the Northern Hemisphere, the EOS typically occurs before June, while 
for natural vegetation, the EOS does not occur before September. By 
considering the duration of the vegetation cycle (DOYrange > 90 days), 
we can exclude false cycles that may occur during the overwintering 
period for natural vegetation. This ensures that the SOS of overwintering 
vegetation appears in the preceding year, irrespective of the amplitude 
ratio of the left trough (whether it is 15% or 50%). To provide flexibility 
and accommodate different scenarios, we relaxed the criteria and used 
the month of September as a reference point. The details were as follows. 

a) If a cycle’s DOYLtrough was identified in the preceding year and its 
EOS occurred before September of the target year, and the duration of 
this cycle (DOYrange) was >90 days, the DOYLtrough remained unchanged 
and wasnot updated. To extract the SOS, a threshold of 1% was set as the 
criterion (Fig. 5 a-b, 6 a, b, f). Identifying an EOS appeared before 
September allowed us to associate it with overwintering vegetation, 
where the SOS occurred in the winter. This approach ensured that the 
SOS of overwintering vegetation with relatively small growth amplitude 
(<15%) detected by remote sensing during the overwintering period 
would be attributed to the previous year (Fig. 6, S1). 

b) If a cycle’s DOYLtrough was observed in the preceding year, and its 
EOS occurred after September of the target year, the DOYLtrough needed 
to be adjusted. It was moved forward to the spring season and updated as 
the date corresponding to the minimum EVI2 value between DOYRtrough, 

Can (the candidate troughright,Can that was closest to and later than the 
DOYLtrough) and DOYpeak (Fig. 5 a-b, 6 j). The threshold for identifying 
SOS was set at 15%. The presence of an EOS occurring after September 
indicated that the winter wave was associated with pseudo-fluctuations 
that were unrelated to actual vegetation growth. 

c) If a cycle’s DOYLtrough was located in the target year, the updated 
DOYLtrough was determined as follows. It was set as the date corre-
sponding to the minimum EVI2 value between DOYpeak and the 
maximum value of either DOYLtrough or DOYpeak minus a maximum 
green-up period length parameter (185 days) (Fig. 5 a-b, 6, S1). The 
threshold for identifying the SOS was set at 15%. The length parameter 

was referred on a previous study (Bolton et al., 2020). To calculate the 
final SOS, the last day (day of year, DOY) when the reconstructed daily 
EVI2 curve crossed above the pre-specified threshold during green-up 
phase was determined. The SOS was then adjusted byadding the mid- 
point of the window (i.e., SOS = SOS + window_size/ 2). 

Moreover, to avoid misinterpretation caused by temporal fluctua-
tions in the time series, only candidate SOS (EOS) dates that correspond 
to increasing (decreasing) trends should be regarded as the final SOS 
(EOS) dates. Additionally, cycles within the target year are retained if 
their POS dates fall within the range of January to November of the 
target year. Alternatively, if the POS dates fall between November of the 
preceding year to March of the target year, along with EOS dates within 
the target year (e.g., during harvesting phase for crops), it takes into 
account the patterns of overwintering vegetation. 

Finally, a post-processing was conducted to eliminate anomalous 
results in the LSP mapping. This step involved a pixel-by-pixel neigh-
borhood analysis. Each central (target) pixel was examined along with 
its neighborhood window of 3 × 3 pixels were determined. If the dif-
ference in phenological metrics (SOS, EOS, and POS) between the cen-
tral pixel and the median of the eight surrounding pixels exceeded 60 
days, the phenological metrics result of the central pixel was replaced by 
the median value, otherwise, the SOS/EOS result value was not changed. 
The GSL was calculated as the difference between EOS and SOS (EOS 
minus SOS). 

2.5. Algorithm assessment 

For the validation of our algorithm and the resulting LSP30CHN 
product, we adopted two schemes. One was to compare three phenology 
products at the site scale, and the other was to compare the spatial 
consistency and details with MODIS products at the pixel scale. 

2.5.1. Validation using multiple sources of phenology data 
To independently quantify the LSP detection capability, we evalu-

ated the LSP30CHN-derived phenological metrics in two dimensions 
(spatial and temporal), against those from ground observation and 
PhenoCam, respectively. Specifically, we conducted the ground 
observation-based validation of the LSP30CHN metrics using multi- 
source in-situ data derived from the field-based PhenOBN phenolog-
ical records in China and GCC-based PhenoCam phenology in North 
America (mostly in the United States). We compared our LSP30CHN 
product with the latest MODIS official phenology data product 
(MCD12Q2) against in situ phenological data (PhenOBN) for 2019 in 
China because only ground-based phenological data for 2019 is avail-
able in this study. The vegetation types involved include deciduous 
broadleaf forests (DBF), and croplands (winter wheat, summer maize, 
single rice, and double rice). To facilitate comparison between Phe-
nOBN- and LSP30CHN-based results, the median value within 3 × 3 
pixel windows surrounding each PhenOBN station was used to extract 
phenological metrics from LSP30CHN results. We also extracted 
phenological data for MCD12Q2 by PhenOBN sites. We retained only 
those phenological results for which all three data products were 
simultaneously valid for the validation. 

As a complementary solution to site validation, we also compared 
our product with two phenology data products (MSPLSP30_NA, and 
MCD12Q2) against in situ phenological data (PhenoCam) for 
2016–2018 in North America to assess our LSP30CHN product robust-
ness and scalability. Only those phenological results that correspond to 
all three data products simultaneously valid were retained in the vali-
dation. The vegetation types involved include DBF, grasslands (GRA), 
croplands (CRO), and wetlands (WET). To facilitate comparison results 
between PhenoCam and three phenological products, the median values 
of phenological metrics within 30 m, 30 m, and 250 m buffers covering 
each PhenoCam site were extracted from LSP30CHN, MSPLSP30_NA, 
and MCD12Q2 results, respectively. 

In addition to spatial validation, we further compared the inter- 
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annual variations of phenological metrics over 2016–2021 between 
LSP30CHN and MCD12Q2 datasets for temporal validation by using six 
CERN sites at the site and regional scales (Fig. S6). Here we selected the 
coordinate locations of these sites to extract the results of all phenology 
data products. These sites are carried out under the CERN framework 
following uniform standards, and these locations were as spatially ho-
mogeneous as possible, to confirm the temporal consistency of our al-
gorithm and MODIS products, as well as the robustness of our algorithm. 

2.5.2. Comparison to MODIS phenology product (MCD12Q2) at pixel scale 
To complement the in-situ phenological observations-based valida-

tion, we compared the LSP30CHN with the MCD12Q2 phenology 
product. The MODIS LSP product is thought to offer high-quality 
phenological dates on a homogeneous surface; however, in China, a 
significant proportion of the land surface is heterogeneous (Fig. S10), 
consisting of a mixture of multiple land cover types. We compared 
LSP30CHN results to corresponding values from the MCD12Q2 data 
product for 2019 across different purity gradients. 

Specifically, to explore the scaling effect which would affect the 
comparison, we compared the degree of phenological differences be-
tween the MCD12Q2 and LSP30CHN data products at different cover 
proportions for land cover types. In this study, 30 m-LC data is aggre-
gated to the spatial resolution of 500 m using the majority method. Since 
it is difficult for a pixel to distinguish the contribution of natural vege-
tation and croplands to the spectrum and thus phenological retrievals, 
we calculated the proportion of major land cover type (i.e., purity ratio) 
of all 30 m vegetated pixels within a 500 m pixel (hereafter 500 m-LC). 
Vegetated pixels include all forests, shrublands, grasslands, savannas, 
and croplands according to the 30 m-LC classification scheme (Zhang 
et al., 2021b). All 500 m pixels are then divided into 7 categories of 
purity ratio (i.e., 90–100% (pure pixels), 80–90%, 70–80%, 60–70%, 
50–60%, 40–50%, 30–40%). For each purity ratio, we further generated 
100,000 random sample points for natural vegetated and all vegetation 
types using a stratified sampling strategy for 500 m-LC pixels across 
China, respectively (Fig. S10). The category with a purity ratio of < 30% 
is not included in this study due to insufficient sample size. 

The LSP30CHN was compared to the MCD12Q2 at a spatial scale of 1 
× 1 MODIS pixels (Bolton et al., 2020), we also examined the compar-
ison at the 3 × 3 MODIS pixels but not shown. To do this, the median 
values in 1 × 1 MODIS pixel windows for each phenological metric (SOS 
or EOS) were calculated from LSP30CHN and MCD12Q2 data. Following 
the application of land cover, MODIS pixels with < 25% coverage of 
LSP30CHN pixels were excluded from the analysis, along with MODIS 
pixels with QA scores of “fair” or “poor”. To rule out the possibility that 
variations in some specific samples caused the validation results, we 
repeated the analysis three times, each time generating 100,000 samples 
by random resampling across China. 

In addition to the nationwide general comparison between two 
phenology products (LSP30CHN vs MCD12Q2) at the 30 m and 500 m 
scales, we also examined their differences in complex agricultural sys-
tems in two typical hotspots (see Fig. S11 for details), both of them were 
rectangles with a buffer of 25 km (Fig. S11): (1) the Sanjiang Plain in 
Northeast China with a mosaic distribution of three crop types (maize, 
soybean, and rice; region 1, Fig. S11 a-d) (You et al., 2021) and (2) the 
Changzhutan region in Hunan Province with multiple cropping in-
tensities (single- and double-rice; region 2, Fig. S11 e-h) (He et al., 
2021). We made time series of EVI2 for one 500 m MODIS pixel and 
three (for region 1) and two (for region 2) 30 m crop subclass pixels 
inside this MODIS pixel, respectively (single-pixel scale) for 2019 to 
compare the seasonal variances of the 30 m and 500 m data. On the 
other hand, we calculated frequency distributions of SOS and EOS dates 
of all 30 m and 500 m pixels in these two hotspot areas with a 25 km 
buffer (regional scale), respectively, to assess their performances in 
representing the spatial heterogeneity and seasonal distribution of 
complex phenological patterns. 

3. Results 

3.1. Spatial and temporal validation of the accuracy of the LSP30CHN 
data 

We conducted the validation of leaf emergence (SOS) and senescence 
(EOS) dates of LSP30CHN and MODIS phenology data for China using 
in-situ phenological observations. As for deciduous broadleaf forests, the 
SOS of LSP30CHN is significantly correlated to in-situ observations with 
a coefficient of determination (R2) of 0.86 and an RMSE of 8.41 days 
(Fig. 7 a). On the other hand, the EOS dates of LSP30CHN showed R2 of 
0.80 and RMSE of 10.77 days (Fig. 7 g). In terms of agricultural eco-
systems, the LSP30CHN results of a large proportion of sites showed a 
close correspondence with in-situ observations, although slight bias 
occurred at most sites (i.e., LSP30CHN predicted earlier SOS and later 
EOS). As for SOS results, four crop types have similar validation accu-
racies except winter wheat has the lowest consistency (Fig. 7 b-f). Spe-
cifically, summer maize has the strongest relationship (Fig. 7 c, R2 =

0.82, RMSE = 11.80 days) with in-situ observations, followed by early 
rice (Fig. 7 e, R2 = 0.78, RMSE = 11.54 days), single rice (Fig. 7 d, R2 =

0.72, RMSE = 8.68 days) and late rice (Fig. 7 f, R2 = 0.66, RMSE =
10.54 days), while the relationship was weakest for winter wheat (Fig. 7 
b, R2 = 0.37, RMSE = 22.38 days) showing earlier SOS of LSP30CHN 
than ground observations. On the other hand, as for EOS results, winter 
wheat has the strongest relationship (Fig. 7 h, R2 = 0.73, RMSE = 7.73 
days), followed by late rice (Fig. 7 l, R2 = 0.66, RMSE = 8.36 days), 
summer maize (Fig. 7 i, R2 = 0.63, RMSE = 7.84 days) and single rice 
(Fig. 7 j, R2 = 0.65, RMSE = 15.60 days), while the relationship was 
weakest for early rice (Fig. 7 k, R2 = 0.51, RMSE = 10.04 days). 

On the contrary, for all vegetation types, whether SOS or EOS, the 
MCD12Q2 product showed worse results. Specifically, the best results 
were obtained for broadleaf deciduous forests (Fig. 7 a, R2 = 0.57, 
RMSE = 15.58 days for SOS, while Fig. 7 g, R2 = 0.51, RMSE = 10.77 
days for EOS), but this was still worse than LSP30CHN. For crops, the 
MCD12Q2 showed a greater span of estimated phenological metrics, 
which probably led to a low correlation coefficient. Three of the four 
types of crops had R2 < 0.1 (Fig. 7), except for late rice, which had 
relatively high consistency (Fig. 7 f, R2 = 0.63, RMSE = 10.54 days for 
SOS while Fig. 7 l, R2 = 0.15, RMSE = 27.45 days for EOS). However, 
only 13.6% (6 out of 44) of the late rice sites that participated in the 
validation were successfully retrieved by MCD12Q2. It should be noted 
that a slight negative bias on phenology occurred at most sites indicating 
an earlier remotely sensed phenology than in-situ observations (Fig. 7). 
This phenological discrepancy is likely attributed to the difference be-
tween remote sensing- and in-situ observations in the definition of 
phenology (Donnelly et al., 2022). 

We also compared LSP30CHN results with MSPLSP30NA and MODIS 
phenology data for North America using PhenoCam data. Overall, both 
SOS (Fig. 8 a-e) and EOS (Fig. 8 f-j) results were better for the LSP30CHN 
compared to the MSPLSP30NA and MCD12Q2, and the validation re-
sults for EOS were worse than SOS for all three products. Specifically, 
LSP30CHN was superior to the other two products, except for SOS for 
grassland (Fig. 8 c) and EOS (Fig. 8 g) for the evergreen coniferous 
forest, where MSPLSP30NA had a higher agreement. For broadleaf de-
ciduous forests, LSP30CHN was similar to but superior (with lower 
RMSE) to MSPLSP30NA and MCD12Q2 (Fig. 8 a, f), and for deciduous 
broadleaf forests EOS, MCD12Q2 had a very low spatial consistency of 
EOS (Fig. 8 f). For crops, the SOS of LSP30CHN had significantly higher 
R2 (Fig. 8 d) while the EOS of the three products performed comparably 
(Fig. 8 j). For the phenological results of the evergreen needleleaf forest, 
the three products are all poor, and there is a very low consistency of 
EOS (Fig. 8 b, g). 

Moreover, we evaluated SOS dates estimated from LSP30CHN 
against that from MCD12Q2 over time (2016–2021) using CERN sites at 
the site and regional scales. During the period 2016–2021, although 
there are slight differences in magnitude, the interannual variation and 
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Fig. 7. The correspondence between LSP30CHN results and the in-situ phenological observations for SOS (a-f) and EOS (g-l) dates across six vegetation types. Here, 
early rice and late rice are distinguished, but both belong to double rice. A 1:1 line (gray dashed) is shown. Fitted linear regression and its 95% confidence intervals 
are also shown as solid lines and shaded areas for LSP30CHN (blue) and MCD12Q2 (red) products, respectively. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.) 
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Fig. 8. The correspondence of SOS (a-e) and EOS (f-j) results between LSP30CHN and the other two phenology products against the PhenoCam observations across 
five vegetation types in North America. Orange, red, and cyan colors indicate LSP30CHN, MSLP30NA, and MCD12Q2 products, respectively. The X-axis label 
represents the phenological results (SOS_GCC and EOS_GCC) simulated by PhenoCam, while the Y-axis label represents the phenological results (SOS_RS and EOS_RS) 
of the three products based on remote sensing. A 1:1 line (gray dashed) is shown. Fitted linear regression and its 95% confidence intervals are also shown as solid 
lines and shaded areas for three products, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.) 
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frequency distribution of SOS derived from LSP30CHN and MCD12Q2 
were very consistent at the site scale (Fig. 9 a-f) and regional scale (Fig. 9 
g-l), respectively. It is worth noting that LSP30CHN performed well in 
SOS of winter wheat while SOS of MCD12Q2 has large interannual 
variability, even SOS has a change of positive and negative sign (Fig. 9 d, 
j), which indicates that MCD12Q2 product has large uncertainties in 
extracting SOS of winter wheat. 

3.2. Comparison of spatial consistency in scaling effects with the existing 
MODIS phenology data 

In China, ~45% of vegetation pixels on a 500 m scale are considered 
pure pixels, and nearly 55% are mixed ones, with the proportion of 
mixed pixels ranging from 40 to 80% (Fig. S10). When only considering 

pure pixels (purity ratio = 10), the upscaled LSP30CHN phenological 
metrics showed good agreement (r > 0.8) with the MCD12Q2 product 
for both SOS (Fig. 10 a) and EOS (Fig. 10 i). It should be pointed out that 
the high scattering effect between these two products for both leaf 
emergence and fall senescence revealed modest systematic bias in 
MCD12Q2 phenological metrics versus results from the LSP30CHN al-
gorithm. We found significant and consistent results occur with 
MCD12Q2 having later SOS but earlier-then-later EOS than LSP30CHN 
regardless of the pixel purity ratio (Fig. 10). 

We further found that the heterogeneity gradient-induced scaling 
effect affects the spatial consistency of phenological retrievals between 
the LSP30CHN and MCD12Q2 products (Fig. 10). Specifically, the dis-
crepancies in both SOS and EOS became larger as the purity ratio (higher 
values imply more homogenous surfaces) decreased from 90% to 40%, 

Fig. 9. Interannual variance (a-f) and frequency histogram distribution (g-l) of the start of the growing season (SOS) over 2016–2021 derived from LSP30CHN and 
MCD12Q2 among selected vegetation types. Blue and red colors indicate LSP30CHN and MCD12Q2 products, respectively. Site-level LSP30CHN-based SOS is the 
mean (±standard deviation) of all 30 m pixels within the corresponding 500 m pixels. The region-based frequency distribution for each site is obtained based on the 
SOS of all pixels (30 m LSP30CHN vs 500 m MCD12Q2) within a 25 km buffer around the CERN (Chinese Ecosystem Research Network) site. Dashed and solid lines in 
each violin are the 25% and 75% quantiles and the median values, respectively. Refer to Fig. S6 for more details. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.) 
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and the differences showed a linear downward trend with r decreasing 
from 0.90 to 0.57 for SOS (Fig. 10 h) and from 0.85 to 0.45 for EOS 
(Fig. 10 p), respectively. We also only included natural vegetation for 
the comparison of LSP30CHN and MCD12Q2 across different purity 
ratios, and the result shows a consistent conclusion with that for all 
vegetation pixels (Fig. S12). 

3.3. Spatial distribution of LSP30CHN-derived phenological metrics 

The LSP30CHN data product showed a clear spatial pattern of 
phenological metrics and revealed finer spatial details (Fig. 11). Spatial 
patterns in the SOS, EOS, and POS showed substantial geographic 
variation related to climate forcing and land cover (Fig. 11 a-c). Spe-
cifically, a strong but heterogeneous latitudinal gradient in the leaf 

emergence (SOS) was evident, superimposed on regional patterns 
related to land use (e.g., croplands) and moisture limitations. For 
example, the growing season started later at higher latitudes. The SOS in 
the arid area of northwestern China was later than that in the humid area 
of southeastern China, consistent with the pattern of arid and humid 
zones in China (Fig. 11 a). In addition, impressively, the leaf emergence 
in the agricultural areas of Northeastern China (You et al., 2021) and the 
winter wheat (Dong et al., 2020) growing areas of Northern China 
appeared earlier than the surrounding natural vegetation (e.g. forests 
and grasslands), almost perfectly matching the spatial distribution of 
crops in these areas (Fig. 11 a). These similar characteristics were also 
consistently reflected in the EOS (Fig. 11 b) and POS dates (Fig. 11 c). 

In addition, we found that two phenology datasets have a close 
spatial pattern (Fig. 12), but the comparison results at the regional scale 

Fig. 10. The consistencies between LSP30CHN- and MCD12Q2-retrieved SOS (a-h) and EOS (i-p) for all vegetated 500 m pixels across different purity ratios, 
respectively. The purity ratio (Ratio #) indicates the proportions of 30 m major land cover type within a 500 m pixel corresponding MODIS pixel. For example, the 
Ratio = 10 represents the proportion between 90 and 100%. The Y-axis label in subplots (h, p) denotes Pearson’s correlation coefficient between the two products. 
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demonstrated fine-scale phenology patterns captured by the 30 m EVI2 
time series that are not captured by MODIS, particularly in locations 
with large spatial heterogeneity (Fig. 12). Fig. 12 a-c showed that field- 
to-field variability in crop phenology was also well captured by the 
LSP30CHN algorithm in the agro-pasture ecotone (agriculture and 
pasturage interlaced zone) of Inner Mongolia, which allowed crop 
phenology and greenness to be assessed across and within individual 
fields. The LSP30CHN provided more spatial details of vegetation 
phenology than the MCD12Q2 product. Fig. 12 d-f illustrated the spatial 
variability in SOS associated with land use patterns in a region of towns 
and suburbs located in Shanxi province. The vegetation SOS of cities/ 
towns was exhibited in early spring (around May), and even the 
phenological details of street trees can be seen (Fig. 12 e-f). The SOS of 
the suburban farmland around towns appeared later (about June). On 
the contrary, the 500 m MCD12Q2 reflected shortened and blurred 
phenological differences in the city and surrounding farmland, and it is 
hard to distinguish cities and their boundaries from MCD12Q2 data. 
Fig. 12 g-i revealed elevation gradients with fine-scale spatial variation 
of deciduous forest-crop phenology related to land-use patterns in 
mountainous Northeast China. Earlier SOS in higher-elevation forests is 
evident, and the latter SOS is well-captured in lower-elevation crop-
lands. Fig. 12 j-l showed the variable SOS dates of winter wheat asso-
ciated with land use patterns in Shandong province. The phenological 
differences of crops with different growth patterns were well expressed 
by the LSP30CHN product, and winter wheat SOS was earlier. However, 

the MCD12Q2 product was not expressive enough in this respect. 
LSP30CHN showed a consistent pattern of SOS for winter wheat which 
occurred in the previous year (e.g., autumn–winter in 2018). On the 
contrary, it is worth noting that the SOS of some pixels, which is not 
negligible, obtained by the MCD12Q2 with a 15% threshold was positive 
(~90 DOY, Fig. 12 j) that means MCD12Q2-derived SOS occurred in the 
target year (e.g., in spring 2019). This issue may be caused by its 
phenology extraction algorithm mistakenly identifying the valid vege-
tation cycle between emergence and green-up date for winter wheat 
(Fig. 6 a, b, f, 12 j-l). This also demonstrated the robustness of 
LSP30CHN in delineating the complicated phenological pattern of land 
use and land cover. Comparisons of LSP30CHN results for all four cases 
with the MCD12Q2 product clearly illustrated that LSP30CHN results 
displayed a considerable degree of fine-scale spatial variation that 
cannot be captured in the MCD12Q2 dataset. 

3.4. Performance of LSP30CHN in complex agricultural systems 

We evaluated the potential of LSP30CHN in complex agricultural 
systems (Fig. 13). On the one hand, the spatial structure of crop mixing 
can be reflected in 30 m LSP30CHN in northeast China (Fig. S11 a-d). 
The 30 m LSP30CHN- and 500 m MCD43A4-based EVI2 time profiles 
were relatively similar in SOS but differed in EOS (Fig. 13). The 
MCD43A4 EVI2 signal was more dominated by maize-soybean mix in-
formation, while the EOS difference between maize and rice was about 

Fig. 11. Spatial distributions of the estimated (a) start (SOS), (b) end (EOS), (c) peak (POS), and (d) length (GSL) of growing season derived from LSP30CHN over 
China in 2019, respectively. The unit of the legend is day of year (DOY). The overlap map is Google Earth images. 
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20 days (Fig. 13 a). In addition, for the frequency histograms of the 
phenological metrics, the 30 m LSP30CHN reflected the distribution of 
crop types. The rice, maize, and soybean showed a misplaced frequency 
distribution (Fig. 13 c). The phenological dates of the three crop types, 
especially SOS, showed a strong overlap on the 500 m MCD12Q2. This 
meant that the 30 m LSP30CHN can distinguish the phenological dates 
of different crops. In comparison, the 500 m MCD12Q2, to some extent, 
cannot distinguish the phenological periods of various crops. 

On the other hand, the 30 m LSP30CHN-based EVI2 time profile well 
matched the growth process of single- and double-season rice in Hunan 
province, but the 500 m MCD43A4 EVI2 curve only reflected the char-
acteristics of a single growing season (Fig. 13 b, S10 e-h). The MCD43A4 
EVI2 signal in green-up was more dominated by single rice information, 
although the EVI2 of senescence did not differ much between the two 
products (Fig. 13 b, d). In addition, for the frequency histograms of 
phenological dates, the 30 m LSP30CHN distinctly demonstrated the 
distribution of crop types with multiple growth peaks/cycles in SOS/ 
EOS for single- and double-season rice (Fig. 13 d). On the contrary, the 
500 m MCD43A4 product did not adequately capture the multi-peak 
phenological features for distinguishing single- and double-cropping 
rice, with only one peak distribution for both SOS and EOS. 

4. Discussion 

4.1. Advantages of the proposed uniform phenology algorithm 

Although it is common sense that 30 m LSP data has better spatial 
characterization ability than 500 m LSP data, 30 m LSP data products at 

a global scale or continental scale are still very scarce so far (Bolton 
et al., 2020). The main limitation is that the complex seasonal charac-
teristics (phenology) of different vegetation types make it difficult to 
develop a unified phenological extraction algorithm. Besides, the high- 
performance computing required for large-scale LSP estimations is 
becoming a major determinant. Therefore, the development of a 30 m 
large-scale LSP product closely related to these two constraints is still 
very worthwhile. Furthermore, given that the majority of phenological 
research has focused on North America and Europe, developing 
spatiotemporally explicit LSP data in China is imperative. Our algorithm 
could produce an LSP result regardless of the vegetation type of the 
target pixel (e.g., forest, grassland, single or multiple crops), and our 
results show that the phenology estimation is good. It should be noted 
that our LSP30CHN product developed for China have several improved 
characteristics that fit a big country with two typical features 1) higher 
spatial heterogeneity, and 2) multi-cropping systems. We aim at the 
shortcomings of the existing phenological algorithm and realize a robust 
and unified phenological algorithm based on parallel determination 
conditions for the first time. Our study not only fills the volume of global 
LSP data but also is the world’s first implementation of a large-scale 
multi-year LSP product at a spatial resolution of 30 m embedded in 
the GEE. 

On the one hand, the LSP community has made a lot of efforts for 
medium-resolution LSP retrievals, such as 10 m/30 m LSP data products 
at the national/continental scale mainly represented by Bolton et al. 
(2020) and Tian et al. (2021). However, these existing algorithms are 
quite insufficient to innovate a single algorithm for fast and accurate 
retrieval of phenological metrics across different vegetation types and to 

Fig. 12. Spatial comparisons of the start of the 
growing season (SOS) of the first vegetation cycle for 
LSP30CHN and MODIS C6 data products in 2019. 
Each row represents four different case analysis lo-
cations (r1-r4) that are highlighted in Fig. 11a, and 
include an agricultural-pastoral ecotone (a-c), a 
rural–urban mosaic (d-f), a crop-forest mosaic (g-i), 
and a winter wheat-growing area (j-l), respectively. 
Each column is 500 m SOS from the MCD12Q2 
phenology product, 30 m SOS from LSP30CHN, and 
the Google Earth image of the zoomed area, respec-
tively. Phenological metrics are shown as the day of 
year (DOY) with the same colormap as Fig. 11a. The 
center coordinates of these four regions are labeled in 
the third column.   

J. Yang et al.                                                                                                                                                                                                                                    



ISPRS Journal of Photogrammetry and Remote Sensing 202 (2023) 610–636

630

obtain phenological metrics with unified definition and comparability. 
By using the EVI2 amplitude (>0.1) and amplitude ratio (>0.35) of the 
peaks, previous efforts of LSP retrieval usually tend to exclude the 
vegetation cycle during the overwintering period for the winter crops 
and/or the pixels of annual herbs with low amplitude in arid areas 
(Bolton et al., 2020; Gray et al., 2019; Qiu et al., 2020a). Here we argue 
that these phenological algorithms could not be used to identify accurate 
vegetation cycles in any ecosystem system (Figs. 6, 13, S1). We avoid the 
issue of mechanically masking dryland vegetation or evergreen plants 
that have too small a growth amplitude but still have seasonality in the 
existing phenology algorithms (this is the first shortcoming of the 
existing phenology algorithms). We also evaluated a separate rule for 
amplitude ratio > 35% in the existing phenology algorithms and found 
that this rule is not always competent for the determination of multiple 
growth cycles (this is the second shortcoming of the existing phenology 
algorithms). In general, these shortcomings exist in four complex cases 
as follows. 

Case 1) For some winter wheat, a false peak with an amplitude ratio 
> 35% during the overwintering is mistakenly judged as true (Com-
mission). This would lead to wrong retrievals of SOS or EOS (Fig. 6 a, S1 
b). The EVI2 temporal profile of some vegetation to live through the 
winter, such as winter wheat in the North China Plain and the states of 
Oklahoma and Kansas in the United States, and winter rapeseed in 
southern China, usually has two peaks (late autumn and early spring) 
due to decreased EVI2 during the vernalization period in autumn and 
winter. These sometimes led to the minimum EVI2 amplitude being 
>0.1 and the amplitude ratio over 35% (Fig. 6 a, November 2018 to 
April 2019). In this case, such an operation (e.g., Bolton’s method) could 
easily misidentify vegetation cycles, leading to an incorrect estimate of 
phenology. Specifically, for some winter wheat in the United States, if 
the amplitude ratio of EVI2 during the overwintering period is > 35%, 
the vegetation cycle during this period will be misjudged as the true 
cycle (Fig. 6 a). Also, only cycles with peaks appearing in the target year 
would be considered in the algorithm by Bolton et al. (2020); therefore, 

Fig. 13. Comparison of temporal profile (a, b) and frequency histogram (c, d) between 30 m (LSP30CHN) and 500 m (MCD12Q2) phenology products across 
different crop types. Two hotspot regions (see Fig. S11 for details), the Sanjiang Plain (a, c) and Changzhutan region in Hunan Province (b, d) were selected to 
illustrate the detailed differences between the two datasets in different land-use types. The EVI2 time series (a, b) of two selected 500 m MODIS pixels in the two 
above regions are shown, respectively. In a single 500 m MODIS pixel, there are multiple crop types or multi-cropping rice, which is indicated by many 30 m pixels. 
The vertical dashed lines in subplots (a, b) represent SOS and EOS, while the vertical dashed lines in subplots (c, d) indicate the average value of phenological metrics 
for each crop type. 
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the SOS of winter wheat in Fig. 6 a, S1 b appeared in spring, which is 
obviously problematic. To say the least, even if the peak cannot be 
limited to the target year, then SOS may be correct, but this will still lead 
to EOS of winter wheat occurring in the winter or the preceding year or 
early spring of the target year, which is obviously problematic (Fig. 6 a, 
S1 b). 

Case 2) For some winter rapeseed, a true cycle with an amplitude 
ratio < 35% during the overwintering is misidentified as false (Omis-
sion) (Fig. 6 e). Moreover, these two contradictory cases are often in the 
same period, and it is difficult to distinguish them by a single amplitude 
rule (>35%). 

Case 3) For some double-season rice, a true peak with an amplitude 
ratio < 35% in summer is misidentified as false (Omission). (Fig. 6 h). 
The original method was specifically designed for single-season vege-
tation (e.g., natural vegetation and/or single-cropping systems), fewer 
attempts have been made both for single- and double-season croplands, 
especially for wheat-maize/rice and rice-rice rotation cropping systems 
(Qiu et al., 2020a). For example, as for double cropping rice in Southern 
China, the time gap between the early-rice harvesting and subsequent 
late-rice transplanting may be as short (e.g., within two weeks) (Fig. 6 g, 
h, July 2019) (Liu et al., 2020), and this is a widespread practice. 
Coupled with the possible insufficient valid satellite observations, the 
amplitude ratio at the rotation period will be < 35%, so it cannot be 
recognized as two cycles of double cropping rice (one for early rice and 
one for late rice) (Fig. 6 h). 

Case 4) For some forests, a false peak with an amplitude ratio > 35% 
in summer is misidentified as true (Commission) (Fig. 6 i). For natural 
vegetation, due to interference such as cloud cover or drought, EVI2 
sometimes decreases in some forests in summer. Depending on the sit-
uation, the ratio may be >35% (Fig. 6 i) or < 35% (Fig. 6 j), and the 35% 
amplitude ratio rule of the MCD12Q2 algorithm will fail. Not to mention 
the cases where EVI2 amplitude is often lower than 0.1 in arid areas and 
evergreen vegetation. Again, these two contradictory cases are often in 
the same period, and it is difficult to distinguish them by a single 
amplitude rule (>35%). When the above four cases are put together, the 
complexity makes it more difficult to conduct uniform phenological 
retrievals over large regions. This is the same problem in all current LSP 
products. 

On the contrary, our study presents a unified algorithm for the 
powerful detection of LSP information with a spatial resolution of 30 m 
for different vegetation ecosystems, including natural and agricultural 
ecosystems (Fig. 5). The core of the algorithm is to extract accurate 
phenological metrics by refining the identification of a valid vegetation 
cycle (Figs. 5, 6). We used the original EVI2 and LSWI observations and 
their relationships within two key time windows, allowing for more 
accurate identification of the vegetation cycle (Fig. 5, and Section 2.4.1). 
Specifically, we innovatively developed two main determination con-
ditions, one was to identify soil bare presence during the seasonal 
transition period, and the other was to use the vegetation indices and 
their relationships in a time window to assist in determining whether the 
target vegetation cycle (time window) was true or false. We found that 
the difference between EVI2 and LSWI of crops was small during the 
overwintering and senescence periods (Fig. 6). We also found that EVI2 
and LSWI were very relevant during the overwintering period, and 
LSWI/or low EVI2 was largely able to monitor the bare soil presence 
during the senescence period (Fig. 6). This study identified the vegeta-
tion cycle based on the simple truth that bare soil and/or dead vegeta-
tion exists during the transition between two adjacent vegetation cycles. 
Both LSWI and low EVI2 could recognize bare soil during the temporal 
window of soil exposure in which the growing phase transforms (Xiao 
et al., 2006; Zhang et al., 2022), which also works for single-season 
forests and grasslands (Fig. 6 d, i, j). To date, we have not seen much 
work that ties LSWI-EVI2 and their relationships with accurate identi-
fication of phenological cycle. Through multi-level validation/compar-
ison, our algorithm can identify more accurately the cycles of 
interannual crops and double-season crops with rapid seasonal 

transitions, such as winter wheat and double rice. Moreover, this idea of 
auxiliary time windows also alleviates the adverse effects of missing 
data to a certain extent. Our improved algorithm can be used for the 
phenological extraction of all vegetation types and can achieve the 
consistency of phenological results in the definition of phenological 
metrics, which can better meet the needs of scientific research and 
applications. 

On the other hand, we pointed out and addressed the inconsistency 
of SOS extraction in the existing phenology algorithm, which has been 
always neglected. By definition, the SOS for overwintering vegetation, 
such as wither wheat, should be leaf emergence in the fall/winter of the 
previous year. As a large-region product, SOS results should be unified, 
instead of SOS with some pixels being emergence dates (e.g., in autumn 
2018) while some pixels being green-up dates (e.g., in spring 2019). 
However, the extracted SOS for some winter wheat by the existing 
MCD12Q2-like algorithm will be highly variable across pixels in terms of 
the definition (Bolton et al., 2020). If the amplitude ratio of winter 
wheat during the overwintering period is below 35% (in many cases 
below 15%), the SOS timing extracted at a threshold of 15% or even 50% 
would cross over to the target year because it was misclassified as a 
green-up period, but in fact it should be the emergence date of the 
preceding year (Fig. 6 b, S1 c, e, f) (Bolton et al., 2020). And this issue 
could occur in the United States and a large number of winter wheat in 
the North China Plain (Fig. 6 b, S1 e-f). We argue that this issue is a big 
thing as this leads to inconsistency in the SOS results caused by the al-
gorithm when applying or comparing phenological metrics among 
vegetation types at a large scale. We found the cause of this issue that 
makes SOS retrievals highly variable across pixels. For data-driven 
phenological retrievals, the identification of valid vegetation cycles 
determines the retrieval of phenological metrics (SOS and EOS). How-
ever, the rules of EVI2 amplitude (>0.1) and amplitude ratio (>35%) 
proposed by Bolton et al. (2020) cannot guarantee either the accurate 
identification of valid vegetation cycles or extraction of SOS/EOS in 
some cases. 

Our algorithm ensured the consistency of SOS/EOS in the definition 
and retrieval results through the relationship between EVI2 and LSWI in 
the overwintering period (Fig. 6 a, b, f, and Section 2.4.2). In addition, 
we improved the criteria for determining the cycle corresponding to the 
target year. We switched from “simply considering the cycle in which 
the peak is located in the target year” to “considering the cycle in which 
the senescence or harvest time is in the target year, and considering the 
cycle in which the peak is before the winter of the target year” (Section 
2.4.2). This ensured the determination of the true vegetation cycle of the 
overwintering crop (the peak may be in the previous year) and the 
following phenology extraction. Thus, our algorithm further reduced the 
uncertainty in the analysis of the temporal variation of the phenology. 
These improvements in our algorithm provide new insights into the 
large-scale refined phenological estimation for other regions with 
complicated, fragmented landscapes and vegetation seasonality. This is 
our big message and contribution to the community and science. 

In addition, it should be noted that because a previous study showed 
that Bidirectional Reflectance Distribution Function (BRDF) correction 
did not have a significant effect on the phenology results (Tian et al., 
2021), our study, therefore, did not apply BRDF correction to the 
remotely sensed data. In addition, although atmospheric correction and 
topographic correction are also factors affecting reflectance, given the 
complexity of these operations and the potential overcorrection of 
Sentinel-2 SR data on the GEE, we used TOA reflectance data, which also 
extends the study time span (2016–2021 for TOA while 2019–2021 for 
SR). Our study shows that although there is indeed a gap between TOA 
and SR in EVI2 magnitude, they are not very different for EVI2 
phenology and even its interannual variance, especially in flat areas 
(Fig. S13). 
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4.2. Improvements of 30 m on 500 m LSP data 

We implemented multi-level validation of our algorithm and prod-
uct, including spatial and temporal validation, and comparison between 
multiple regions, types, and products. Our validation results with in-situ 
phenological observations are generally satisfactory (R2 > 0.6 in most 
cases; Figs. 7-9). Our LSP30CHN product shows high comparability with 
the other two products (i.e., MCD12Q2 and MSLSP20NA) in terms of 
natural vegetation, and performs better than the other two products in 
most cases (Figs. 7-10). These evaluations demonstrate the high 
robustness and feasibility of our proposed LSP algorithm. 

In addition to the advantages of accurate identification of valid 
vegetation and phenology extraction, a powerful strength of the 
LSP30CHN data is its capacity to characterize the phenological differ-
ences across land cover or climate zone at 30 m landscape scale, such as 
urban–rural difference, elevation gradient, and cropland/ natural 
vegetation mosaics, which are also affected by microclimate variation at 
a local scale (Gao and Zhang, 2021). Our study provided a quantitative 
phenological comparison between 30 m and vs 500 m- LSP data prod-
ucts at a national scale. The increasing inconsistency between 
LSP30CHN and MCD12Q2 LSP data products as the scaling effect in-
creases revealed the latent scaling effects of coarser LSP products across 
China, which may affect the interpretation of biophysical properties of 
LSP (Fig. 10) (Peng et al., 2017; Zhang et al., 2017). The results 
demonstrate the potential necessity of 30 m LSP products in China and 
other regions with fragmented landscapes (Zhang et al., 2017). The new 
LSP30CHN allows us to realize the phenological identification and 
estimation of complex cropping systems and fragmented land-use pat-
terns in China. The LSP30CHN product will enable the classification of 
cropping types, crop yield monitoring, and the evolution of cropping 
systems (e.g., crop rotation) for better supporting agricultural infor-
mation management and food security at the sub-field level (Liu et al., 
2020). This LSP30CHN will also support or re-examine the studies on 
urban ecology and health and sustainable management (e.g., urban 
green spaces) where the lack of vegetation dynamics characterized by 
satellite observations with high spatial and temporal resolution has 
previously limited assessments of urban ecosystems and its adaptation 
and mitigation actions (Li et al., 2019; Zhou, 2022). In addition, along 
with 500 m LSP data, the 30 m phenology data will allow for a much 
more detailed assessment of vegetation responses to disturbances, e.g., 
drought, flooding, insect infestations, and human influence, and for 
monitoring invasive species and vegetation diversity (Brooks et al., 
2020; Pastick et al., 2020; Qiu et al., 2020b; Tian et al., 2021; Wang 
et al., 2018). 

In addition, the cloud-based GEE platform facilitates the geospatial 
processing and analysis of large numbers of high-resolution and large- 
scale images for mapping vegetation phenology in a timely fashion. 
The approach of recursively identifying candidate cycles proposed by 
Bolton et al. (2020) is very hard to implement on the GEE because GEE 
operates on images rather than individual pixels. But our algorithm it-
erates over the peaks in the order they appear, making it easy to 
implement in GEE and other platforms. Therefore, our algorithm is 
simpler, easier to fit into the GEE platform, and easier to implement. It 
takes about 1.5 h to compute ~ 7 tiles (2◦ × 2◦) in parallel from 
approximately 3 TB of imagery, and 326 tiles (Fig. S14) covering the 
whole of China will take about 4 days to complete. The occupancy of 
data storage for one year of data in China is ~ 60G. Taking advantage of 
high-performance computing and parallel processing, our proposed 
phenology algorithm embedded in GEE can generate large-scale LSP 
products with fine spatial detail, and there will be invaluable insights 
and implications that the LSP community would address. The applica-
tion of GEE allows us to produce 30 m or finer phenology data across a 
regional or global scale, and this capability further will be multiplied 
with Landsat 9 and PlaneScope data which can provide higher spatial 
and temporal resolution observations and can resolve the seasonal dy-
namics of vegetation at a finer spatial resolution than ever before (Masek 

et al., 2020; Zhao et al., 2022). Hence, in the future, the LSP30CHN data 
product is expected to have great potential for a broad range of new 
applications, such as agricultural policies (e.g., prediction of crop yields) 
(Zhang et al., 2019) and sustainable management (e.g., urban ecosystem 
health, urban green spaces, climate mitigation, and adaptation) (Vitasse 
et al., 2022) from local to the globe (Bolton et al., 2020). 

4.3. Uncertainty analyses and implications for future work 

The validation results show a satisfactory agreement with in-situ 
phenological observations, however, evaluation and validation of LSP 
data products still face several challenges that introduce uncertainty 
into the validation effort and should be improved in the future. First, the 
near-surface phenological observations are the sole touchstone and 
standard for developing and validating LSP algorithms and products. 
However, systematic and thorough comparable in-situ phenology mea-
surements in China are mostly unavailable, and thus it is difficult to 
directly compare LSP metrics and their interannual variances retrieved 
from satellite-derived VIs with ground observations (Richardson et al., 
2018a; Seyednasrollah et al., 2019a). That suggests a need for open and 
free access to phenological observations of longer duration and higher 
quality (Li et al., 2021). At the same time, we call for more observation 
networks (either based on repeated digital photographs or manual in-
spection) to join together to form a unified observing alliance, which 
will greatly standardize the patterns of observation, data management, 
and distribution. For example, increasing ground- and tower-based near- 
surface phenological observations would provide more measurements at 
the local scale, such as the National Phenology Network (USA-NPN, 
https://phenocam.sr.unh.edu/webcam) and the PhenoCam Network 
(Richardson et al., 2018b; Seyednasrollah et al., 2019a). A 

Second, although the footprints are close, near-surface phenological 
observations (e.g., PhenoCam) and the 30 m landscape-based LSP still 
differ in the definition of vegetation phenology (Gao and Zhang, 2021; 
Melaas et al., 2016; Zhang et al., 2020b) as well as the scales (Peng et al., 
2017; Zhang et al., 2017). Higher agreement between the LSP30CHN 
product and in-situ phenological observations was found in deciduous 
plant functional types (e.g., deciduous forests, grasslands) than in areas 
with lower seasonality in vegetation, such as evergreen ecosystems 
(Fig. 8 b, g) or arid and semi-arid systems (Fig. 6 d). The uncertainty in 
LSP30CHN data is attributed to its algorithm which is, by definition, 
designed to capture seasonal phenology in vegetation indices. Optical 
remote sensing to monitor the phenology of evergreen ecosystems re-
mains a challenge. Although the criteria of the EVI2 amplitude greater 
than the prescribed threshold of 0.1 (i.e., ΔEVI2 > 0.1) in the MCD12Q2- 
like algorithm has been abandoned in LSP30CHN algorithm, the inter-
pretation of retrieved phenological metrics is ambiguous due to tem-
poral changes from understory in open forests or overstory deciduous 
broadleaf trees in closed forests (Bolton et al., 2020). It must be 
acknowledged that it is challenging for all natural vegetation and crop 
SOS to be accurately extracted in one algorithm. We designed an 
effective way to extract the SOS of overwintering vegetation by identi-
fying the false peak and true peak using the EOS of the cycle before 
September of the target year (Figs. 5, 6). While this still has potential 
impact of weeds on the algorithm’s performance. For instance, in Fig. 6 
b, the false peak may be caused by weed growth rather than the crop 
species. In some regions of southern China, where the climate is milder, 
it is possible for weed to continue growing throughout the winter season. 
This raises the challenge to distinguish between the peak caused by 
weed and the peak caused by the crop species. If the peak is caused by 
weed growth, the SOS may be estimated too early. 

In this study, we found that LSWI or low EVI2 is successfully used for 
identifying the bare soil that indicates the end of the vegetation cycle, 
and then identified a complete valid vegetation cycle (Figs. 5, 6). Be-
sides, LSWI and EVI2 time series have a good correlation between 
senescence and overwintering for the crop (Fig. 6). These biophysical 
characteristics of specific vegetation types found in this study and the 
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amplitude criteria of previous studies (Bolton et al., 2020) are integrated 
into our algorithm, which can comprehensively and robustly identify the 
valid life cycle of any vegetation type and its critical phenological 
transition time (Figs. 5, 6). However, the optical satellite-based VIs 
values can still be affected by atmospheric conditions. We demonstrate 
for the first time that using the relationship between multiple vegetation 
indices at one stage of the vegetation cycle contributes to the identifi-
cation of phenological metrics at other stages of the vegetation cycle and 
that this strategy can be effectively applied to time series with few or 
unavailable data observations. 

Compared to Landsat-7/8, the Sentinel-2 sensor occupies the largest 
number of remote sensing observations, accounting for >60% of all 
valid observations (Figs. 2, 4). Multi-source data fusion can guarantee a 
valid observation every month for the implementation of the pheno-
logical algorithm (Fig. 2). Our results revealed that the 9-day compos-
ited Landsat and Sentinel-2 synthesis could detect the timing of 
emergence and senescence dates for most fields (e.g., cycles of cropland) 
but with some missing and false detections in Tibetan Plateau and the 
Sichuan Basin (Fig. 2). Harmonization is widely used in remote sensing, 
but rarely discusses its implications in downstream applications of 
spatial studies and especially for temporal studies. Although we reduced 
the impact of the bad quality of VIs time series by using the quality 
control, filter, and smoothing methods, some residual noise and 
abnormally low EVI2 values due to some failure detection of clouds 
(Fig. 4). In particular, bad-quality Sentinel-2 data in the peak season still 
cannot be ignored that inevitably affects the POS retrieval. To reduce 
such uncertainties, we harmonized the data from these three sensors and 
constructed 9-day maximum value composite (MVC) time series com-
posites through gap-filling and data smoothing (see Section 2.3). The 
MVC can also be used to reduce the EVI2 mismatch of different sensors 
that may be caused by multiple factors (Figs. 4, S7, S8). In addition to 
data preprocessing, we also excluded those cases in which EVI2 
decreased too much but was a single season through the above deter-
mination conditions of the true vegetation cycle (Fig. 6 i, j, Section 
2.4.1) in the process of phenology extraction. These procedures could 
further to a certain degree reduce the impact of bad-quality of VIs on 
phenological retrievals. It should be noted that the Landsat-Sentinel-2 
harmonization data has been well demonstrated for phenological 
retrieval of different natural vegetation and crops in the coastal zone 
(Zhang et al., 2022) and croplands (Liu et al., 2020) of China, and our 
study. Therefore, the harmonization scheme derived from other studies 
can be applied in this study with a great deal of confidence. 

Our study shows that bare soil identification shows a great role in the 
identification of phenological cycle; however, although we integrate 
Landsat and Sentinel-2, bare soil identification based on optical remote 
sensing still faces great challenges in cloudy and rainy times and regions 
(Fig. 6 g, h). The identification of bare soil presence during periods of 
high cloud cover can be further improved by integrating optical and 
microwave sensors (e.g., Sentinel-1C-band synthetic aperture radar) and 
machine learning algorithms (Gao et al., 2021; Meraner et al., 2020; 
Meroni et al., 2021; Nasrallah et al., 2019; Salinero-Delgado et al., 
2021). For example, both Sentinel-1 and Sentinel-2 can provide relevant 
and at times complementary LSP information at the field level, which is 
the frontier of science (Meroni et al., 2021). Whether and to what extent 
these two different monitoring approaches (optical and microwave) can 
achieve collaborative phenological retrieval is still unclear so far and 
needs further systematically exploited (Meroni et al., 2021). At present, 
there are more and more multi-source and multi-scale satellite cooper-
ative observations. More recently, Landsat-9 (a virtual twin of Landsat- 
8) launched in September 2021, and the PlanetScope constellation of 
Dove CubeSat satellites affiliated with Planet Lab has been implemented 
since 2009. The medium-resolution Landsat and Sentinel-2 virtual 
constellation can provide more continuous global high-frequency sat-
ellite observations (every 1–2 days), which will be expected to provide 
considerable improvements to our algorithm, even to finer-resolution (e. 
g., ≤10 m) LSP retrieval (Tian et al., 2021). In the future, Sentinel-2C 

(3rd flight unit of the Copernicus Sentinel-2 mission) will be sched-
uled for 2023, and the Landsat Next mission (a constellation of three 
superspectral satellites in continuation of the Landsat series), is planned 
to launch by late 2030 and will provide enhancements to Landsat by 
providing more frequent observations, higher resolution images, and 
more than twice the spectral bands as its predecessors. It is also worth 
noting that commercial satellite programs with a high spatial (3 m) and 
temporal (daily) resolution, such as the PlanetScope satellite constella-
tion, have been successfully used to monitor phenology at species and 
community scales (Cheng et al., 2020; Wang et al., 2023; Zhao et al., 
2022), even in tropical forests (Wang et al., 2023). The PlanetScope data 
can achieve fine characterization of phenology with high spatial and 
temporal resolution from the individual–population–community–land-
scape scale, which was considered to bridge the scale gap between field 
measurements and satellite data observations from Landsat/Sentinel-2. 
The combination of Landsat/Sentinel and PlanetScope, therefore, is 
expected to solve the issue of scaling effects involved in land surface 
phenology related to climate change and anthropogenic impacts. These 
efforts will help simplify our phenology algorithms and enable a more 
robust algorithm on a global scale. 

5. Conclusions 

The generation of 30 m land surface phenology (LSP) for China is 
challenging due to the complex landscapes and diverse cropping sys-
tems. This study proposed a new robust and unified LSP algorithm by 
integrating all the available Landsat-7/8 and Sentinel-2 data on the 
Google Earth Engine. The core of our algorithm is to use the EVI2, LSWI, 
and their relationship to robustly identify individual valid vegetation 
cycles before a unified LSP retrieval. Our algorithm is suitable for most 
vegetation types, such as forests, shrublands, grasslands, crops, etc. The 
algorithm solves the problem of phenology extraction of overwintering 
crops such as winter wheat and multi-seasonal crops such as double- 
cropping rice with higher accuracy. Our LSP product (LSP30CHN) 
achieved satisfactory accuracy based on multi-source in-situ phenolog-
ical observations. Moreover, the LSP30CHN product illustrates more 
detailed spatial and temporal information than the MCD12Q2 product. 
This study provides an advanced GEE platform-based LSP study case 
under different scenarios at landscape levels and provides technical 
support and application demonstration for field-level research such as 
crop management and land change monitoring. It is necessary to carry 
out more validation and algorithm improvement on a larger scale and 
more vegetation subtypes. Probably the biggest obstacle currently pre-
venting the expansion of the algorithm to the global level is the lack of 
valid satellite observations, which makes it the existing gap-filling 
methods difficult to accurately reconstruct the original seasonal trajec-
tory. Leveraging more remote sensing data with high spatial and tem-
poral resolution (e.g., Landsat-9, Sentinel-1, and PlanetScope, etc.), our 
algorithm and product are expected to be applied to landscape-scale 
processes related to land cover, land use, and ecosystem function and 
change and to be extended from national/10-day level to larger 
spatiotemporal scales (continental and global scales) and at shorter 
temporal intervals (daily and 3–5 days). 
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